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Summary

"Much of the delay in the US National
Airspace System (NAS) arises from convective
weather. One major objective of our research is to
take a less conservative route, where we take a risk
of higher delay to attain a better expected delay,
instead of avoiding the bad weather zone
completely. We address the single aircraft problem
using a Markov decision process model and a
stochastic dynamic programming algorithm, where
the evolution of the weather is modeled as a
stationary Markov chain. Our solution provides a
_ dynamic routing strategy for an aircraft that
minimizes the expected delay. A significant
improvement in delay is obtained by using our
methods over the traditional methods. In addition,
we propose an algorithm for dynamic routing where
the solution is robust with respect to the estimation
errors of the storm probabilities. To the Bellman
equations, which are derived in solving the dynamic
routing strategy of an aircraft, we add a further
requirements: we assume that the transition
probabilities are unknown, but bounded within a
convex set. The uncertainty described in our
approach is based on likelihood functions. This
makes the robust Dynamic Programming (DP)
"tractable" (that is, not much more complicated than
.the original DP) and yet not conservative. Qur
algorithm optimizes the performance of the system,
given there are errors in the estimation of the
- probabilities of the storms.

Overview

_ Air traffic delay due to convective weather
has grown rapidly over the last few years.
According to the FAA, flight delays have increased
by more than 58 percent since 1995, cancellations
by 68 percent. The delay distribution can be
described in the figure below:
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Figure 1: Air Traffic Delay Distribution In US
In The Month Of June, 2000 And 2001.
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It is obvious from the above graph that
weather (which is around 80% of the total delay) is
the main contributor for the delay in the US Air
Traffic Control system. The cost of delays to
airlines and passengers are billions of US dollars
per year. The air traffic flow management (TFM)
problem under deterministic environment is a well
addressed problem [2], 3], [4], [13], [14], [15]. As
the major portion of this delay is due to bad
weather, which is not deterministic in nature. As a
consequence, TFM problems cannot be addressed
in a deterministic setting.

In the National Airspace System, Traffic flow
management (TFM) decisions for release and
Federal Aviation Administration controllers and
airline dispatcher make routing of aircraft fleets 3-4
hours in advance of the actual operation. Knowledge
of the location and the intensity of the hazardous
convective weather 3-4 hours ahead is key to select
air routes. Since, weather is stochastic in nature,
there is an urgent need for automation tools, which
explicitly deals with the random dynamics of the
storms and provides solutions that reduce the
expected delay in the air traffic control system. A
dynamic routing strategy is provided in [1], where
the expected delay is minimized for an aircraft. It is
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shown in [1] that a significant improvement in delay
is be obtained by using Dynamic Programming
algorithms over the traditional methods.

However, the algorithm in [1] is based on a
very strong assumption: the storm probabilities are
exactly known and we can have the perfect point

estimates of transition probabilities. In this paper, we

will see that the optimal routing of aircraft is very
sensitive to these storm probabilities. A slight
mistake in estimating the storm transition
probabilities will change the optimal solution
significantly. So the algorithm can work well if the

exactly accurate probabilities of storms are obtained.

In the recent years, FAA, the national weather
service (NWS), and airline operations centers have
collaborated to produce the best convective forecast
available under the current forecasting state of art
[16]. These forecast, named as Collaborative
Convective Forecast Product (CCFP), are
improvements over other conventional products but
are far from perfect forecast. According to the real
time verification statistical techniques being
employed by National Oceanic and Atmospheric
Administration Forecast Systems Laboratory, the
current forecast typically verifies at 0.75 False
Alarm Rate and 0.28 probability of detection. For
any kind of strategic or tactical route planning, FAA
believes a maximum False Alarm Rate of 0.20 and a
minimum probability of detection of 0.80 is highly
desirable. For example, some of the days when the
predicted and actual weather varied significantly are
given below:
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Figure 2: CCFP Vs. Actual Weather On May 19,
2001.

Yellow polygons predict the probability of weather
occurring at forecast time 20-50%, with a predicted
coverage of 25-49%. A huge airspace was unused
due the prediction, which actually tumed out to be
completely good.
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Figure 3: Example Where Actual Weather Was
Much More Widespread Than The Forecast

The optimal solution derived in [1] is
potentially sensitive with the estimation error of the
transition probabilities and a very accurate
estimation of storm probabilities is required to
obtain a result that can be used in practice. In this
paper, we present a robust Dynamic Programming
approach, where the algorithm optimizes the
aircraft routing of the system, despite there are
errors in the estimation of the probabilities of the
storms.

Problem Set-Up

We consider a two-dimensional flight plan of
an aircraft. We are interested in finding the optimal
path of a single aircraft in the en-route portion.
There are inherent uncertainties in the En-route
portion of the flight. We address the problem asin a
decentralized fashion, as a large-scale stochastic
dynamic programming problem. Consider the
following scenario: an aircraft is flying from the
origin to the destination. There are many obstacles
that might interfere with the shortest possible route.
These obstacles can be both stochasticand -
deterministic in nature. Examples of the stochastic
** no zones" include storm zones, intersections of
the flight plan of other aircraft, strong wind zones
and the deterministic **no zones" include military
and national security airspace. Given those
constraints, the optimal route of the aircraft is the
one that provides the minimal cost (time, fuel)
while avoiding all of the obstacles.

In the optimization problem, it is easier to deal
with the deterministic **no zones", as we can assign
them an infinite cost if aircraft were to penetrate
through the zones. But crux of the weather problem
is to deal with the stochastic "*no zones’’. In the
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current practice, those stochastic zones are assumed
to be unusable, and solution proceeds as if they are
deterministic constraints. As those zones were just
predicted to be of unusable with a certain
probability, it often turns out that the zones were
perfectly usable. The rerouting strategies do not use
these resources and as a result, the airspace
resources are under-utilized, leading to congestion
in the remaining airspace.

Various weather teams (CCFP, ITWS etc)
produce predictions that some zones in the airspace
will be unusable in certain time and their
predictions are dynamically updated with time.
However, as described in the previous section,
those predictions are often incorrect which makes it
even harder to select an optimal routing.

In our proposed model, we will not exclude
the zones, which are predicted to be unusable (with
some probability) at a certain time. Instead, we will
assign some cost to those zones, a cost that will
depend upon the state of the system. Our solution
will take into consideration the fact that there will
be more updates with the course of flight and
‘recourse will be applied accordingly [10 11 12 ].
Moreover, we will analyze the previous dataand -
count the number of times it goes from each state to
different states. From this counting, we form a
likelihood constraint, which describes the
uncertainty set within which the transition matrix is
bounded. We take a route that will provide us the
best-expected delay, where the time varying
transition probability matrix bounded within the
uncertainty set is acting as an opponent.

For this class of problems, we look for the

~ ““best policy", not the *“best path'. Determining the
**best policy" is deciding where to go next given the
currently available information. We consider the set
of decisions facing an aircraft that starts moving
towards the destination along a certain path, with
the recourse option of choosing a new path
whenever new information is obtained.

Weather Model

Various weather teams provide the probability
of a storm at a particular place at a particular time.
The weather information is updated in about every
15 minutes. The further away the prediction is from
the event, the more unreliable it becomes and vice

versa. We can discretize the time in a number of 15
minutes time intervals. From the weather science,
we can assign a probability **Pr" or " Qr" fora
particular region such that, Pr = probability (there
will be a storm in that region in the next 15 minutes
time interval/there is a storm in the current time in
the region), or Or = probability (there will be no
storm in that region in the next 15 minutes time
interval/there is no storm in the current time in the
region)

It is also realistic to assume that the aircraft has

a perfect knowledge about the regions that are 15
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minutes (15 times the velocity of the aircraft
provides the distance) away from it. Whenever an
aircraft is in 15 minutes away from the storm
region, the pilot knows for sure whether there is a
storm in that region or not. The probability of storm
at a particular region is time varying and takes a
value 0 or 1 when it reaches 15 minutes away from
the region. If P is defined as the probability of the
storm in the next interval, the dynamics of P will
follow a path described below.

A Storm
1
P
No Storm
0 —>

Time .
(15 minutes away
from the region)

Figure 4: Variations Of The True Probability Of
Storm With Time

We can discretize time as 1,2,...,n stages,
where “1" corresponds to the time 0-15 minutes
from the current time, "2" corresponds to the time
15-30 minutes from the current time and so on. Let,
T is the time required to go from the origin to
destination in the worst possible routes (where the
worst possible route is defined as the route where

Authorized licensed use limited to: Univ of Calif Berkeley. Downloaded on October 31, 2008 at 19:03 from IEEE Xplore. Restrictions apply.



nominal path is followed assuming no storm and the
recourse is applied just before the storm zone to
avoid the storm). No policy will take more time
than T. Total number of stages can be calculated by
the following formula,

T
T- il
_ mOd(IS)

15

Suppose there are 1,2,...m storms that are
predicted to happen that might force the aircraft to
deviate from it's nominal path. We can define state
'1' corresponding to the state as having storm in a
region at a particular stage and state '0'
corresponding to state as having no storm at a
particular stage in that region. As we know the
status of any storm in the time interval of 0-15
minutes (stage 1), we can assign 0(1) to every storm
at the stage 1. Again we also know the conditional
probability of having (not having) a storm in a
region in the next 15 minutes time interval
(stage 2), given there is a storm (no storm) in the
current time (stage 1) in the region. If we assume
that the probability of storm in a particular zone
varies in a Markovian fashion, we can represent the
transition model of each storm in the following
manner.

nmax

+1 1)

We can define, p, is the probability of no
storm in the next stage if there is no storm in the
current stage in a particular region and ¢, is the
probability of having a storm in the next stage if the
there is a storm in the current stage in that particular
region.

In the same way, we can define the
probabilities p,,q,, P3,q35s Pm>qm- If there

are m storms, it will be a 2" state Markov chain.
A 2" tuple vector can describe the storm situation
completely, i.e., [ 1 00 0..0] denotes that there is a
storm in zone '1' and the rest of the predicted bad
weather zones are storm free.

We candefine S ={1,2,...,M}asthe set of
all the states where,1=[0000..0],2=[1000..0],
3=[0100.0],....., M=[1111.1](2"th state).

The transition matrix P for the Markov chain is
2" x2™ matrix whose (7, /) th entry p, denotes
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the probability of ij th state in the next stage, given

the current state is i. The transition matrix can be
defined as follows,

Pu--Digm
P=ln. Q)
p 2™ p 2™~
If the current state X, =i is given, the
probability that the & th state X, = j can be
determined as follows,
p(X, = jIX,=i)=P} @)

Which is the (7, j) th component of F, matrix.

The P matrix is an input in our algorithm. We
can form a P matrix in a storm situation where the
storms are moving and are not probabilistically
independent. But for the demonstration in this
paper, we assume that there is no movement of
storms, i.¢., the zones where no storms are predicted
to happen are assumed to remain as perfectly usable
by the aircraft over all time and storms don't expand
or contract over time (relaxation of this assumption
will increase the size of the probability matrix).

Uncertainty Model Of The Transition
Probability

P=(p,) isthe ISlxlSl dimensional
transition probability matrix. We assume that we

can observe the initial state, which is the current
status of the storms in the airspace.

By exploring the past data, we obtain a matrix,
which comprise the number of times each state
(storm condition) makes a transition from one state
to other (number of time from state 7 to state j is

N i)
The likelihood function can then be written as
L) =»" @)
i
The log-likelihood function is,

I(Py=2 N,log(p,) ®)
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In addition, we require that the estimated
probabilities are positive
p;20Vi=12,.. |8} j=12,.....] NG

and satisfy the constraints of a transition
matrix:

> p,=1Vvi=12,...|S] )

The maximum likelihood estimate can now be
obtained by solving the convex optimization
problem

max/(P): s1.(6)(7) ®)

This is a separable convex optimization
problem that can be solved analytically. The
optimal solution to the optimization problem is,

Py =< ©

This is the Maximum Likelihood Estimate
(MLE) and the optimal value of the log likelihood
function corresponding to these probabilities is

definedas f_,, . .

A classical description of uncertainty in a
maximum likelihood setting is via the likelihood
- region is as follows,

{Pe Rl . p>0,Pe=¢,3 N,lop(p,)> B}
oy

(10)
Where, f is chosenas < .. and eis the
vector of all ones.

In our problem,, we only need to work with the

un certainty on the each row p,, that is, with

projections of the set above. Due to the separable
nature of the maximum likelihood problem, the

projection of the above set onto the variable p,of
the matrix P can be given explicitly, as

P(B)={peR¥:p20,pTe=e,
Y. N,()log p,(j) 2 B,}, where, (11)
J

B =p+Y Y N,logN,
ke j

We can calculate § that will correspond to a
desired level of confidence in the estimate. In order
to do so, let’s define a vector @ obtained by
stacking all the elements in the probability matrix.
Provided some regularity conditions hold, it is
possible to make Laplace approximation of the
Likelihood function and we can make the following
asymptotic statement about the distribution of € ,

that is & ~ N(8,1(6)). That s 6 is normally

distributed with the mean @ given by (9) and /(6)
is the Fisher Information matrix given by ,
az

I6)=E,(- ) 1

We can approximate /(6) with the observed
information matrix, which is meaningful in the

neighborhood of 9 . The equation of the observed
information matrix is given by,
az
16, =———-I0 13

After we know 8 and I,(6) (mean and the
covariance matrix of a parameter), we can have a
new coordinate system by rotating (by using it’s
correlation coefficient), translating (by shifting the
origin by the mean) and scaling ( by dividing by
the standard deviation) the old coordinate system.
In this new coordinate system, the distribution of &
become a IS | X|S | number of mutually independent,
squared mean unit variance Gaussian random
variable, which is a % distribution with the
degrees of freedom |[S|x|S|. If F .) is the

5 om [S[xs] g )

cumulative distribution of the uncertainty, the
sphere with the radius J that contains the desired
level of accuracy ¢,

Authorized licensed use limited to: Univ of Calif Berkeley. Downloaded on October 31, 2008 at 19:03 from IEEE Xplore. Restrictions apply.



Authorized licensed use limited to: Univ of Calif Berkeley. Downloaded on October 31, 2008 at 19:03 from IEEE Xplore. Restrictions apply.
























