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Abstract— Weather is a significant source of disruption and
uncertainty for air traffic. This unpredictability can present
significant challenges to traffic managers when managing
airport and airspace resources. The lack of data-driven decision
support tools to advise stakeholders on how to best deal with
weather impacts also represents a critical shortfall in enabling
improved decision-making within air traffic management. In
this paper, we present an epsilon-greedy approach that
incorporates risk-adjusted objectives into recommendations of
Traffic Management Initiative (TMI) parameters during
uncertain weather conditions. The method attempts to achieve
the best performance within the context of some of the worst-
case weather outcomes. The method is compared to a standard
epsilon greedy approach that attempts to maximize the expected
value of an objective. The two approaches are evaluated using a
parallel fast-time simulation framework over various weather
scenarios. A set of TMIs at airports and airspace resources is
applied and tested against seven case days in which the airspace
capacity in the Northeast United States was affected by
convective weather. The risk-adjusted method is generally able
to achieve a higher number of operations with lower amounts of
airborne holding in adverse weather conditions. The results
suggest that the approach could potentially aid more risk-averse
air traffic stakeholders by supporting their operational
planning.

Keywords-Reinforcement learning, risk, epsilon greedy, weather,
Simulation, airspace capacity

. INTRODUCTION

Weather poses a considerable source of both disruption
for Air Navigation Service Providers (ANSPs) and airlines
when planning air traffic management operations. As the
weather can limit the capacity of the airport and airspace
resources, its presence may induce mismatches between the
flight demand for specific resources and the available
capacity. In these situations, ANSPs will preemptively assign
delays to flights. These delays are known as Traffic
Management Initiatives (TMIs) such as Ground Delay
Programs (GDPs), Airspace Flow Programs (AFPs), Ground

Stops (GSs) and Collaborative Trajectory Options Programs
(CTOPs) pushing the excess traffic demand back to later
times during the day with the goal of balancing the air traffic
operations with the available resource capacity.

This problem of weather-related disruptions is
compounded by the lack of predictability associated with the
information available. Weather forecasts can often be quite
uncertain, especially over long time-horizons. This
uncertainty manifests in a number of different ways. The
uncertainty associated with the weather forecasts issued may
imply significant variation in the possible temporal and
spatial locations of the affecting weather patterns as well as
the intensity of the weather patterns when they arrive at
airspace and airport resources. Even when the uncertainty of
these forecasts is low, the forecasts themselves do not directly
describe the impact that the weather will have on the
resources that need to be managed. This information must be
obtained by other models that translate the weather into an
estimate of the capacity of the affected resource. As this
process is imprecise, the estimation of weather impacts adds
an additional dimension of uncertainty to the problem. When
facing this uncertainty, stakeholders must make decisions on
how to adjust flight schedules and air traffic flow without a
clear indication of how these decisions will impact their
operational and business objectives.

The scope of the weather impact can be substantial at
times affecting many different resources. In these situations,
air traffic managers often apply TMIs to attempt to manage
demand in a coordinated fashion across multiple resources.
These TMIs can often have considerable complexity.
Decision-makers need to determine what resources to
control, when to control them, the duration of the proposed
intervention and the levels of adjustment at each hour over
the period of intervention. As the range of options available
for each of these decisions is often substantial, traffic
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managers are faced with a problem of considerable
complexity.

In the United States, traffic managers have a limited
number of decision support tools available to them to aid
them in developing a strategy. The Traffic Flow Management
System (TFMS) provides the users with an estimate of the
demand at each airport and the capability to visualize forecast
traffic, while the Network Manager serves a similar function
in Europe [1]. Weather forecasts such the Corridor Integrated
Weather System [2] are also available to visualize the
trajectory of the anticipated convective weather. These tools
can be combined with experiential knowledge to provide
some understanding of the effect of applying potential TMIs
at a very coarse level but do not offer any direct prediction of
TMI performance.

In the presence of weather impacts, traffic managers
generally act on this imperfect information by making an
initial decision on the TMI parameters and revising the TMI
as the day progresses. This challenge can be viewed as a
stochastic sequential staged decision-making problem, where
the decision-maker needs to adjust the flight demand given
the potential set of capacity scenario evolutions in a manner
that optimizes a stated objective function. This topic has been
studied widely using both descriptive and prescriptive
approaches to address the problem. The descriptive studies
attempt to predict the capacity of the airport and airspace
resources when weather impacts are present [3]-[7]. While
this information can enhance the level of situational
awareness for traffic managers, it does not directly advise
them on what to do with the additional information provided.
The prescriptive studies seek to determine the optimal action
to take in the context of potential capacity disruptions and
uncertainty [8]-[15]. They often employ integer
programming models to search for a solution that best
advances the stated objective. While such approaches could
be useful if they accurately depict the operational states of the
airspace systems they try to model, the approaches often
assume some theoretical distribution of the capacity that does
not map to the actual impact of weather.

Other approaches have tried to apply data-driven
descriptions of the weather forecast into models that optimize
for performance. Integer programming models that
incorporate weather-based capacity constraints have been
used to optimize decision-making for ground delay programs
[16]-[18]. Recent work has also adapted reinforcement
learning algorithms to optimize the performance of air traffic
across a set of airport and airspace resources across a
geographic region. Our own work leveraged the Traffic Flow
Impact (TFI) product that combines several forecast models
to predict the impact on the capacity of airspace resources
over time (see discussion in the next section). The
information was used to construct a set of weather scenarios
that informed various search methods with the goal of
selecting GDP and AFP parameters that optimize operational
throughput across a set of airports while limiting airborne
holding[19]-[21]. In another line of research, the Short-
Range Ensemble Forecast (SREF) has been used to

probabilistically model weather scenarios that were used to
optimize the parameters on a ground delay program with
metering using a cost function that weighted the impact of air,
ground and air traffic induced delay[22], [23].

In both of these cases the models used considered the
impact of various weather scenarios, while attempting to
optimize for the expected cost in terms of the metrics
considered. Neither of these approaches, however,
considered the problem by optimizing the recommended
decision to the level of risk-tolerance of the decision-maker.
As the weather represents an uncertain prediction into the
future, with varying levels of impact, the adoption of any
specific recommendation from a model may not manifest.
When this happens, traffic managers may be left to question
the utility of the model even though the model provided the
best recommendation given the information available at the
time it was issued. In this context, one might argue that
providing decision-makers with the relative risk associated
with adopting a particular decision may help to quell an
adverse reaction if a worst-case outcome were to occur.

In this paper, we propose a methodology for
recommending TMIs that allows the user to optimize the TMI
performance over a set of worst-case outcomes. In our case,
we define the worst-case as the TMI that yields the lowest
throughput in the affecting weather scenario. We then
compare the proposed method with one that issues
recommendations based on an expected value and assess the
relative utility of using such a risk-averse objective relative to
expected value. Both methods use variants of an epsilon
greedy (e-greedy) algorithm and a parallel fast-time
simulation to search for TMI parameters and seek to optimize
performance over a set of weather forecast scenarios derived
from the TFI weather impact model. In Section I1, we describe
our modeling framework and our methodology for
incorporating risk levels into TMI recommendation. Section
111, describes the computational experiments used to test the
approach. We evaluate our method against a set of case days
in the Northeastern United States when traffic was
compromised by convective weather and discuss utility of our
method to operational decision-making to support various
levels of risk-aversion.

II.  METHODOLOGY

In this section we describe our methodology for
incorporating aspects of risk into the recommendation of
Traffic Management Initiatives. We begin by describing our
approach for translating the weather forecast into a prediction
of the weather impact of airspace capacity. We discuss two
ways to use this forecast information to develop TMIs that
directly address the uncertainty in the forecast. We also
present our modeling framework that we use to evaluate the
two approaches.

A. Traffic Flow Impact

The inability to reliably provide users with greater
situational awareness during convective weather events has
historically served as a significant barrier to the advancement
for strategic decision-making in air traffic management.
Earlier work to predict convective weather impact focused on



the propensity of flights to avoid specific storm cells [24],
[25]. This information has been used to reroute traffic around
convective weather [26], [27] and assess sector capacity [28],
[29]. While such information can be useful in making tactical
decisions, at the strategic level it is somewhat unreliable due
to the lack of predictability in the movement of convective
weather over long time horizons. The Traffic Flow Impact
(TFI) tool was developed to address this shortfall by
translating the weather to an impact level over larger regions
of airspace. TFI produces predictions of the percentage of
weather-free airspace known as permeability as forecast
quantiles that are issued every hour. The permeability forecast
is applicable to en route flights at an altitude of 35,000 ft over
25 geographic regions across the eastern United States. These
regions, known as flow constrained areas (FCAS) are located
at chokepoints where the weather can greatly affect the
throughput of traffic within the National Airspace System
(NAS).

The permeability represents the degree that traffic flows in
a given airspace region will be constrained by convective
weather based on the vertically integrated liquid values and
echo top levels of the FCA regions at 35,000 ft. The TFI
forecast predicts this permeability value using a supervised
machine learning approach [30]. The feature set for the
models consists of inputs from deterministic weather models
such as the Consolidated Storm Prediction for Aviation
(CoSPA) and the High-Resolution Rapid Refresh (HRRR)
model. Other features are received from the Localized
Aviation Model Output Statistics Program (LAMP) and the
Short-range Ensemble Forecast model (SREF). The model is
trained with weather data from prior convective seasons using
two steps. In the first step the actual permeability is used to fit
the features using ridge regression. In the second step the
features are fit using quantile regression.

The TFI forecast represents a distribution of permeability
over time that can be sampled to generate the potential
evolution of the weather pattern and its impact on the FCA
airspace region. The samples are conditioned to have a
consistent time-correlation to match the behavior of the actual
permeability. Thus, the value of the sampled permeability is
dependent on the state in the previous forecast lead. By
sampling such draws at the available FCA regions, we can
characterize the impact on the permeability over the eastern
U.S. airspace.

The permeability provides an estimate of a flight’s ability
to traverse the region but does not directly inform us of how
the weather is expected to impact the airspace capacity. We
can convert the estimates of permeability to a flow rate
describing the number of flights that can cross the airspace
over an hour using a set of look-up tables that were derived
through studies on the pilot avoidance of convective weather
[31]. The avoidance was observed to depend on the
permeability of the airspace and the length of time that the
permeability level was present in the affected FCA region.
The presence of a permeability level for longer periods of time
is associated with lower flow rates for the same level of
permeability. The flow rate is also driven by other airspace
characteristics (e.g. size, traffic density) that differ between
regions.

B. Searching for TMI Parameters

The translation of weather forecasts to the impact they will
have on specific regions of airspace provides us with an
estimate of the airspace capacity. As this forecast and its
impact is uncertain, there are a number of potential evolutions
of weather that could manifest within the airspace that will be
suited to different types of traffic management strategies.
Severe weather days may require strategies that impose
heavy ground delays on flights at multiple airport and
airspace resources in order to better match demand with
capacity preemptively. On the other hand, light weather
impacts may require little intervention and can often be
managed tactically.

We would like to use the information available in the TFI
forecast of airspace capacity to design TMIs that account for
the range of potential outcomes that may affect a set of
managed resources. One way to accomplish that is to sample
from the TFI distribution and search for the TMI that will
maximize an expected value of some performance metric(s)
when averaged over all the capacity scenarios that are
selected. We can view these samples in the context of a
scenario tree where each node represents a set of feasible
capacities during some hour at a set of airspace resources
across the NAS. Letting Wi; be the forecast from scenarios i
in hour j we can envision a scenario constructed by sampling
from a set of correlated draws at FCA resources as a single
branch along the tree. An illustration of the concept is shown
in Figure 1. We can incorporate these samples into our model
that characterizes that state of the NAS over time. By running
instantiations of the model, we can gain a sense of how the
NAS will perform given a weather forecast and the assumed
demand.
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Figure 1. A set of sampled capacities on a scenario tree where C;
represents the capacity for the resource.

If we had the ability to sample from all of the scenario tree
branches, we could compute the value of each state so that
we can maximize the expected value. Due to the
computational complexity of the problem of managing a
large set of resources in the presence of uncertianty, is it only
possible to consider a small number of potential scenarios.
While we can determine the optimal action given what we
know about the state of the world, we do so at the cost of not
learning about the value of the unsampled states and actions.
The tradoff between sampling the unknown states and
sampling states that will likely perform well given current
knowledge, is known as the exploration-exploitation
problem.



e-greedy policies:

There are a number of algorithms that have been proposed
to deal with the exploration-exploitation problem. One of the
more widely used approaches is to adopt an e-greedy policy.
The approach attempts to strike a balance between
exploration and exploitation by favoring each aspect at
different points in the process. The algorithm begins by
sampling from a random distribution. When the value of the
sample is greater than some predefined level ¢, the policy
selects a random action, when the sample is less than e, the
algorithm chooses the optimal decision based on an estimate
of the value of each choice that was fit with information
collected prior to the decision. Initially the threshold value is
usually set to a high level to force the algorithm to favor
random selection. When the actions are largely random, the
algorithm can learn more about the value of being in various
states. As the algorithm continues, the value of the threshold
is lower, making the chance of selecting exploitative action
higher. This change is often advantageous as the value of new
information tends to drop as the more iterations are
completed. An adaptation of the algorithm for TMI decision-
making problem is shown in Table | with the ¢ threshold
occurring in step 5. When new information is collected, we
need to fit the value of the information using some model. In
our implementation, we train non-parametric supervised
learning method known as Gradient Boosting Regression by
fitting the TMI parameters to operational metrics of interest
(e.g. number of operations, number of flights experiencing
excessive airborne holding, hours of ground delay).

The variable definitions used in Table | are provided as
follows:
Q=The set of all scenarios

St"=The system state at time t in scenario m during trial n
W;=The airspace capacity described in forecast in period t

J =The set of all simulation instances

"= The scenario forecast m

X;®"= The policy function X~* that maps air traffic states to
TMIs for instance j of the air traffic simulation

X"M= The TMI decision made in scenario m for instance j on
trial n

C(S™™, x;™™) = The cost of the decision made

ﬁ]-"'m = The value of the decision in scenario m for instance j
on trial n
TABLE I. AN -GREEDY APPROACH FOR ASSIGNING TMIs

Step 0. Initialization
Step Oa. Initialize V°,j € J.
Step Ob. Initialize St,j €.
Step Oc. Choose an initial policy X™°.
Step 0d. Setn = 1.
Step 1. Repeatform =1,2,...,M.
Step 1a. Choose a sample path w™.
Step 2. Do forj =0, 1, ...,].
Step 2a. Find x*™ = X™"71(§*™).
Step 2b. Update the state variable by simulating
the air traffic

S = SM(SML XM W (™).
Step 2c. Set 9;"™ =0
ﬁ}”” = C(Sj”'m, xj”'m)
Step 3. Compute the average value from starting in state
S
vt = %Z,"flzlﬁ}"m.
Step 4. Update the value function approximation by using
the average values by fitting an estimate.
V< v, 5]?"", ).
Step 5. With probability €, choose J decisions x™ at
random from X. With probability 1 — ¢, choose |
decisions x™ using the following procedure. Let j =0
Step 5a. For j find
X;"(S) = argxexmax(C(Sj",x) + v (SM'a(Sjn, x)))
Step 5b. Remove x such at x € X and let x €D,
where D is the set of TMI decisions to be taken.
Step 5¢. Update the value of e=a/(a+n+1),
where a is the learning rate.
Step 5d. Increment j. If j < J go to step 6,
if not go to step 5a.
Step 6. Increment n. If n < N go to step 1.
Step 7. Return the value functions I7j”.

Sample-ranked constrained e-greedy policies:

Another approach is to assume the capacity of the airspace
resources are assigned to quantiles of the distribution. This
approach is commonly adopted in chance-constrained
programming. In this framework, FCA regions would be
assigned a certain quantile based on the risk tolerance of the
decision-maker. Once the capacities are defined, they will
stay fixed and the TMI parameters can be adjusted to
optimize the desired objective. The solution would then
describe the best possible performance assuming the airspace
capacity did not exceed the assumed constraints. One
drawback to this approach is that it is difficult to construct
scenarios that limit the capacity bounds of 25 airspace
resources without over-constraining certain resources to
levels that represent a realistic outcome.

A potentially less stringent alternative to the chance-
constrained approach is to draw from the distribution and
grade the performance of each scenario based on some
performance metric. The goal is then to achieve the best
possible performance when averaging over the subset of
worst-case scenarios that were selected. In this approach, we
evaluate the performance of the TMIs under each scenario
and rank the scenarios from best to worst based on a given
performance metric (e.g. number of operations, delay cost).
Once the scenarios are ranked, we establish a threshold S that
equates to an assigned percentile. We then eliminate the
scenarios that demonstrated better performance than the one
in the chosen quantile and average over the remaining
scenarios. We will refer to this method as the Ranked-sample
constrained g-greedy approach. A description of the method
is shown in Table II.




TABLE Il A RANKED-SAMPLE CONSTRAINTED &-GREEDY
APPROACH FOR ASSIGNING TMIS

Step 0. Execute Steps 0, 1 and 2 in Table I.

Step 1. Order samples of 9;*™ for all sample paths m.

Step la. Let V(B) be the value of the sample
realization in the B-percentile.
Step 1b. If 9™ < V(B) then m € Q where Qis the
set of scenarios achieving performance below
quantile g.
Step 2. Compute the average value from starting in state
St 1
ljjn = EZmEQ vjn‘m'
Step 3. Update the value function approximation by using
the average values by fitting an estimate.
Ve UYL SE O,
Step 4. With probability €, choose J decisions x™ at
random from X. With probability 1 — ¢, choose J
decisions x™ using the following procedure. Let j =0
Step 4a. For j find
X;™™(S) = argyexmax(C(S/,x )+ V" (SM'a(S-”,x)))
Step 4b. Remove x such at x ¢ X and let x €D,
where D is the set of TMI decisions to be taken.
Step 4c. Update the value of e=a/(a+n+1),
where a is the learning rate.
Step 4d. Increment j. If j < ] go to step 5,
if not go to step 4a.
Step 5. Increment n. If n < N go to step O.
Step 6. Return the value functions 17]"

Sample Generation:

In both variants of the e-greedy algorithm we need to
generate a sample path from the TFI distribution. We also
need to estimate the value of various TMI decisions. We
consider two types of TMI decisions: GDPs and AFPs. GDPs
assign ground delays to flights that are scheduled to fly to
specified airports, while AFPs assign ground delay to flights
that plan to fly through various airspace regions. Each of
these programs can be defined by a start time and end time
and a rate. In order to estimate a TMI value, we need to
generate a set of candidate TMIs. We begin with a baseline
vector describing the characteristics of the TMI program. The
baseline vector element includes the hourly controlled rates
at the set of resources under consideration, in this case a set
of airports and/or flow constrained areas in an AFP. Another
vector element is the size of the exemption radii for GDPs.
When an exemption radius is applied to a GDP, all flights at
origins that are more than the specified distance away from
the GDP airport exempted from the program, while flights at
origin airports inside of the radius receive controlled ground
delays. The TMI baseline vector sets the size of the
exemption radius to one of four distances for each GDP.
Another element included in the baseline vector is the start
time of the GDP or AFP for each managed resource. The end
time of the program is defined by adding the number of
elements that define the rate of the start time divided by 24

and taking the remainder. Once all the elements of a program
have been included in the baseline vector, the vector elements
continue to define the parameters for the other managed
resources until all the TMI parameters have been listed. The
TMI sample generation process is depicted in Figure 2.
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Figure 2. An illustration of a sample perturbation of the TMI baseline
vector.

C. Search Strategy

A fast-time simulation framework was used to evaluate
the effects of weather impacts on airspace against various
traffic demand scenarios. The simulation can import either
the flow rate that is based on a sampled TFI forecast draw or
the actual weather. The simulation also ingests wind forecast
models such as the High-Resolution Rapid Refresh or the
Global Forecast System to account for the impact of wind on
the four-dimensional flight trajectories. Controller workload
behavior based on a set of analytical models described in [28]
and [29] are used to set the sector capacities across the NAS.
Flight demand is defined by historical flight plans from the
Traffic Flow Management System. The Base of Aircraft Data
(BADA) 3.6 model is used to derive the speed and fuel burn
profiles for each aircraft. Coded instrument flight navigation
procedures from the Federal Aviation Administration (FAA)
provide the basis for the four-dimensional trajectories used in
the simulation. The TMI responses are implemented using
Collaborative Decision Making (CDM) procedures such as
ration-by-schedule, cancellation and substitution and
compression [32] Tactical TMIs such as Approval Requests
(APREQ) that are used in the US impose ground-holding to
adjust the demand at nearby sectors were also implemented
within the simulation.

When the simulation initializes, a TMI can be applied to
the scenario by adjusting the scheduled arrival times prior to
take-off. A set of concurrent instantiations of the air traffic
simulation are run in parallel on a computing cluster to
provide broader scenario exploration. A set of TFI-correlated
FCA draws based on the forecast weather is sampled by each
simulation. After our initialization, the algorithmic approach
under evaluation generates a new set of TMI parameters to
control a set of airspace and airport resources in the scenario.
The performance of the evaluated TMI is scored using a set
of operationally-relevant metrics (e.g., number of operations,
holding events, delay) and logged in a database. As the
process iterates, the framework continues the series of air
traffic management simulations by using our algorithmic
selection method to choose different sets of TMI parameters
until we have reached our last simulation run. A diagram of
the architecture is shown in Figure 3.
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Figure 3. A simulation framework to facilitate exploration of Traffic
Management Initiative parameters.

I1l.  RESULTS AND DISCUSSION

In this section we describe our computational experiments
used to evaluate the approaches for selecting TMI parameters.
We discuss the relative performance of two methods against
forecast weather scenarios over a set of case days. We also
report the performance of the Ranked-Sample Constrained e-
greedy method relative to the TMIs that were actually
implemented using the actual weather.

A. Experimental Description

A set of computational experiments were performed using
the methodology described in Section Il. Seven case days in
the summer of 2019 were chosen as test scenarios. The
weather impacts on those days were either moderate or severe
and all days had sufficient convective blockage to motivate
the traffic managers on duty to initiate a set of TMIs at
airports and airspace resources within the Northeastern
United States. These weather impacts provide the type of
airspace capacity disruptions that our proposed methodology
was designed to mitigate. The TFI capacity data was injected
into a set of simulations configured to evaluate the traffic on
the days examined over a period lasting between 04:00GMT
to 3:59GMT the next day. Historical TFMS flight plans for
an entire day of traffic in the U.S. were ingested and
simulated along the route in the flight plans to
deterministically emulate the demand levels for the day. The
TMiIs identified with our search methods were imposed at
New York John F. Kennedy (JFK), LaGuardia (LGA),
Newark (EWR), Philadelphia (PHL), Boston Logan (BOS)
airports and FCA regions called A01 and A08. A diagram
showing the geographic locations of the airports and FCAs
used is shown in Figure 4. In many instances, the actual case
days often included other GDPs. We wanted to include them
for comparison purposes when evaluating the tested TMIs
relative to the implemented TMIs, so we also included the
GDPs that were put in place at these resources on the day
being evaluated. Since we did not intend to test the GDPs at
these airports, the parameters on the GDP, resources

remained constant and consistent with the implemented rates
in all trials.

L

Figure 4. The location of the alrports and FCA regions that were
managed by the TMI programs under test.

An instantiation of our simulation framework was run on
a high-performance computing cluster [33]. A set of TFI FCA
forecast distributions were sampled 30 times to emulate 30
potential spatial-temporal evolutions of the weather. A group
of 15 TMI parameter configurations was also selected to
evaluate the performance of 15 different TMIs with TFI
forecast samples. Each TMI was tested with 30 TFI forecast
samples. The combination of TFI forecast samples and TMI
configurations composed 450 concurrent  simulation
instances, each of which was run on an Intel Xeon-phi 7210
processor. The outcomes of each instance describe the
operational performance of a single sampled TFI forecast
when one of the 15 TMIs is implemented.

A nominal baseline TMI was constructed and perturbed
with a 1%-order Gaussian auto-regressive random process
whose parameters can be described by a mean, standard
deviation and autocorrelation. The baseline settings were
chosen to generate samples that provided moderate
restriction on the resources, while future iterations were
modified to evaluate more benign or restrictive control of
flight demand. The baseline TMI had a mean value of 80%
of the visual flight rules airport capacity for all 5 airport
resources under test, a rate of 115 flights/hour for FCAAOQ1
and 120 flights/hour in the case of FCAAO08. The distribution
that perturbed the baseline had a standard deviation of 3
flights for all GDPs and 5 flights for all AFPs since the FCA
resources generally operate at higher flow rates than the
airports under test. The exemption radii of the GDPs were
discretized to distances of 1000, 1500, 2000 and 2500 NM.
The baseline TMIs had a duration of 12 hours. During each
strategy evaluated, the simulation iterated over 40 batch runs.
Since the weather impacts for the days evaluated were later
in the day, the initial start time of the TMIs were set to 16:00
GMT. The TMI baseline could also be adjusted by cancelling
the program at any given resource prior to the scheduled end
time.

We sought to identify TMI decisions that best yield high
operational throughput. This goal can be obtained by over-
delivering the traffic to the airports and airspace resources.
However, when the amount of holding is excessive it can
affect controller workload and may also lead to significant



airborne holding. Since these effects are operationally
undesirable, we would also like our selected TMIs to limit
demand in a manner that results in a lower amount of holding.
Thus, our ideal operating point would be achieved when we
can replicate the throughput when the airspace is relatively
saturated relative to its capacity, while delivering a low
number of holding events. A depiction of the concept is
shown in Figure 5.
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Figure 5. An illustration of an operational performance objective
under evaluation.

The value of the TMI decisions for the e-greedy method
was estimated with Gradient Boosting Regression using a
least-squares loss function. The model was trained at each
exploitation step based on the performance data from the
prior TMI implementations. At each iteration, we sampled
from a uniform distribution from zero to one and compared
the result to a threshold to determine whether an exploration
or exploitation step was selected. The threshold level to
choose an exploitation step started at one and dropped with
each subsequent iteration using a learning rate of a=5. While
other rates could be evaluated, due to the large dimensionality
of the problem we did not investigate the sensitivity of this
parameter. A gradient tree boosting model was created to
predict the number of operations at the five airports
evaluated. These TMIs were filtered based on the criterion
that the TMIs implemented ranked in the bottom 25% of
flights with more than 15 minutes of airborne holding. Each
model was trained with an initial sample set of 5 random
samples. These trained models were then used to predict the
performance of an additional 100,000 samples.

In the case of the Ranked-Sample Constrained e-greedy
method, the performance of each TMI sample was sorted
over the 30 TFI samples based on the number of operations
that occurred in the simulations over the day at the five
controlled airports after the simulation executed. Forecasts
that yielded higher number of operations were ranked more
highly and mapped to higher percentiles than forecasts that
induced lower number of operations when using the same
TMI. Samples with values below a specified threshold were
removed from the sample pool for the purposes of calculating
the objective. This threshold was set to the 90™, 80" and 70t
percentile worst case outcomes with respect to operations.
These thresholds filtered the pool of simulations down to the
worst 3 samples (90" percentile) and the worst 6 samples
(80" percentile) and worst 9 samples (70" percentile). The
expected value of each of the filtered sample pools was used

to fit the value function of the Gradient-Boosting Regression
algorithm. We then sought to maximize the expected value of
the filtered samples using the same process as the g-greedy
algorithm. A summary of the various test instances is shown
in Table I11.

TABLE IIl. SIMULATION FRAMEWORK TEST PARAMETER
CONFIGURATIONS

Selection ?::rrlluﬁt/elz:i Exemption Objective Std Rate
Method Tr'ials ! Radii NM Calculation Perturbation
~ Samples with
2221';33 1(5)88 TMI performanmce 3GDP
constrained 30,15,40 2000, mégﬁ ;\:]Oéségg ' 5 AFP
e-greedy 2500 percentiles
1000
' All TFI forecast 3 GDP,
e-greedy | 30, 15, 40 2001(?03500 samples 5 AFP

B. Results and Discussion

The results of the experiments described in the previous
sub-section were aggregated to identify the best performing
TMI. For each TMI tested in our simulation framework, we
calculated our performance metrics (e.g. number of
operations, number of holding events) by taking the expected
value over the appropriate number of TFI samples. Once the
individual statistics were computed for the individual TMI
programs, the resulting performance data from each TMI was
used to identify the best performing parameter settings based
on our metrics of interest. We also calculated the expected
value that we would have obtained if we used a TMI selected
with the e-greedy method and evaluated the performance with
another TFI sample test configuration (e.g. 70" percentile).
Although this calculation was not used in the e-greedy
objective function calculation it did enable us to project how
we would have done with an e-greedy approach when
measured against more severe weather scenarios. We can see
the relative improvement in the outcome by subtracting the
performance we would have scored in a reduced set of more
pessimistic outcomes from the performance obtained using all
of the TFI samples. Figures 6 and 7 illustrate the relative
change in performance obtained using the TMI solutions
derived from the e-greedy approach in Table | when
considering each of the percentile outcomes. Negative values
indicate that there are fewer operations or holds when
evaluating the percentile scenarios against the mean, while
positive values correspond to more operations and holds. We
would like to see small negative values for the number of
operations in Figure 6 and small positive values for holding in
Figure 7 as such outcomes would suggest that the e-greedy
approach is relatively robust against the worst weather
scenarios. Thus, the large adverse magnitude of both
operations and holding indicate that the approach performs
poorly against these more extreme weather impacts. In the
seven days tested, our best mean outcome yields more than
350 operations while achieving significantly lower levels of
holding.

The plots in Figures 6 and 7 suggest that there is a
considerable gap in performance when the selected TMIs are




evaluated with more pessimistic scenarios. Given this
difference, more risk-averse parties might ask whether
anything can be done to perform better in these situations. We
attempt to address this issue by comparing the performance
of the Ranked-Sample Constrained (RSC) e¢-greedy
algorithm relative to the e-greedy approach. Figure 8 shows
the relative number of operations obtained with the RSC &-
greedy method. Figures 9 and 10 list the number of instances
when airborne holding exceeds 15 minutes (holding events)
and 45 minutes (extreme holding events) respectively. The
relative performance of the two algorithms is also listed in
Table IV. This table lists the mean number of operations and
holding events (holding greater than 15 minutes) for the best
performing TMI selected with each configuration.
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Figure 6. Number of operations obtained in each percentile scenario
set relative to the 30 sample mean scenario set when using the g-greedy
method.
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Figure 7. Number of additional holding events obtained in each
percentile scenario set relative to the 30 sample mean scenario set
when using the g-greedy method.

The data in Figure 8 suggests that the RSC e-greedy
method yields a higher number of operations than the e-
greedy method in all but one instance. In the one instance
where the performance does not exceed that of the e-greedy
approach it is only marginally lower. This suggests the
algorithm is able to successfully find better solutions from the
standpoint of operational throughput in cases where the
weather impacts are generally more limiting. The
performance improvement is better with the 90™ percentile
on most days. This may relate to the fact that the e-greedy
algorithm is valuing a metric that is less similar to the 90™"
percntile than 70™ percentile. However there are two notable
exceptions on June 19" and July 17". The increase exceeds
140 more operations on July 17, On this day the weather
impact was large, wide-spread and lasted for a long time.
Under these circumstances, the convective weather blockage
may have limited the potential for improvement in
operational throughput. On June 19" the improvement was
lower at 38 more operations. On this day the blockage in
certain areas lasted a long time. In these circumstances, it is
also more likely for different scenarios to yield worst-case
outcomes for different TMIs making it harder to establish an
optimal that performs noticably better for the higher
percentiles. The number of holding events where the holding
exceeded 15 minutes and the extreme holding events where
the holding exceeded 45 are plotted in Figures 9 and 10. We
can see from Figure 9 that in most cases the RSC g-greedy
method produces lower numbers of holding events,
suggesting that the improved throughput of the method is
generally not gained at the expense of additional operational
holding. There is no clear trend to the relative performance of
the percentile, however, this is not surprising as we are not
explicitly trying to minimize holding in our value function.
Figure 10 suggests that the method is even more successful
at limiting extreme holding. In nearly every instance the
number dropped when using the RSC e-greedy method. This
improvement may indicate that the RSC e-greedy method
could also be better at limiting diverted flights in addition to
providing higher throughput in these worst case situations.

The performance suggests that the approach could be used
to provide decision-makers with alternative choices to
potentially mitigate more extreme weather outcomes. When
applying the concept to the operational environment, the risk-
tolerance of traffic managers could be assessed through
interviews, human-in-the-loop studies, training and user-
feedback to inform the settings of a decision-support tool.
Decision-makers could then review the projections of the
potential outcomes, which may help improve expressions of
risk-tolerance within the context of the weather forecast and
the expected traffic demand. Such discussions may motivate
choices to hedge more aggressively and make decisions that
are more consistent with their actual preferences and beliefs.
In these instances the RSC e-greedy algorithm might provide
a more targeted alternative than one that seeks to address
more benign scenarios that may be of less concern to the user.



It should be noted that while the results of this study
focused on applying a set of GDPs and AFPs to address
convective weather impacts in the Northeast United States,
the methodology could be applied to a range of air traffic
management situations and control measures. The impacts
from non-convective weather (e.g., strong winds, low
ceiling/visibility) can be mitigated through a combination of
airport capacity uncertainty forecasts and reinforcement
learning. Similarly, scenarios involving demand uncertainty
could be addressed using the proposed concept. As ANSPs
adopt more trajectory-based operational concepts to manage
traffic, the technique could also be applied to address more
targeted flight pools by using a combination of ground delay
and speed control. In this framework the associated
reinforcement learning-based recommendations could issue
controlled-times-of-arrival rather than controlled-times-of-
departure and be paired with optimization models [34]-[36]
that apply speed control to realize more tactical adjustments
based on airline preferences.
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Figure 9. Number of holding events obtained when using the ranked-
selection constrained e-greedy method relative to the e-greedy method.
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Figure 10. Number of extreme holding events obtained when using the
ranked-selection constrained g-greedy method relative to the g-greedy
method.

TABLE IV. OPERATIONAL PERFORMANCE OF THE RANKED-
SELECTION CONSTRAINED e-GREEDY METHOD RELATIVE TO
THE e-GREEDY METHOD

90t Percentile

80t Percentile

70 Percentile

(Operations/ (Operations/ (Operations/
Holding Holding Holding
Day Events) Events) Events)
June 5 60.25/-5.50 22.61/15.71 -2.40/8.97
June 10 61.25/-74.25 8.43/-20.71 9.20/-4.20
June 19 9.00/6.75 1.14/-15.71 34.03/-69.47
June 20 20.00/-8.00 19.14/-47.14 14.55/-8.00

July 17 23.50/-48.60 36.62/-60.90 | 161.17/-71.67

July 19 5.75/-5.75 3.57/3.43 2.90/14.40

August 15 2.50/2.50 2.86/0.0 0.0//0.0

IV. SUMMARY AND FUTURE WORK

In this paper, we presented a Rank-Sample Constrained -
greedy method for searching for the TMI parameters that
attempts to optimize an objective under a set of impactful
convective weather scenarios. The operational performance of
the approach was evaluated against samples from a TFI
weather impact forecast distribution. The method was
compared to a prior implementation of an e-greedy approach
that was adapted to selected TMI parameters. The resulting
performance indicated that the proposed method can
outperform a traditional e-greedy approach in these situations
by facilitating higher levels of throughput relative to the -
greedy approach while often reducing the level of holding.

There are a number of areas of potential exploration that
could be pursued based on our proposed methodology. Given
the challenges of developing an algorithm that can be
practically used on a time-scale needed to support operational



decision-making, one might explore alternative ways to
improve the computational performance of the simulation
framework in order to train the algorithm more efficiently.
Alternatively, pre-training the current approach offline with
additional historical weather and traffic scenarios may also
provide another way to improve the overall performance and
efficiency of the methodology. Another area of potential
inquiry is to examine the distributions in the TFI forecast
model with the goal of developing better ways to sample and
account for weather impacts from the tails of the distribution.
Other input from stakeholders such as airlines could be
incorporated to understand and quantify their own risk-
preferences and their tolerance for and response to particularly
impactful weather scenarios. By examining the question of
how stakeholders perceive risk we can develop decision-
support technologies that more acutely map to the concerns
and potential responses of the air traffic management
community in dealing with potentially unfavorable weather
events.
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