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Abstract

Linear programming methods and non-linear, evolution-
ary algorithm-based optimization techniques have been
shown to be effective in managing large-scale air traf-
fic flow problems. However, many of these algorithms
assume perfect knowledge therefore the robustness of
these algorithms in the presence of uncertainties is ques-
tionable. Since real-world application of these methods
require them to be effective under uncertainty (i.e. pro-
duce few unexpected capacity violations), it is critical
that they are tested in such conditions. In this paper
we test the effectiveness in the presence of uncertainty
of a binary programming approach and a novel, fast-
learning evolutionary algorithm. Specifically we change
the assumed takeoff times on which these algorithms
are trained, and test the resulting solutions when takeoff
delays that are consistent with historical data are incor-
porated. Experimental results show that without uncer-
tainty, both sets of algorithms are able to quickly pro-
duce solutions with few to no violations. In the pres-
ence of uncertainty, the performance of the algorithms
degrade with respect to the amount of delay added, but
are still very good. Even when uncertainty is extremely
high, the expected delay is never increased more than
30%.

1 Introduction

Traffic Management is defined by the FAA as “the craft
of managing the flow of air traffic in the [National
Airspace System] based on capacity and demand.”[1]
To pose this statement as a question: Given a set of ca-
pacities for various resources (e.g., en route sectors or
airports) in the National Airspace System, which flights
should be held where and for how long in order to satisfy

all demand-capacity imbalances? The solution space for
this problem is massive when one considers the number
of flights (thousands in the air, thousands more sched-
uled to depart in the coming hours) and the number of
shared resources (sectors, airports, merge points, fixes,
etc.) within the NAS. The methods presented here and
throughout the traffic flow management literature de-
part from these traditional ways of controlling flows
of traffic including Ground Delay Programs, Airspace
Flow Programs, or Miles-in-Trail Restrictions. Specif-
ically, this paper uses the binary integer programming
approach originally presented by Bertsimas and Stock-
Patterson [2] to determine an optimal solution to the
above question. In addition, we build upon the work of
Rios and Lohn [3] in the use of evolutionary approaches
to solving the same problem. The most current and com-
plete overview of TFM in practice and in research is pro-
vided by Sridhar, Grabbe, and Mukherjee [4].

There are several studies in the literature examining
traffic management under uncertainty with this subdo-
main being called “Probabilistic Traffic Flow Manage-
ment” in the literature. The work is divided into uncer-
tainty in capacity estimation [5, 6, 7], demand estima-
tion [8, 9, 10, 11], or simultaneous demand and capac-
ity uncertainty [12, 13]. The work presented here fo-
cuses on airport departure uncertainty as quantified by
Mueller and Chatterji [14] and its intersection with the
optimization approaches described above. The merg-
ing of optimization approaches with demand uncertainty
measurements. Much of the work involving stochas-
tic optimization of Traffic Flow Management focuses
on capacity uncertainty (see, for example, Nilim and
El Ghaoui [15] or [16]) rather than the uncertainties in-
volved with flight trajectories and departure times. The
approach presented here looks at how the performance
of a solution found with deterministic demand inputs de-
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grades as departure uncertainty increases.
The remainder of this paper is organized as follows.

The next section describes the binary integer program-
ming approach to solving demand-capacity imbalances.
Then in Section 3 a new evolutionary algorithm ap-
proach to solving the same problem is presented. Fol-
lowing that, Section 4 describes the departure uncer-
tainty model. Experiments and results are presented in
Section 5 followed by conclusions in Section 6.

2 Optimization Approach to Traffic
Flow Management

In this paper, a binary integer programming (BIP)
model [2] is used to perform scheduling that minimizes
delay costs. The model as presented by Bertsimas and
Stock-Patterson is given here, but for a more detailed
description of the model, the reader is directed to their
original paper.

The decision variables, wjf,t, are valued 1 if and only
if a flight f has entered sector j by time t and 0 oth-
erwise. The set of variables for a given flight-sector
pair can be seen as a step function from 0 to 1 with
the change occurring at the first time the flight enters
the sector which is enforced by Constraints 8. The ob-
jective function (1-3) is an expression for describing the
sum of weighted air and ground holding costs (caf and
cgf , respectively) over all flights.Typically the problem
is modeled with cgf < caf as the preference is to hold
flights on the ground rather than in the air. Qualitatively,
the objective function simply says to minimize the sum
of air and ground delay over all flights where air delay
is more costly.

For each flight, the model is able to decide if the flight
needs to be held anywhere (and for how long) in order
to satisfy the airport departure, airport arrival, and sector
capacity constraints (constraints (4), (5), and (6), repsec-
tively). Airports are denoted by k and sectors by j. Each
of the capacities is a function of time, t. Each flight in
the set of flights,F , is described as an ordered list of dis-
tinct sectors, j, from a set of sectors, J , with earliest and
latest feasible entry times for each of those sectors. For
modeling purposes, airports are considered a subset of
sectors with associated arrival and departure capacities.
A sector in a flight path is denoted by P (f, y), where f
is the flight and y is the ordinal representing its place in

the flight path. For ease of notation, P (f, last) is used to
represent the last sector (usually an airport) in f ’s path.

Min
∑
f

[
(cgf − c

a
f )

∑
t,k=P (f,1)

t(wkf,t − wkf,t−1)

(1)

+ caf
∑

t,k=P (f,last)

t(wkf,t − wkf,t−1) (2)

+ (caf − c
g
f )df − c

a
frf

]
(3)

Subject to: ∑
f :P (f,1)=k

(wkf,t − wkf,t−1) ≤ Dk(t), (4)

∀ k ∈ Airports, t ∈ Time∑
f :P (f,last)=k

(wkf,t − wkf,t−1) ≤ Ak(t), (5)

∀ k ∈ Airports, t ∈ Time∑
f :P (f,i)=j,
P (f,i+1)=j′

(wjf,t − w
j′

f,t) ≤ Sj(t), (6)

∀ j ∈ Sectors, t ∈ Time

wj
′

f,t+µ(f,j) − w
j
f,t ≤ 0 (7)

∀ f ∈ F , j = P (f, i), j′ = P (f, i+ 1)

wjf,t − w
j
f,t−1 ≥ 0 (8)

∀ f ∈ F , j ∈ (f ’s flight path)

wjf,t ∈ {0, 1} (9)

∀ f ∈ F , j ∈ (f ’s flight path), t ∈ Time

The problem is also constrained by the physical and
temporal limitations of the flights. Specifically, each
flight spends, at least, the specified minimum sector
time, µ(f, j), in each of its sectors, j as described by
constraints (7). Coupled with the set of constraints en-
forcing the logic of the variables, i.e. all 0’s before all 1’s
as discussed above (constraints (8)), physical and tem-
poral logic is satisfied.

3 Evolutionary Algorithm Approach

Evolutionary algorithms [17] are inspired by nature,
where organisms of low fitness do not survive and or-
ganisms with high fitness thrive and reproduce. Over
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Figure 1: Simple Evolutionary Algorithm. A popula-
tion of delay schedules is evaluated based on lateness
and constraint violation penalties. Afterward the worst
performing member of the population is eliminated, and
replaced with a mutated version of the best member of
the population.

time the expectation is to have a population with an in-
creasing number of high-fitness organisms. In this pa-
per, instead of evolving organisms, we evolve a pop-
ulation of delay vectors, which we call chromosomes.
We then assign a fitness to each chromosome with a fit-
ness evaluation function. There are many possible fit-
ness evaluation functions, but in general we are inter-
ested in ones that penalize chromosomes representing
delay schedules that lead to high overall delay and vi-
olate constraints. Using an evolutionary algorithm we
can then eliminate chromosomes with low fitness evalu-
ations and replicate chromosomes with high fitness eval-
uations (see Figure 1). In principle with enough time,
the evolutionary algorithm will produce a population of
chromosomes that will have high fitness, therefore each
chromosome will represent a delay schedule that has
low overall delay and violates few constraints. If not
violating constraints is critical, we can set the fitness
penalties for constraint violations to very high levels.

Evolutionary Algorithm:

Assign Delays

(initial schedule)

Greedy

Schedule

(enforce

constraints)

Evaluate

Solution

Figure 2: Evaluation using greedy scheduler.

Full Chromosome Evolution with Greedy
Scheduler

While in principle an evolutionary algorithm could pro-
duce a solutions that met all the constraints, in practice
it would take a very long time as most solutions would

violate the constraints. As an alternative we take the so-
lution provided by the algorithm and then use a greedy
scheduler to maintain the constraints [3]. The greedy
scheduler simply takes each aircraft in order of depar-
ture time and delays it the minimal amount to avoid
overloading any constraints. With this system, later
flights are more likely to be delayed than earlier flights
since there is less capacity available by the time the
later flights get their “turn.” We then evaluate a chro-
mosome based on the final schedule produced by the
greedy scheduler (seeded with the chromosome’s solu-
tion). Therefore, an initial schedule represented by chro-
mosome, x, is evolved using the evaluation function:

G(x) =
∑
i

S(xi) , (10)

where, S(xi) is the delay assigned by the greedy sched-
uler for aircraft i, given the initial delay of xi.This pro-
cess is shown in Figure 2. While the output of the greedy
scheduler does not violate constraints, the greedy sched-
uler will add delay. The task of our evolutionary algo-
rithm is to choose initial delay schedules, such as to min-
imize the delay of the schedule produced by the greedy
scheduler.

Even though with the use of the greedy scheduler,
the task of the evolutionary algorithm is simpler, it can
still suffer from scaling issues. In the application used
in this paper, the scheduler has to schedule more than
5,000 aircraft at one time. This results in a chromosome
with more than 5,000 elements. Since mutations are per-
formed randomly across the chromosome, a mutation
will likely add delays to some aircraft that are helpful
to the system, but at the same time will add delays to
other aircraft that are unhelpful. In fact, since the vast
majority of aircraft do not have to be delayed at all, most
delay assignments will be harmful. Given the size of the
chromosome, it will take many rounds of evolution, be-
fore a new chromosome is produced that is significantly
better than existing ones.

Component Evolution

We propose to address the issue of problem size by hav-
ing a separate population of delays for each aircraft (see
Figure 3). Each member of each population contains a
chromosome of length 1, that specifies the delay only
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Figure 3: Multi-Population Evolutionary Algorithm.
Each aircraft has its own population of delays. Each de-
lay is selected independently and aggregated to form a
delay schedule. Based on the performance of this sched-
ule the delays are then evaluated independently and each
population is updated independently.

for a single aircraft. Each population has its own evo-
lutionary algorithm that selects members independently
from the other populations, and evaluates each member
of its population separately. The main issue that now
has to be resolved is how do we evaluate each individual
delay, when the values of these delays only have mean-
ing within the context of the entire delay schedule? The
simplest way to handle this issue is to simply evaluate
each individual delay using the evaluation function for
the entire delay schedule. However, this approach has
similar scalability issues that the simple evolutionary al-
gorithm has. Suppose a delay choice for one aircraft out
of 5,000 happens to be good, if it receives an evalua-
tion that is a function of all 5,000 delays, it is likely that
many of the other delay choices will be poor, and this
good choice will not get proper credit. While on average
good choices should get slightly higher evaluation than
bad choices, it will take a very long time to converge.

Instead of evaluating each delay using the system
evaluation, we propose to evaluate them using the dif-
ference evaluation:

Di(x) = G(x)−G(x− xi) , (11)

where x−xi is the delay schedule for all the aircraft with
the delay of aircraft i set to zero [18, 19]. Intuitively the
difference evaluation measures the contribution of delay
i to the system as a whole. The main advantage of this
evaluation is that the subtraction removes a lot of the un-
certainty caused by delay assignments from aircraft that
are not relevant to aircraft i. The main disadvantage of
this approach is that the counterfactual G(x−xi) has to
be computed for each aircraft. Luckily for most aircraft
there is no delay (xi = 0). Therefore, the value of Di

can be trivially computed as 0, since in this case G(x) is
equal to G(x− xi).

4 Uncertainty Model

In this paper our algorithms produce a delay vector x as-
suming an exact departure schedule z. However, in gen-
eral the exact time that aircraft will depart in the future
will not be precisely known to the algorithms. Instead
the true departure times will be related to their schedule
departure time plus some amount of uncertainty. If our
algorithms produce a delay vector x assuming a sched-
ule of z when the actual schedule is z′, this delay vec-
tor may be suboptimal and could result in producing a
schedule that has significant violations.

To test the robustness of the BIP solutions and the
evolutionary algorithm solutions to this uncertainty, we
perform a number of tests were we add uncertainty to the
departure schedule. This uncertainty model comes from
analysis of historical departure data done by Mueller and
Chatterji [14]. Using this model we add uncertainty to
each departure time, using the Mueller and Chatterji’s
normal distribution with mean 3.91minutes and a stan-
dard deviation of 16 minutes. Therefore for each flight
i, the new departure time is equal to:

z′i = zi +N(3.91, 16) . (12)

To produce the final departure schedule the times from
the uncertain departure schedule are added to the delays.

5 Experimental Results

Deterministic Performance

We test two different algorithms to evolve the chromo-
some. The goal of the algorithms is to produce the
highest performance delay schedule, e.g. the schedule
that minimizes the total delay. The first algorithm is a
simple evolutionary algorithm with no cross-over and
a population of ten chromosomes. In the second al-
gorithm each individual component evolves separately
with a simple learning algorithm that tries to maximize
a component specific evaluation function. The evalua-
tion function for component i is in the following form:
Di(x) = G(x)−G(x′i) where x′i is produced by replac-
ing the delay value for component iwith zero. This eval-
uation produces a “difference evaluation” measuring the
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Figure 4: Performance of Evolutionary Algorithms.
Component evolution performs better than full chro-
mosome evolution, though still short of optimal. Note
number of evolutionary steps is “scaled” so that at each
step, each algorithms has called the greedy scheduler the
same number of times, so at each step each algorithm
has used approximately the same amount of total com-
putation.

difference between the performance of system achieved
by its choice of delay and the performance achieved by
choosing a delay of zero. This can be seen as measuring
the contribution to system performance for that compo-
nent [19].

We perform experiments showing the performance of
component based evolution and traditional evolution. In
all experiments, an initial set of flight plans for 5,910
aircraft is used, covering a 60 minute time period. Both
evolutionary methods produce a set of initial delays that
are then processed by the same greedy scheduler to pro-
duce a final solution. Note that even though the initial
solution only presents ground delays, the greedy sched-
uler may add air delay for aircraft already in the air. Fi-
nal solutions are then evaluated based on the amount
of delay generated where air delay is penalized twice
ground delay. To keep higher values better, the evalua-
tion function is the negative of the total delay penalty. In
the experiments, approximately 70,000 total evaluations
were performed to create the final solution (representing
70,000 runs of the greedy scheduler). The vast majority
of computation is spent in these evaluations.

The results show that evolving the full chromosome
at once produces poor results (see Figure 4). This is not

surprising, because the search space is so large. Since
relatively little delay is needed to meet the constraints,
most solutions produce vastly too much delay. In fact
a solution is not even found that is better than a chro-
mosome composed of zeros, which ultimately creates
a final delay penalty of 722 once it is run through the
greedy scheduler (we also tested the case when a mem-
ber of the initial population set to zero, but no solution
better than the zero vector was ever produced). In con-
trast, component evolution performs well. Component
evolution evolves quickly and produced a final solution
within 20% of optimal. This algorithm is able to per-
form better, since each component is able to optimize its
own best delay using an evaluation function that high-
lights its contribution to the system evaluation. By the
end of evolution, most components find that their best
solution is to have zero delay, while the rest are able to
optimize their delay choices.

Robustness to Uncertainty

While both the BIP approach and evolutionary algo-
rithm perform well when the departure times are exactly
known, we would like to know how well their solutions
work when the departure times are slightly different than
the algorithms expected them to be. To analyze this we
run a series of experiments where we add uncertainty
(using the model discussed in Section 4) to the depar-
ture schedule. In these tests, we look at the difference in
the performance of the BIP solution and the evolution-
ary algorithm solution when they are used in a deter-
ministic environment compared to when they are used
in an uncertain environment. In all experiments thirty
trials are run with different random number seeds use
for adding uncertainty. The results are all an average of
these thirty trials, with the error bars in figures repre-
senting one standard deviation from the mean.

In our first test we ran the BIP solution and the evolu-
tionary algorithm solution, on uncertainty coming from
the distribution:

z′i = zi + aN(3.91, 16) , (13)

where a controls the scaling. At 100%, a equals 1 and
the uncertainty distribution is equal to the uncertainty
coming from historical data (see Equation 12). While
the solutions provided by the algorithms produce zero
capacity violations when demand is deterministic, these
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Figure 5: Performance Sensitivity of BIP and Evolution-
ary Algorithm to Uncertainty. Unlabeled graphs repre-
sent alternative runs of evolutionary algorithm with dif-
ferent random number seeds.

solutions may produce results that lead to capacity vio-
lations when used with uncertain departure times, since
these departure times are slightly different than what the
algorithms produced their solutions for. In our first set of
tests we eliminate all of the capacity violations by run-
ning the solution through the greedy schedular. While
the greedy scheduler removes all the violations, it also
adds delay to the system. Figure 5 shows the additional
delay added to the system as a result of the greedy sched-
uler removing violations caused by the uncertainty. The
results show that both the BIP approach and the evolu-
tionary algorithm handle uncertainty remarkably well.
Given the implemented uncertainty model, the amount
of delay added is 30% in the worst case. However,
with uncertainty values consistent with historical data
the amount of additional delay falls to 18%. In fact, sur-
prisingly the amount of delay actually goes down when
the uncertainty level become extremely high. This can
be attributed to the high level of uncertainty smoothing
the system, as more uniformly random departure times
produce less conflicts than true departure times since
natural peaks in the departure schedule are removed.
This result shows that we can have confidence in all
of the solutions, even if the actual departure times for
aircraft are not exactly what we expect. A similar phe-
nomenon has been noted by Gilbo and Smith [9] in their
study of uncertainty affecting sector violations.

We also test the performance of our algorithms where
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Figure 6: Departure Violations Caused by Uncertainty
for the BIP and Evolutionary Algorithm.

the greedy scheduler is not used to remove the capacity
violation. This models the situation where global sched-
ules are less flexible and, therefore, less likely to be al-
tered once implemented. In this case, since no new delay
is added to the system, we are concerned with how many
violations the delay schedules lead to in the presence of
uncertainty. The results show that there are very few
violations, even in the presence of large amounts of un-
certainty. In Figure 6, we see that the maximum number
of departure rate violations for the entire nation is about
20 and falls to 15 under uncertain conditions consistent
with historical data. Figures 7, and 8 show that the num-
ber of sector capacity violations and the number of ar-
rival rate violations is even lower. These low violation
numbers in these last two results can be attributed to sec-
tor capacity and arrival rate being a binding constraint
less often than departure rate. Note that the experiment
measuring arrival rate violations is the only one where
the robustness of the BIP solution differs from the evolu-
tionary algorithm solutions. This robustness difference
here could be attributed to the BIP solution optimizing
air delays in addition to ground delays, creating a more
complex schedule that is less robust. However, in all
cases the number of violations is small.

Evolutionary Solution Stability

In addition to randomness intrinsic to the problem do-
main, evolutionary solutions have their own source of
uncertainty in how the solutions themselves are pro-
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duced. Since evolutionary algorithms are a form of ran-
dom algorithm, each time the algorithm is run, a differ-
ent solution can be formed. In this section, we test the
stability of the evolutionary algorithms with respect to
different solutions that are generated. We do this by test-
ing five different evolutionary algorithm solutions pro-
duced using different random number seeds. Our goal
is to see how well different solutions may handle uncer-
tainty, so that we will have confidence that a particular
solution produced by an evolutionary algorithm will be-
have as expected. The results in Figure 9 show that the
evolutionary algorithms do indeed provide consistent re-
sults independent of the the particular solution instance.
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Figure 9: Performance Sensitivity of BIP and Evolu-
tionary Algorithm to Uncertainty. Experiments are per-
formed with alternative runs of evolutionary algorithm
with different random number seeds. Error bars for the
evolutionary performance represent standard deviation
in performance between the evolution solutions with dif-
ferent number seeds. The different evolutionary solu-
tions show similar performance.

All five solutions have about the same performance, for
all levels of uncertainty present in the system. This re-
sult gives us confidence that the evolutionary algorithm
can reliable produce a good solution.

6 Conclusions

The result of varying the departure times of aircraft after
determining an optimal schedule for those departures is
an increase in the number of departure, arrival, and sec-
tor violations in the National Airspace System, which
is not a surprising result. However, by quantifying the
number of violations, it is surprising to see the num-
ber of violations decrease as the amount of uncertainty
added to the departure times increases. This is a similar
effect noticed by Gilbo and Smith [9] as they studied the
effect of uncertain sector entry times. Their analysis im-
plied that as entry time uncertainty increases, the effect
of an additional unexpected arrival of a flight in a sector
is more likely offset by the unexpected lack of arrival by
some other flight. While this analysis is not performed
here, it seems a reasonable hypothesis worthy of further
investigation.
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The results presented here also show while uncer-
tainty does impair the solutions discovered using deter-
ministic bounds on capacities, the violations resulting
from uncertain departure times may be within reason-
able operational bounds. Further analysis would be nec-
essary to confirm if this is true. Overall, the use of de-
terministic bounds within a traditional optimization ap-
proach or an evolutionary approach can produce solu-
tions that perform well in the presence of operationally
observed departure uncertainty. Incorporation of other
uncertainties (airport capacities, sector capacities, etc.)
would be an important inclusion to future studies along
these lines.
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