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An imbalance between capacity and demand in one rem of the National Airspace System (NAS) will impat
other regions through complicated response functi®that cannot easily be modeled or understood using
traditional, top-down approaches. Understanding howthe NAS reacts to capacity/demand imbalances, such
as weather disruptions, is vital to the optimal roting and scheduling of air traffic. This paper sumnarizes
research completed to support the development of we Traffic Flow Management concepts, tools, and
modeling capabilities that address local, regionaland national flow problems. We present a time-varing,
capacitated, multi-commodity Network Flow Model (NeFM) representation of the NAS. We describe the
development and application of NetFM as a tool forestimating the unavoidable cost of a NAS event,
identifying the optimal solution for mitigating various NAS constraints, and measuring the impact ofpatial
and temporal uncertainties in weather forecasts taid in risk management.

I. Introduction

En route constraints, such as weather disrupticars tigger an imbalance between capacity and denmaode

region of the National airspace System (NAS) wittpacts that propagate throughout the system. Véhitei
optimal approach to dealing with a given capacéwidnd imbalance so as to minimize the total costesystem?
Does the ideal approach involve spatial contralygeral control, or a combination? How do we meagtee
unavoidable cost of a given NAS event so thatthygsict of various events can be quantified on theesscale?

Surveys of related modeling capabilities [1][2] lgisignificant contributions from Odnoi [3] and B&mas [4][5]
to the exploration of the traffic flow managememnttgem (TFMP) for optimizing the scheduling and ting of
aircraft in the NAS. Additional capabilities incledhe Boeing National Flow Model, which is a queuimodel
incorporating airports and Air Route Traffic Cont@enters (ARTCCs) as queues in a discrete nety&jfk].
There is also the Railroad Network Analysis Sysfemmodeling the flow of commodities over the nat®rail
infrastructure [8].

This paper covers the development of an aggregetedik Flow Model (NetFM) and its application tosarering

questions concerning capacity/demand imbalanceéleren route environment. We present a brief d&onsof

existing minimum-cost network models along with esctiption of the time-varying, multi-commodity appch

implemented by this research team. Nodes in NetEptesent en route sectors, arcs are the pathwayedre
sectors, and markets represent clusters of airgagplying demand to the network. Operational datee used to
derive parameters required for building the netwdikis paper presents the methodologies used foesenting
clusters of airports as markets and an empirigatageh for defining en route sector capacity. NeiBMpplied as a
tool for comparing traffic flows in the NAS duringormal and constrained conditions, exploring theéioff

between rerouting and ground delay, and quantififiegmpact of weather forecast uncertainties.
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1. Modeling

This section describes NetFM and its applicatiomrswering questions related to capacity/demandliznices in
the NAS.

While imbalances most commonly result from capa@guctions due to adverse weather, they can ailse faom
excessive demand. Indeed, a capacity reductioménportion of the NAS may lead to increased demarather
portions as flights route around the affected atleas creating new imbalances which may themsegivesagate.
We developed NetFM to answer such questions as:

= What is the inherent cost of a given capacity réda@
= What is the optimal combination of rerouting andwgrd delay for mitigating a given capacity reductio
= How does a local capacity/demand imbalance affextést of the NAS?

Our intent was not to produce a detailed model @# lindividual flights or carriers should respond &ogiven
imbalance scenario. Instead we studied a reasomgijal, system-wide response in terms of aggeefatvs.
Thus NetFM may be viewed as a tool for producind ewaluating strategic plans while glossing over téctical
implementation. NetFM is a very high-level modedtthreats the traffic as continuous flows rathemtldiscrete
flights. Similarly, instead of including all therports, we aggregate all origins and destinations approximately
40 geographienarkets Thus, for example, one market might capture falhe airports in the Chicago metropolitan
area.

NetFM is a multi-commodity network model in whidhe nodes represent regions of capacitated airsgeearcs
represent routes between regions, with associtigt tosts; and the commaodities represent tratfithe various
destinations. The details of NetFM are discusselerremainder of this section.

We first include a general discussion of netwodkflproblems and how they relate to traffic flowdlie NAS. We
then describe precisely how we formulated NetFM anthputed its parameters. This section then cotlrers
algorithms for computing optimal network flows, addscribes the details of the algorithm (based dimesar-

programming formulation and a freely available wafte package).

A. Minimum-Cost Network Flows

We begin our discussion of network flow models wathelatively simple example, involving a singlemmodity
being transported over a network. This is analogousaffic flowing to a single destination. We thextend the
problem to multi-commodity networks, which are ammlus to simultaneous flows between multiple
origin/destination pairs. Finally, time-varying netrks are considered which can be used to modelrdimdemand
and capacities. See [9] for an extensive treatroenétwork flow problems and methods for their siolo.

Single-Commodity Networks

A networkconsists of a seN = {N}, of nodes and a seth = {A;}, of directed arcswhere ar@y; connects nods};

to nodeN,. We callN; thetail of A; andN; thehead There need not be an arc connecting each paioads, and in
fact in most transportation networks, each noddiriectly connected to only a limited number of iisighbors.
Flow can only take place along arcs or across nobess direct flow fromN; to N, is possible only if the arg;
exists inA. However, indirect flow may be possible alongadh say (i, N, N;), if both Ay andAy exist. Arcs are
directed meaning that flow along; may take place only from the tail to the hebidt¢ N;), however if the reverse
arc, Ay, also exists then direct flow may be possible filgnmo N;. Thus bidirectional arcs may be represented by a
pair of directed arcs. Flow enters the network digroa designated set of nodes calledrces and leaves through
designateainks All other nodes, which can neither introduce re@nove flow, are calletansshipmenhodes.

Figure 1 illustrates a simple, single-commodity network sisting of: four sources, one sink, two transshipme
nodes, and ten arcs. In order to emphasize theoreship with air traffic we have labeled the sagas origins, the
sink as the destination, and the transshipmentsaslen-route airspace.



Origin In addition to the basic network structure, flows
have costs and must satisfy certainapacity and
demandconstraints. In our formulation, we assign a
transportation cost per unit of commodity each
arc, a capacity to each node, and a demand to each
source. The total cost of a given quantity of flofy,
across an arc with unit coptis simply the product
pf. The total cost of all flows in the network is the
sum of the costs of the flows along all the ardse T
capacity of a node is the maximum amount of flow
(in this case number of aircraft) that the node can
carry. The capacity of a transshipment node may be
Figure 1. A single-commodity network. viewed as applying to either the sum of all inflows
or to the sum of all outflows (the two must be dqua
since a transshipment node neither adds nor remitsw@}. In the case of a source (or sink) it is ambitrary
decision whether to count the flow into (or out tif$ network toward the capacity constraint. Weehelvosen not
to, so the capacity constraint at a source or appiies only to flow that actually passes throudghniode. That flow
is equal to the inflow of a source or the outflofraacsink. (The issue does not arisd=igure 1, but would if one of
the transshipment nodes were also a source.)

Destination

En-route airspace

En-route airspace
Origin
Origin

Origin

The objective of theingle-commaodity network flow problamto find the set of flow values for each arcttyialds
the minimum transportation cost for the entire rogty satisfies the given demand for source-sinkspand is
subject to the capacity constraints at the nodesa multi-commodity NetFM, commodities represenecific
destinations so there is only one sink per commdtat accommodates the total demand.

We note in passing that there are a multitude afvedent formulations of the network flow problefor example,
arcs can have capacities and nodes can have Aostaf these formulations may be transformed to ather via
suitable manipulations. For example, arc constsaimay be modeled by introducing an artificial (c@zded) node
in the middle of each arc. We have chosen thisquédat formulation because it seems to correspoalll with our
intuitive notion of the NAS. We also note that quarticular solution accommodates most variationthavit
requiring transformations of the underlying network

In NetFM, transshipment nodes correspond
to volumes of airspace with associated s : — = .
capacities, arcs represent flight paths with e ) 7
associated costs (e.g., distance), and source |
and sinks represenmmarkets which are
surrogates for centers of demand (see B. |
Formulating the NetFM and Setting its
Parameters for further details}kigure 2

illustrates the solution for a single
commodity NetFM with 36 origins (green
squares) to a single destination (red square) =-
The gray lines represent arcs, arc NERYA = TSN
intersections represent the nodes, and thexf A i
blue lines depict the flows over the arcs.
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Figure 2. Flows to a single destination.
Multi-Commaodity Networks
In a multi-commodity network, demand and flows aot homogeneous. Each unit of demand is assocgtada
particular commodity, and that commodity must reachidentified subset of the sinks. However, alfloccurs
within the same underling network, and in partictiee nodes’ capacity constraints apply to the sfiall flows for
all the commaodities. In our application a commodgythe collection of flights to a given destinatiorhus each

" It is more common in the literature to think oktkinks as having demand which must be satisfieah fine
sources, but in our context it seems more natardlibk of the demand originating at the sourca$lzging satisfied
at the sinks. The two approaches are entirelywadgnt.



origin will have different demand for each commggditorresponding to the amount of traffic departfog that
destination.

In order to model a multi-commodity network, we mtrack the flows of each commodity separately. Ybea
given node is a source, sink, or transshipment nomle depends on the commodity in question. If aena
transshipment node for a given commodity, thendhe of inflows of that commodity must equal the safn
outflows of thatsamecommodity. The standard way to model a multi-cordityonetwork is to replicate the
underlying network once for each

Destination 1

commodity, and then apply the capacity

constraint at each node to the sum of all

flows of all commodities through that

node.

Figure 3 illustrates the concept for a

two-commodity network. Here we have Destination 2
augmented the single-commodity

network of Figure 1 with a second

commodity consisting of flights destined ) )
to Destination 2. Destination 1 has Figure 3. A two-commodity network.
become an origin (source) for the second
commodity. Reverse arc have also been =
added so that all of the arcs are
effectively bidirectional. sl

Figure 4 illustrates a more realistic
representation of the NAS as a 37-
commodity network. There are 37 red
squares, each representing a market
which is a destination (sink) for one
commodity and an origin (source) for all |
the others. The blue lines represent flow
between market pairs. “r
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i ) Figure 4. A 37-commodity network.
Time-Varying Networks
The multi-commodity network described above modelstatic network, in which capacity and demand rema
constant over time. This assumption implies tha tnly choice is over which routes to send the ouari
commodities. In the NAS, conditions change andethsralso the option to delay flights on the growmdil the
capacity/demand balance improves. In the curretEMewe approximate the option to incur ground gebey
considering a sequence of static networks, onedoh of a set of discrete time steps, with diffea&pacity and
demand profiles at each time step. As
illustrated inFigure 5, we then connect
the origins of the networks for
successive time steps with one-
directionaldelay arcsrepresented by red a1 1
lines. We assign a cost to each delay arc 08
to reflect the cost of a ground delay of Delay arcs —5
one time step. A flow through the
augmented network  consists  of .
traversing zero or more delay arcs until 'm0 — ="
reaching the desired time step, and then
traversing that network to the
appropriate destination. Of course, as
with the underlying networks, there must
be a separate delay arc for each . o .
commodity. Although we have not Figure 5. A multi-time-step network with delay arcs.

implemented it in the current NetFM, it
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would be just as easy to account for the possthilitairborne holding by introducing delay arcsvibetn successive
versions of the transshipment nodes. The airboet@ydarcs would presumably incur greater costs thamground-
delay arcs.

We refer to this multi-time-step network asmi-dynamidecause it captures some of the dynamic natutbeof
NAS, but imperfectly. What the model fails to captis that temporal variation is reflected in splatiariation. For

all its limitations, the semi-dynamic model can pde useful predictions for relatively localized eets. For

example, if we wish to predict the effect of a vesaitevent near Cleveland at 1500Z we should seaddrrofiles

based on departure times of flights that would &&r Cleveland at about 1500Z. Thus we should setArmeles to
New York demand based on typical traffic departiog Angeles at about 1100Z, but set New York to Aageles

demand based on typical traffic departing New Yatrkkbout 1400Z.

Fully-Dynamic Networks

It is possible to develop a fully dynamic Mnoge: |
network model. Such a model would have to time tlode |
ensure consistency between time and distance.
For example, we might restrict the nodes to a

grid of hex cells and set the time steps to reflect t+1
flight time between adjacent nodes as shown in \\ / oder ]
Figure 6. The model would remain imperfect / [rooe |

as it would atrtificially increase the modeled

distance between points that were not
connected by straight lines on the grid. t
However, the errors would be moderate and

could be controlled to be no more than +/-8%. // \\/
There are other, more complicated, approaches

that could reduce modeling errors to arbitrarily !
small values, but at the cost of increased
computational complexity. While results t1 X
presented in this paper are based on the semi-

dynamic model, we are in the process qfigure 6. A fully-dynamic implementation of NetFM will consist

implgmenting the fu]ly-dynamic n_10de| andofagrid of hex cells to reflect equal flight timebetween adjacent
anticipate results being available in the near nodes.

future.

B. Formulating the NetFM and Setting its Parameters

We developed methodologies for computing the neiwmrameters based on operationally-observed data i
attempt to create a model that would behave angbressimilarly to the actual NAS. These methoda@sgare
described in this section.

Defining Markets

Demand in the NAS originates and terminates atdaods of airports. One approach to creating a mktwodel

could be to create a multi-commodity network witldividual airports represented by independent nddaes to the
high number of airports, such a network could bez@omputationally very expensive to solve. As darahtive,

we cluster groups of airports into markets andttesech market as single sink/source node. For ebeqrapp the

airports in the New York City metropolitan area greuped into one market airport which is thenttrdaas one
commodity in NetFM. This assumption seemed readergiben our main focus was on modeling en rouenés

as opposed to the details of flows in the termaiapace which is the topic of related research [10

Markets were defined by identifying spatial concations of arrival demand based on Enhanced Traffic
Management System (ETMS) arrival data between dudp05 and August 31, 2005 through the followiteps:



Arrival counts for each airport were matched
with the airport coordinates to populate a spatial
grid throughout the NAS. This arrival count

grid was then processed using a 2-D Gaussia
smoother having standard deviation of about 3C
nmi to create a smooth arrival density grid as
shown inFigure 7.

Find all peaks in the smoothed arrival density
and denote these as candidate markets.

Associate each grid cell with its closest
candidate market and denote the sum of arriva
densities from all cells associated with each
candidate market as the candidate market'’s
weight.

by weight. These major markets account for
65% of all arrivals.

market.

density appears iRigure 8.

the list of major markets:

35 major markets + 10 orphan markets = 45
markets

Filter the set of markets to those inside the
NAS. Total number of markets reduces to 37
markets.

NetFM does not differentiate between “major” and
“orphan” markets. These designations are used onl
in reference to way market airports are identified.
Figure 9 shows the final set of 37 markets used in
NetFM.

In order to capture the remaining 35% of arrival *
demand, define orphan peaks as all peaks in th
arrival density not associated with a major

Create an orphan density grid by assigning a 1 t
grid cells containing an orphan peak, 0 otherwise.*

Smooth the orphan density (1 or 0) with a 2-D«
Gaussian smoother using a standard deviation ¢
approximately 150 nmi. The smoothed orphanz

Add any peak in the smoothed orphan density to
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Figure 7. Smoothed arrival density used to identify

Define major markets as the top 35 candidates airport markets. Major markets defined by top 35

candidate markets
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Figure 8. Smoothed orphan density used to identify
non-major markets and to account for 100% of the
arrival demand
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Figure 9. Location of 37 NetFM airport markets



Defining Nodes

Nodes for NetFM were defined from the set
of operational en route sectors having both a

floor at or below flight level 240 (FL240 or

about 24,000 feet) and ceiling above FL240.
This is equivalent to identifying all sectors |
that intersect with a horizontal slice taking
through the 3-D sector airspace at FL240. |
Node locations were presented in NetFM by
the centroid of each sector. Using this logic, =}
353 NetFM nodes were defined to represent
individual en route sectorfigure 10 shows »- Sector represented by node
the boundaries of these sectors at the FL240

slice along with the locations of the nodes
representing each sector. Figure 10. 353 NetFM nodes and the sectors they negsent
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Estimating Node Capacity

En route constraints such as weather can lead imbalance between demand and capacity, which mayire
airborne delay, Miles-In-Trail (MIT), or other Tifaf Flow Management (TFM) initiatives. Unlike denthrcapacity
cannot be easily measured. Although Monitor Aledraeters (MAP) have been published to establigh th
maximum instantaneous sector occupancy, ho metistsefor defining the capacity per unit time (eigtal flights
per hour) that can be handled by a given piecerspace. In this section, we describe an empirgairoach to
defining a capacity metric for a region of airspadgch is then applied to capacitating the nodeNlétFM. From
this point on, we will refer to “sectors” and “na&iénterchangeably in reference to the node repitatien of 3-D
sectors in NetFM.

Sector capacities were estimated based on obsect@ sisage. Usage was measured within 3-D regibasspace
defined laterally by the boundaries of ETMS sectdrthe FL240 slice (sdeigure 10). The vertical boundaries of
NetFM sectors were set to FL180 and FL600. Thig@ggh was chosen, versus using the altitude regitefised
in the ETMS grid files, so that the sector capesitin NetFM would represent actual en route usaigf@inva
consistent altitude range.

ETMS track (TZ) data were used 300 -
from the eight-week period
7/7/2005-8/31/2005 to provide 4-D 250 —T7 altitude “reenters”

en route airspace

(time, latitude, longitude, altitude)
multiple times

trajectory data of actual flights. We
then implemented a sector matching
algorithm to identify and record the

Flight level . -
En route airspace:

200 at or above FL180

times when each flight entered each 150 1 .

4 X Processed altitude enters
sector. Sector entries times were en route airspace once
aggregated into 30-minute bins over 100 1
the eight-week period. Initial results
suggested that inaccuracies in the 50

TZ altitude were producing
unreliable sector entry counts due to 0 ‘ ‘ ‘ ‘ ‘ ‘ ‘
the altitude-dependant nature of the 0 10 20 20 20 50 60 70
sectors as illustrated iRigure 11

As a result, we implemented an
altitude filtering-smoothing Figure 11. In the absence of TZ altitude data proassing, a flight might be
algorithm to produce more realistic recorded as making repeated entries into the samedator due to poor

altitude profiles, resulting in moredata quality. A filtering-smoothing algorithm was implemented to define
accurate sector entry counts. a more realistic altitude profile resulting in improved sector usage data.

Minutes after departure



The number of entries into each .

sector during each 30-minute time Maximum = 95 F
bin was then analyzed to identify a s} flights per half hour
reasonable  estimate for  the a0l 95" percantie = 60
maximum sector capacityFigure Sector usage flights per half hour

istributi (flights per half hour) 7°f
12 shows the distribution of 60 flights per half hour = 120 flights per hour
observed usage for the sector 60
defined by the lateral boundary of sl
ZAB15. Median = 30 flights

a0k per half hour

Notice the sharp climb in the usage agl

curve starting just after the 95
percentile leading up to a maximum
value of 95 flights per 30-minute 10}
time bin. The sharp climb indicates ‘ , ‘ , ‘ ‘ , ‘ , ,
that entry rates for th|s sector 0 0.1 02 03 04 05 06 07 .08 039 1
seldom exceed about 60 flights per Percentile of sector usage

time bin. Analysis of usage curvesrigure 12. Inverse cumulative distribution of sectousage per 30-minute
for many sectors identified atime bin. Entry counts for ZAB15. The 95" percentile usage of 60 flights,

common spike just after the 95 per time bin (120 flights per hour) was used to déte the capacity of this
percentile. We therefore determined sectol in NetEM.

that the maximum usage (100

percentile) was not a reasonable representati@nsaictor’s true capacity given the steep climkha usage curve
approaching the maximum. Instead, th& @®rcentile usage was selected to define node itpgdac the sectors
represented in NetFM.

2or 95t percentile

Figure 13 displays the computed node capacities for theNs&FM nodes. Shades of blue indicate relative lyourl
capacities with the maximum capacity of 168 fligpkr hour coming from ZDV19. The large relative aaif
ZDV19 (43,000 nnfi versus the average sector area of about 19,00¢) eomitributes to it having the highest
estimated capacity.

Another approach to visualizing sector capacityoidook at the capacity per unit area or “capadignsity” as
illustrated inFigure 14. To create this figure, we simply normalized tketer capacities ifigure 13 by sector area
then multiplied by 10,000 to define capacity densit terms of flights per 10,000 nfmper hour. As one may
expect, the highest and lowest capacity per umia are found in the North East and oceanic/Canaaliapace,
respectively. The median capacity density througitloel NAS is 55 flights per 10,000 ninier hour, which means
for example that the average 10,000-nhsector has a maximum capacity of about 55 flighgs hour. White
shading indicates regions with capacity densitpied3 flights per 10,000 nfper hour.
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Figure 13. Sector capacity based on $5percentile Figure 14. Sector capacity density
observed usage




Defining Arcs

Arcs were defined in NetFM as pathways between siodéese node-to-node transitions were defined from
observed sector entry data using actual flightksaturing the eight-week period of 7/7/2005 thro8¢#1/2005. An

arc was included if and only if that arc or itseese arc was observed being used at least 10 tioreg) the eight-
week period. We put this filter into place for tneasons

1. To filter out anomalies; and
2. To ensure all NetFM arcs were bidirectional.

We also added arcs to connect airport markets @ontides. This step was completed by identifying nttzeket
nearest to each departing flight and connectingrtteaket with the first sector entered. The revevas done on the
arrival end to connect nodes to the arrival markete resulting NetFM network consists of 37 mask863 nodes,
and 4,782 arcs as shownRigure 15.

a0~
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38|z

30~

353 nodes
4,782 arcs
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-120 -110 -100 -90 80 70

Figure 15. NetFM underlying network consisting of narkets, nodes, and arcs. Arcs defined by observe
market-node, node-node, and node-market transitions

Defining Hourly Market Pair Demand

The number of flights in the NAS varies signifidgnthroughout the day. In order to capture this penal
variability, we computed a set of baseline marleshdnd parameters specific to each hour of the @agntifying
the demand between each market pair is importasguse this is the amount of demand being transfénm@ugh
the network.

We computed the hourly demand between each
market pair by identifying the markets nearest tl
origin and destination airports for each flight.s A
with our definition for sector capacity, we complite
market pair demand based on actual traffic in t
FL180-FL600 altitude range. In particular, flight
that never climbed above FL180 were not includ
as contributing to market pair demand. This alttu
constraint was added so that both node capacity
market pair demand would represent the same se
flights; those flying between FL180 and FL60C( .
The temporal component of demand; the hour 00 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23
which the demand was contributing, was defined _, Zulu Hour

the flight midpoint. Using this approach, the pigyre 16. Average hourly total market pair demand
average demand per hour was computed during the

eight-week period starting on 7/7/2005 and is

plotted inFigure 16.
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A separate computation of market pa |
demand was created for each of the !
hours in the day. Blue circles plotted i
Figure 17 indicate the hourly demand tha “f
was computed for each market for th
2200Z hour. 0

Market demand parameters were creat .
using operational data. The NetFN\

architecture allows for the incorporation c

new markets. For example, as dema ®r
patterns change throughout the NAS wi
the expected growth in taxi services ar |
very light jets (VLJs), the market pail
demand parameters can be refined w0
include these new sources of demand. Figure 17. Market demand computed from flights having

midpoint during the 2200Z hour

Legend (flights per hour)
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C. Mathematical Formulation

We will formulate NetFM as éinear programming(LP) problem. Our development follows that of h@vious
section (A. Minimum-Cost Network Flows), startindgthva single-commodity problem, extending it to thelti-
commodity problem, and ending with the semi-dynapmablem.

A single-commodity network. Using the previous notation conventionsiregle-commodity networtonsists of a
set, N={Nj}, of nodes and a setA={A;}, of directed arcs where arcA; connects nod&\;, to nodeN;. Let

parameterci> O denote the capacity of nod and parametep;= 0 represent the transportation cost for Afc
wherep;=0 if arcA; does not exist. Also define variablgsind f; as:

d; : thedemand anhodeN,.

fi : a control variable defining the flow across &gdf it exists, 0 otherwise

The demandg;, of nodeN, is the flow quantity thal\; contributes to or can remove from the network. &lNdis a
source ifd; > 0, a sink ifd; < 0, and a transshipment nodeli 0. The convention thgy andf; are 0 ifA; does not

exist will significantly simplify our notation. Faexample, with that convention, we can WrE fij rather than the
j

more cumbersome form z fi .
{i-A0A)

The single-commodity network flow problem is themnfiulated as follows.

minimize cC=>pf; )
i
subject to:
=d, ifd =20,
(ON,) f. = > f, { I )
ZJ:J Zi:J >d, ifd; <0,

3 f,<c ifd =20,

j
EN) 15 < it <o, )
i

(04) f, =0. @)

10



Eqg. (1) is the total transportation cost functiBgs. (2) are called tHeow conservatiortonstraints to ensure that the
inflow and outflow to any node sum to the node’sdad. IfN; is a sourced; > 0), then its outflow must exceed its
inflow by d; sinceN; addsd; units of flow to the network. IN; is a transshipment nodé € 0), then its outflow must
equal its inflow sinceN; neither adds nor removes flow from the networkeitiher case, the difference between
outflow and inflow must be,. If N; is a sink ¢; < 0), then its inflow must exceed its outflow bhatever quantity of
flow N; removes from the network, and that quantity mayexaeedd|| =d;. After rearranging the terms we arrive
at the inequality in Eq. (2)Eq. (3) represents the capacity constraints. idsudsed in section (A. Minimum-Cost
Network Flows), the definition of capacity requirdsmt we apply the constraint to the inflow of ais® and the
outflow of a sink. We may apply the constraint tther the inflow or outflow of a transshipment nodeit have
chosen to apply it to the inflow. Finally, the noegativity constraint in Eq. (4) merely ensured flavs conform
to our notion of direction.

A multi-commodity network. To extend our model to multiple commodities, wtead the indexing of the control
variables (the flows) and the flow conservationstaaints to include multiple commodities:

dy thedemandor nodeN; for commaodityk.
fii : a control variable defining the flow of commaditacross arey; if it exists, 0
otherwise.

Thus a given node may be a source, sink, or trggregimt node for one commodity, independent ofadte for other
commodities.

The formulation of the multi-commodity network flowroblem is nearly identical to the single-commypdit
formulation (although the multi-commaodity problesnmuch harder to solve).

minimize C= Z Py fi ®)
i1k
subject to:
=d, ifd =0
ONLK) Sy =S q o kT °
( i ) Z ijk Z Jik {2 dik if dik <O, Y
ijik if d, =0,

, . < e
(ON,) Zk: F. <¢, whereF, Z fy if d, <O, o

j
(OA) Ty 0. v

Note that the flow conservation constraints applyasately to each commodity, so each commodity lpeathought

of as traveling over its own, private network. Hewe the capacity constraints introduce interactibatween these
independent networks. The capacity constraints sm@ewhat more complicated than those for the single
commaodity network (Eq. (3)) because nodes may giffgrent roles in the various networks.

A semi-dynamic, multi-commodity network. Finally, we extend our model to a semi-dynamitwoek, say with
time steps indexed Hy For simplicity and to conform to our applicatiome assume that there is a unique sink for
each commodity (the same for all time steps). W& feplicate the static network once for each tatep, extending
the indexing of all nodes, arcs, and flows to ideluhe time step. Next, we add delay arcs, witbh@aged costs,
connecting each potential source node to its velisiohe next time step:

" If there happens to be a zero-cost path from ame &, to anotherS,, then it is possible that in some optimal
solutionsS, would contribute flow which would be removed&t Such flow would have no cost so the solutions
would still be optimal for the problem as statadolur case, that problem cannot arise since tiseoaly one sink
for each commodity. If the potential for such sios exists, then one could add an additional camgtthat the
sum of the outflows of a sink not exceed the suthefinflows.
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Dic = delay arc from nod&l; to N1y, defined only if time step+1 exists and\;s is a
source for commoditi atsometime steps.

1 = the cost of delay for one time step, which fongicity we assume to be the same
for all delay arcs.
@« = acontrol variable defining the flow of commaditacross delay amdy if it exists, 0
otherwise.

The reason that we have limited delay arcs to ssuicthat we are modeling ground delay, which rbediaken at
the origin.

The formulation of the semi-dynamic network flowoplem is similar to the static formulation, excét the flow
conservation constraints become somewhat more ocatgd at sources, as we shall explain below.

minimize C= z Py fije + ITZ B 9)
ijkit ikt
subject to:
=d, ifd,=0

DN ’ k,t + f _ + f ikt ikt

( i ) (Wkt Z uktJ (Wk(t—l) Z Jlkt] {2 dikt if dikt <0 (10)

(DDikt) B — Wk(t—l) < dikt’

Z fjikt if dikt 20,
: . < .= i
(DNI 7t) ; Flkt = Clt ’ Where Flkt z fijkt |f dikt < 0, (11)

J
(0A kD) fy 20,

(12)
(UDy) @ 20.

The flow conservation constraints in Eq. (10) heeeome somewhat more complicated. First, we musiuet for
flow delayed to the next time step as part of théas outflow, and delayed flow from the previoimsé step as part
of the inflow. Second, since we are modeling grodaldy, we need to restrict flow over the delaytarthe sum of
current demand from the source and previously @elagmand from theamesource. In other words, the flow over
Di« cannot exceed the flow ovBY ) by more than the current demand. The second p&t).0(10) imposes that
constraint. It is implicit in this constraint this is a source (or possibly a transshipment nodegdarmodityk at
timet since we assume thBj is only defined for nodes that are sources for ooty k at some time and that
there is a unique sink for that commaodity ovettiatles.

D. Computational Algorithms

There are a multitude of variations of the netwfbokv problem, of which we have touched on only a#irfraction.
These problems have been studied extensively, bettause of their practical applications and mathieala
significance [1][2][3][4][5][8][9]. Very efficientalgorithms are known for many special cases, witmgutational
complexities that are low-order polynomials of narof nodes and arcs. For example, if the maxirdagree of
the network (the maximum number of arcs with a gimede as head or tail) is bounded by a consthen the
single-commodity problem previously described maysblved by an algorithm that scales ¢ (n))?, wheren is
the number of nodes. Unfortunately, the multi-cordityo problem does not appear to admit such efficien
algorithms. There are ways to exploit the netwdrkicdure and partition the problem into a sequeniceingle-
commodity problems, the parameters of which arestiietions of smaller LP problems. However, theoesinot
appear to be a canonical, general-purpose algofihtihe multi-commodity problem.

We have chosen to treat NetFM as a standard LRgmmo his approach is desirable due to the gengi@lithe LP
formulation that provides a flexibility to add aligear costs or constraints. Specialized algorithttmsugh perhaps

12



more efficient on the problems for which they wdesigned, tend to fail when any of the assumptéwasaltered in
even minor ways. Additional benefit for LP formudat is the availability of open-source software keges like the
GNU Linear Programming Kit (GLPK)}hat solves moderately large-scale LP problemb véasonable efficiency.
There are also commercial packages, CPLEX probbblyg the premier, available for solving very large
problems very efficiently with the ability to expiametwork structure where it exists. Both GLPK a@ELEX were
used in solving NetFM problems described in thiggra

I1l. Applications of the Network Flow Model

This section presents results of applying NetFMrablems involving capacity/demand imbalances eNAS. We
begin by presenting the NetFM solution for normaérational conditions followed by a descriptionhafiv NetFM
can be used to model constraints resulting frorngésa in capacity and demand, such as a weatherpticsr.

Scenarios involving constrained conditions discdsge this paper include reduced node capacity, foow

constraints, and increased market pair demand. @osgns between normal and constrained conditioaghen
examined to identify the impact of these modelezhacios. Dynamic airspace constraints are discustlesved by
a discussion of the “sphere of influence” conceptgredicting and evaluating the spatial propagatib demand
fluctuations resulting from airspace constraintsisTsection concludes with a description of howHRW\&tcan be
used to measure the impact of spatial and temportainties in weather forecasts.

A. Normal Operations

A fundamental application of NetFM is
defining the minimum cost (distance) solution
during normal operations. This solution is
computed by applying the default values for
node capacity and market pair demand as
defined in previous sectiondzigure 18 shows
the node utilization modeled during normal .|
operations based on the market pair demand
during the 2200Z hour. Node utilization refers =
to the ratio of flow over capacity for each node.
Darker shades indicate nodes having flow at or =
near maximum capacity. ‘ — i g E E =
NetFM also computes the flow through each ™
arc as shown irFigure 19. Arcs are shaded Figure 18. NetFM solution showing node utilizatiorduring
based on their relative flow. As depicted in the normal 2200Z operations. Shading based on node usag
figure, predominant east-west flows can be relative to node capacity
observed near the Los Angeles and San
Francisco markets, moving east towards the Markets
Chicago market. Another predominant flow is ! M
visible on the Atlantic coast between the Miami  «- Nt R =
e \”‘} 'D D\g\ﬂ D?QlyJ:r’:el }

Marl k‘ets

anp-

and New York City markets.

The map display irFigure 20 combines node
utilization and arc flows using the shading .
scheme described féigure 18 andFigure 19. o

Market

NetFM defines the minimum cost solution in Les Angeles Market 4
terms of flow through each node and arc for a , »EFMM o
. . . %1 Arc with the most flow
given set of demand and capacity conditions. ‘ ‘ ‘ ‘
The total cost of the normal operations solution | S s,
based on 2200Z demand is computed to be ™

1,098,430 nautical miles, which is the Figure 19. NetFM solution showing arc flow during mrmal
minimum total distance required to satisfy all 2200Z operations shaded relative to arc with the msa flow

" The GLPK package is a part of the GNU projeceaséd under the aegis of GNU. GLPK is available, fomder
the terms of the GNU General Public License asiphétl by the Free Software Foundation.
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market pairs’ demand, while not exceeding thi.| i
maximum capacity of any nodes. Now that we | < }
have presented the NetFM solution during norme .|

operations, the following section introduces the
results of altering capacity and demanc.|
parameters as a means for modeling their impa
on the NAS.

B. Airspace Constraints 0l

The NetFM solution shown inFigure 20
illustrates node utilization and arc flows during |
normal operations (i.e. clear weather day). A gos
of this research was to model the high-leve L
impact of a NAS event by comparing NetFM
solutions during normal and constrained
conditions.

Figure 20. NetFM solution during normal 22002
operations showing node utilization and arc flow

The NetFM representation of the NAS entails a @ertiegree of abstraction in that sectors, which raréti-

dimensional regions of airspace are representgmiass in space (i.e. nodes) at the intersectioarcé (pathways
between sectors). This abstraction needs to beidsmyrd when applying constraints to specific pagiof the
network.

Three methods were explored for imposing airspacstcaints on the network.
1. Reducing node capacity relative to maximum nodeciap

2. Reducing node capacity relative to normal node flow

3. Reducing arc capacity relative to normal arc flow

We originally applied node capacity reductions tieéa to the maximum capacity of each node. Agahis t
maximum capacity was obtained from thé"gfercentile of observed usage as described inoseoti Estimating
Node Capacity. Since sectors rarely operate at g usage levels (by definition only 5% of thend), a

reduction in capacity of even 50% might not haw&@gmificant impact on normal levels of demand. Ateraative

approach which was found to be favorable is tonéemde and arc flows during normal operations aaseline.
Capacity reductions are then applied relative i®Iaseline of normal operations. For example, nadight have a
maximum capacity of 60 flights per hour, yet durimgrmal operations the node flow is only 20 fligpts hour.

Applying a 25% capacity reduction to this node vdoiulrther reduce its capacity down to 15, rathanti5, flights
per hour.

Figure 21 illustrates two approaches to

implementing airspace constraints in

NetFM. When placing a constraint on

the nodes within a polygofigure 21

(b), only the arcs to and from

constrained nodes are affected, leaving

the potential for arcs that traverse the

polygon to be left unimpeded. For

example, three arcs are unaffected by the

node flow constraint shown Irigure 21

(b) as they cross the airspace constraint Normal Ops
(shaded region) without utilizing any @ (b) (©)

:)?trf'gvevi r;?gﬁs. ;l(‘;’lscl':?gurtge zion(it)ramt Figure 21. Normal operations with no arc constraing (a), arcs
9 ) affected by capacity reduction placed omodes within a polygon (b),

howeve_r, _enables the isolation of alénd arcs affected by capacity reduction placed oarcs intersecting or
flows within a polygon boundary. within a polygon (c)

Node constraint 7" Arc constraint

Whereas node flow constraints capture
only the flow through nodes within a constrainegioa of airspace, arc flow constraints appear tonloee realistic
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in that they affect all flows within a region ofrgpace. We therefore chose method 3, arc capagitgt@ints
relative to normal arc flow, as the preferred mdtfar modeling airspace constraints such as weath¥etFM.

In the following example, NetFM was applied to exdé the impact of an airspace constraint lastirgtwur. The
constraint, depicted as the polygon Rigure 22, may be thought of as a region of severe weathea fiow
constrained area (FCA) within which normal arc flameals 642 flights per hour. The modeled constregstricted
total arc flow within the polygon to 341 flightsmeour, a 50% reduction.

The figure illustrates the modeled impact of thisgace constraint as the difference between swoisitduring
constrained and normal operations. Red indicatetesr@nd arcs that had increased flow during cdnstita
operations. Blue indicates reduced flow. Notice tha colors are shaded on a log scale to maguolffles changes
in flow.

| 50% capacity There is an additional network cost
s reduction associated with the reduction in node

451

40+

e

a0~

26

capacity within the polygon. The added
cost is due to some flows being forced to
take longer paths between market pairs in
order to satisfy the reduced capacity within
the polygon. Comparative results are
summarized inTable 1, which shows the
additional mileage and dollar cost
associated with the modeled airspace
constraint.

Dollar costs for the normal and constrained

] solutions throughout this paper were

120 110 ‘mm ‘ 90 80 70 Computed aSSUm|ng

-1 01 00m o 0.01 0.1 1

= 400-knot average groundspeed
Figure 22. 50% reduction in arc capacity relative 6 normal arc

flow $60 per minute of flight time

Table 1. Impact of the 50% arc capacity reduction sown in Figure 22 lasting 60 minutes. Assumes $6@ip
minute of airborne operations.

Normal Constrained Change Percent Change

s o R N o, Constraint on arc
Within polygon Total arc flow (flts/hr) 682 341 341 50.00% flows relative to
Cost of solution (nmi) 1,098,430 1,109,576 11,146 1.01% normal flow

Entire network {

Cost of solution ($) 9,885,870 9,986,184 | 100,314 i 1.01%

Impact of airspace
constraint in mileage
and dollars

These assumptions are used only for converting Maiktputs, which are given in units of distanceutats of
cost. An estimate of the dollar cost associateth wie one-hour constraint modeled above using theseersion
parameters is roughly $100,000.

Up until this point, NetFM applications discussevé involved a single time step. The results of¢hgingle time
step models reflect the steady state solution, wvagsumes demand and capacity parameters are riotistaugh
time. The operational equivalent to these resutislévbe an airspace constraint (such as a cetigiderstorms)
forever having a fixed position in space. In preethowever, capacity/demand imbalances have a fthitation.

" This estimate was based on data available in ZR86ent increases in fuel prices have undoubteuacted
airborne operating costs. NetFM solution costgdish dollars can be scaled up (or down) baseth@matio of
current airborne operating costs to the baseliise @o$60 per minute used throughout this paper.
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This gives controllers and airlines the option ofiting around a constraint or waiting on the growmdil the
constraint clears. In the next section, we distuss ground delay was incorporated in NetFM throtighmodeling
of multiple time steps.

D. Including the Option for Ground Delay

When an en route capacity constraint such as aspadée Flow Program (AFP) or weather event occurhen
operational world, flights have the option to fipand the constraint — requiring additional fligime, or to wait on
the ground until the constraint dissipates. By ienpénting a time-varying network as discussed instition on
Time-Varying Networks, NetFM begins to answer tbkofving types of questions for a given NAS event:

= At what point does ground delay become an essqrdilof the optimal solution?

= Which market pairs should take the option for gbdelay?

The cost associated with taking the option for gbdelaysz(introduced in Mathematical Formulation) is rethte

average groundspeed, the duration of the grouraydehd the cost ratio of ground versus air opamatiThe “delay
arc cost”, is computed as:

n=vxdxr, (13)

wherev represents the average groundspeed of airbormes filo nautical miles per hour (knotg) denotes the
duration of the constraint in hoyrand the cost ratio of ground versus airborne opmersitis denoted by.
Assuming an average groundspeed of 400 knots,idarat half an hour, and cost ratio of ground tdaine delay
of ¥%:

71 = 400ktsx 0.5hrsx 0.5 =100nmi.

In this example, waiting on the ground for half laour has the same cost as flying an extra 100 calutiiles.
Factors making the option for ground delay moreaative include:

= Slower assumed groundspeedFlying the extra distance to go around a corndtnaipuld take twice as
long at 200 knots than it would at 400 knots, mgkime option to wait it out on the ground moreaattive

= Shorter constraint duration It is more appealing to wait out a constraintitagsonly 30 minutes than a
constraint lasting an hour

= Lower ratio of ground:air operating costs If the cost of ground operations fell from %2 to Katt of air
operations, then it would be less costly to waittlee ground. Ground delay would also become a more
attractive option if increases in fuel prices made operations more than twice as costly as ground
operations.

This tradeoff between taking ground delay and fiyémound a constraint is capture in NetFM by E§).(1

The following two-time step examples model the istpaf airspace constraints of increasing size tniifly the
point at which ground delay becomes a part of ftex@l solution. During the first time step t(1jcdlows within
the polygon are limited to 75% of their normal usaga 25% reduction. Arc flows return to the unt@ised state
during the second time step t(2). Each time steheése examples represents 30 minutes, which aiesu& weather
event lasting half an hour and then clearing. Welelexd three circular constraints of increasing,sigeshown in
Figure 23, having radii 100-, 200-, and 300-nmi, respectivdlhe three maps on the left show the impact ef th
constraint during the first time step by companmagle utilization and arc flow to the normal opeyasi solution.
Regions of increased flow appear in red, decreflsadin blue. Regions of increased flow are visilbhered just
outside the boundary of each constraint. Thigjisvalent to flights being pushed out into the héigring airspace.
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t(1) — normal operations

Market pairs taking ground delay arc from t(1) into t(2)
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Figure 23. NetFM solution for multi time step scendo involving a 25% reduction in arc flow with polygons
of radius 100-, 200-, and 300-nautical miles, resgtively, applied during t(1) with full capacity restored

Maps in the right hand column show which marketrgaise ground delay in the optimal solution. Whiea t
airspace constraint is relatively small (e.g. 10@)nground delay is not necessary and rerouteseadme suitable
for addressing the en route flow restriction. As tionstraint grows to 200 nautical miles in radibs, problem can
no longer be handled spatially while maintainingmiimum cost. The optimal solution now requires the
implementation of both reroutes and ground delayhls way, NetFM may eventually be used as atmadentify
which type of TFM approach, or combinations of agmhes, will best deal with a given capacity/demand

during t(2)

imbalance. These results are summarizethine 2
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Table 2. Summary of solutions displayed in Figure2where each time step equals 30 minutes. Assumé&d$
per minute of airborne operations and ground-to-aiborne cost ratio of ¥2.

costs ($) relative to normal operations Market pairs taking
Radius (nmi) t(1) arc t(1) ground delay  t(2) arc Total  ground delay arcs
100 3,506 0 0 3,506 0
200 -147,002 29,349 155,763 38,111 83
300 -445,176 73,823 451,170 79,817 229

Arc costs during the 100-nmi constraint are eledatering t(1) by about $3,500 relative to the ndroyerations
solution. This added cost represents flights wgllio travel the extra distance to go around thatikelly small
constraint rather than take ground delay. The caimitdisappears during t(2) and capacity retuonsarmal. Since
the ground delay arc from t(1) to t(2) was neveedjsdemand during t(2) is identical to that durimgrmal

operations resulting in no added arc cost durirgy ghcond time step. The total modeled cost of & nni

constraint is just over $3,500.

As the radius of the constraint increases to 200 arn costs during t(1) relative to normal operas are reduced
by $147,002. This cost reduction is due to a radadh flow through the network arcs as demand hetgking the
ground delay option instead. The demand that t@olrgd delay during t(1) is then added to the pti;ng demand
during t(2). The result of the added demand duriyis a significant increase in arc costs of $I68 relative to
normal operations. The total cost of the 200-nnmist@int is therefore $38,111, which is the sunthef arc costs
during each time step and ground delay costs f(@jnto t(2). The cost of the two time step scenarimlving the
300-nmi constraint is $79,817.

The results inTable 2 show how NetFM can be used as a tool for measutiegimpact of different size
capacity/demand imbalance constraints as well asdéntifying the point at which a constraint is lsoge that
ground delay becomes an essential part of the ap8oiution. As previously described in this sectithe amount
of ground delay included in the optimal solutiorpeieds on the trade off between routing around atcaint
(taking additional flight time) versus waiting diie constraint on the ground. This trade off isrdef by parameter
7Tin EQ. (13). As a result, NetFM can also be used ol for modeling how a system wide TFM strategght be
impacted by various conditions such as rising @wsts. Physical constraints such as limits on hadtlcan also be
incorporated into NetFM.

E. Dynamic Constraints

The impact of static airspace constraints was exadhiin the previous section. Real constraints, artiqular
weather disruptions, change through time. NetFMokrsathe modeling of airspace constraints thatdgrnamic in
position, size, and intensity. This section dessilihe solution to a problem involving a dynamicsgéce
constraint. The example consists of four time stepsh representing 30 minutes. During time stepsah airspace
constraint imposes a 25% capacity reduction redativarc flow during normal operations. The positamd shape
of the constraint change during each time stepepscted inFigure 24, eventually clearing during the fourth and
final time step.
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t(i) — normal operations Market pairs taking ground delay from t(i) to t(i+1)
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Figure 24. Impact of a dynamic airspace constrainturing a four-time step NetFM simulation. Changesn
arc and node flow relative to normal operations appar on the left. Ground delay market pairs during @ch
time step are shown on the right.

NetFM determines the optimal combination of renogtand ground delay so as to minimize the total dasng
this four-time step problem. Maps on the left shemew and node flows relative to normal operationgaif, with
blue indicating reduce flow and red showing incesasMaps on the right identify market pairs takigmgund delay
during each time step. These results are summanzZeable 3.
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Table 3. NetFM solution to the four-time step prokem involving dynamic capacity/demand imbalance
constraints illustrated in Figure 24. Assumes $60gr minute of airborne operations and ground-to-airtorne
cost ratio of %.

Cost ($) relative to normal operations

Ground Market pairs taking
Time Step Arc Delay Total ground delay arcs
1 -92,291 22,131 -70,160 94
2 -98,474 40,334 -58,140 94
3 94,667 22,437 117,104 44
4 124,902 0 124,902 0
Total 28,805 84,902 113,706

Flows inside the constraint polygon are reducedicated by the blue shading. This reduction in figwdue to a
reduction in the “airborne” demand in the netwoskaaresult of ground delay being taken. For exantpketable
shows that arc costs during t(1) are reduced by2892while ground delay costs add $22,131. Grougldydis
optimal for 94 market pairs during time steps 1 an@®nly 44 market pairs would use ground delayrdyuthe third
time step as the end of the constraint draws neAsethe constraint clears at t(4), demand takiraugd delay
during previous time steps is added to the exigfieigpand at t(4). The result is a surge in arc fiawillustrated in
red inFigure 24. This four-time step event represents two hourgalftime and has a total cost of about $113,000.

F. Measuring the Sphere of Influence

A capacity/demand imbalance such as the scenarielex in the previous example (section E) can immgdamand
patterns far from the source of the constraint. Bxednthat normally would have flown through the oegis now
either ground delayed or pushed out into neighigorégions. The extent to which demand is spatidityplaced
during an airspace constraint is referred to hertha “sphere of influence”. This section describes NetFM can
be used to predict and measure the sphere of imdtufor a given capacity/demand imbalance.

We investigated an actual NAS event involving arraute capacity/demand imbalance, modeled the @nsin
NetFM, and finally compared the NetFM predictionthe actual sphere of influence as showrkigure 25. The
actual event being modeled was June 14, 2005, amdashich multiple Ground Delay Program (GDP) ipgort of
Severe Weather Avoidance Plan (SWAP) initiativeseneeing implemented to deal with en route weathbe
map on the right compares actual traffic volumer{ded) during the 1800-0200Z hours on June 14, 200@®rmal
demand levels for that time range during June ahd2D05.

NFM Prediction Actual NAS Response

Increased flow to the North

__ NEM vs. Actual

- 26% (within constraint) - 23%
+13%  (60-nmi buffer) + 16%
+13% (120-nmi buffer) + 10%
- 3% (180-nmi buffer) + 5%

Demand shift from east to west

Reduced flow No change Increased flow

Figure 25. The sphere of influence of an actual i@pace constraint is measured by comparing node uga
within buffer zones relative to normal operations
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Going with convention, blue indicates regions datigely low traffic volume while red shows wherelume is
elevated. A polygon was then drawn to enclose dhgel region of reduced traffic volume in the cemtfethe map.
Traffic volume within the polygon was down 23% tela to normal usage. The polygon indicates thatioo of
the constraint. This constraint was then modeledN&FM as a 23% reduction in arc flow relative tormal
operations within the same geographic polygon. Nib&-M-predicted impact of the constraint was thempared
to the actual NAS response observed on June 14, 200

Buffer zones were drawn around the constraint at 20-, and 180-nautical miles, respectively. Dechavithin
each buffer zone was then compare with normal usagkentify the sphere of influence of the conisitraApplying
the 23% reduction in arc flow within the modeledhstraint resulted in a 26% reduction in node ugagenand)
within the polygon. Just outside the constraintiie NetFM prediction, there is a 13% increase imaled which
matches well with the 16% increase observed iftA8. This increase in demand is due to flights gemoved out
of the constrained region and into adjacent airspabe 120-nautical mile buffer zone shows a sineféect. At
180-nautical miles out however, the NetFM predittniggests a slight reduction in demand signifyiregsphere of
influence in the optimal solution extends only #0Inautical miles. The sphere of influence obseimettie actual
NAS response is about the same and tails off téadngrease in demand within the 180-nautical miléfdr zone.
Other similarities between the NetFM prediction autual NAS response can be observed. For exaelelgted
demand is observed in both maps over northern Mipolss ARTCC (ZMP). Also, demand over central
Jacksonville ARTCC (ZJX) appears to shift from easwest.

Numerous similarities appear when comparing theabien of the NetFM optimal solution to the operatd
solution. This observation suggests we are onitjin track to creating a working high-level modéhow the NAS
will respond to predicted constraints. Insight ike system-wide impact of localized events, sushwvaather
disruptions, can be gained through applying NetBMredict and evaluate the sphere of influenceciessal with
capacity/demand imbalances.

G. Measuring the Impact of Spatial and Temporal Uncerainties in Weather Forecasts to Aid in Risk
Management

TFM and airline planners deal with risks associatéti

predicted airspace constraints such as convective
weather. There are two components to risk: likeltho

and impact as shown iRigure 26. The likelihood of

convective weather is an area of ongoing research jelinood |:| Medium
pursued in studies concerning various weather &stec

products [12][13][14][15][16][17][18][19][20]. Effetive

risk management also requires knowledge of the @tnpa . Low
associated with each possible outcome. The impfct o

convective weather is less understood as it regjare

understanding of the complex relationship between Figure 26. Risk table adapted from [11]
demand levels, airspace capacity, and networktsireic

In this section, we demonstrate the applicatiohefFM for measuring the potential NAS-wide impatpossible
weather scenarios taking into account spatial angboral uncertainties in weather forecasts.

Risk:

H-

Impact

Weather Impact as a Function of Location

To go beyond modeling the impact of a single camsty we configured NetFM to compute the impacthaf same
constraint placed at various locations throughbet NAS. This analysis was conducted using NetFMdive a
two-time step problem within each of the 65 fivagdee by five-degree (300-nmi by ~230-nmi) grid €elepicted
in Figure 27. The first time step involved a 25% reduction tio tow with the cell. Arc flows were then set teetr

unconstrained state during the second time stegh Reoblem was solved independently based on no22@0Z
demand levels. Grid cell size was chosen to reptéle approximate size of an actual weather disymp

The figure shows the relative impact of the comstrat locations throughout the NAS as measuretl&yM. Red

cells indicate regions where the impact is higvégh cells 37, 25, and 49 being the top three. fipere makes
clear that a constraint, such as weather, in thei2€@o area (cell 37) has a greater impact tharsah@e constraint
located over Montana (cells 4 and 5).
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These NetFM results agree well =
with our intuition regarding areas 1 2|3 |a]s
of the NAS that are sensitive to i
disruption. The importance of this
NetFM application is that it
identifies and quantifies the b
network impact of constraints, 27 | 28 | 29 | 30 | 31
which could be modeled to have 5
any shape, size, duration, or B
severity, on an equal scale
throughout the NAS. This 7
approach could be wused to 53 | 54 | 55 | 56 | 57
normalize for weather severity .l

Location of
highest
weather

M impact

40 | 41 44

when comparing the operational = I 'HD‘

costs of different TFM initiatives $l g !

such as GDP SWAP, AFP, and

MIT. Figure 27. Network sensitivity as a function of costraint location based

on modeling a 25% reduction in arc flow within eachgrid cell. The most
sensitive regions appear in red.

Table 4 lists 20 cells with the highest cost increase glwaith additional parameters for each cell. Thaltobst in
each cell before and after imposing an airspacstcaint is a measure of the sensitivity of eachtoethe modeled
airspace constraint. Cells with the highest cost those most sensitive to an imbalance betweencitapand
demand.

Table 4. Top 20 cells most sensitive to constraintmsed on 2200Z demand. Assumes $60 per minute of
airborne operations and ground-to-airborne cost rato of %.

Cost relative to normal operations Ground Delay Markets Inside

Cell Reroutes ($) Ground delay ($) Total ($)  Market Pairs Cell Arcs In Cell Arc Flow In Cell

37 13,599 57,114 70,713 60 3 197 910
25 936 63,990 64,917 41 2 134 589
49 10,476 44,964 55,431 43 2 152 761
46 14,787 34,326 49,113 32 2 124 618
42 846 41,877 42,723 13 1 61 411
35 24,345 17,154 41,499 29 2 153 992
62 207 39,807 40,014 53 3 93 364
36 30,753 9,000 39,762 19 3 185 1186
47 15,633 23,949 39,582 36 2 121 670
23 23,733 14,049 37,782 25 4 152 830
22 28,782 6,849 35,622 5 1 114 873
28 279 34,245 34,524 22 1 52 304
29 12,483 20,097 32,580 31 1 88 851
34 14,967 17,163 32,130 26 2 104 792
32 17,649 13,248 30,897 10 1 78 701
48 10,107 19,278 29,394 24 1 112 548
24 21,519 1,989 23,499 6 0 183 690
2 0 21,231 21,231 24 2 54 189
31 12,519 6,012 18,531 5 0 55 730
21 17,046 90 17,127 1 1 64 596

The table lists the added cost associated witlcdmstraint being located in each cell. The mossitiga grid cell
(by total cost) is number 37, which contains thmeket airports: Philadelphia, DC Metro, and ChiéeloNC. The
impact of the 25% reduction in arc flow lasting @inutes is a combination of rerouting and grounthyleosts.
Reroutes and ground delay in cell 37 cost $13,58D$%b7,114, respectively with a total cost impac$60,713.
The number of ground delay market pairs listedhi@ table is the number of market pairs for whicking 30
minutes of ground delay is more optimal than thaealddistance to fly around the constraint. The remalb arcs in
each cell and arc flow in each cell are provided aseasure of the flow impacted by the constr&iat.example,
there are 197 arcs inside cell 37. These arcs flyrcery 910 flights per hour. Under the consttagach arc in
cell 37 was limited to 75% of its normal flow, mésgntotal arc flow was reduced from 910 to 683Htgyper hour.

22



Weather Impact as a Function of Location and Time

Weather impacts were measured as a function ofitmcand time culminating in the results presentedable 5.
The table lists the impact of the same 25%-rednatmnstraint occurring at various locations anceirnm the NAS.
For example, the constraint occurring in the NewkY/dBoston area (cell 25) during the 1800Z houulgichave an
impact of 1,141 equivalent air minutes. Howeverthié same constraint (such as a weather systemgartwo
hours later, then the impact would increase 35%%89 equivalent air minutes. In this way, NetFM te used to
guantify the impact of temporal uncertainty.

Table 5. Weather impact based on a 25% flow reduati lasting 30 minutes at select times and locations

Impact (equivalent air minutes)

Cell  Region 0800Z 1600Z 1800Z 2000Z 22002
2 Seattle 20 317 504 352 a04 | 1(2) > 6 7 8 91011 12)13)
25 NY/BOS 2 1,376 1,141 1,539 1,237 141516 17 181920 21 22232425 Nveos
) L RN i il it = ) i 2 X5
29 ZOA/ZLA 116 753 | T 645 o 584 621 |27 28(2% zonziA 3334 35 3@1@) DC Metro
37 DC Metro 2 1832 | 1350 1495 1347 |40 41 42 43 44 45 46 47 48(d9) s 2
: - O T
49 Atlanta 2 2,064 1,053 71 1,593 1056 53 54 55 56 57 55 59 60 61L62 —
62 Miami 12 1,683 936 1,181 762 I
Impact of temporal uncertainty Impact of spatial uncertainty

NetFM can also quantify spatial uncertainty. If wea predicted for 2000Z in the Atlanta area (d€l) drifts south
into the Miami area (cell 62), then the impact Wil reduced by 26% from 1,593 to 1,181 equivalEmhanutes.

Relative Impact Matrix

Another application of these results involves cariing a relative impact matrix (RIM) as shownTiable 6 where
the impacts of potential weather outcomes are ddfielative to the impact of the expected outcohe. expected
outcome could be interpreted from an existing wesatbrecast or may eventually refer to the expegtdde based
on multiple scenarios given in an ensemble foredajt

Table 6. Relative impact matrix for weather prediced for 1800Z in the Atlanta area

Relative Impact
Spatial Temporal Deviation (hours)
Deviation _ Cell -6 -4 -2 none +2 +4 +6

none 49 1.23 1.77 1.96 1.00 1.51 1.00 0.77
N 36 0.84 1.52 1.14 0.82 1.10 0.72 0.73

NE 37 1.48 1.83 1.74 1.28 1.42 1.28 1.11

E 50 0.36 0.18 0.28 0.20 0.15 0.08 0.14

SE 63 0.09 0.16 0.18 0.14 0.07 0.04 0.02

E 62 1.33 1.39 1.60 0.89 1.12 0.72 0.66

sw 61 0.02 0.02 0.04 0.02 0.04 0.01 0.01

w 48 0.31 0.56 0.55 0.26 0.88 0.53 0.49

NW 35 0.56 0.87 0.67 0.32 1.08 0.75 0.76

When the actual weather matches the expected weathmth location and time, then the spatial amchgoral
deviations are none and the relative impact is.lf0he weather arrives two hours early, howevieen the table
shows there is a 96% increase in the impact (1LA6rnatively, the relative impact diminishes 298 (0.82) if the
weather drifts, say, north.

It is understood that temporal deviations in weafbeecasts seldom reach six hours. However, tipe of table
could be adapted to provide useful information M planners or other decision makers when managsks
associated with uncertain weather. In particulas type of display could help define the impadsaX a risk table
(Figure 26), giving decision makers the ability to weigh thatential impacts of possible weather outcomes when
selecting the most appropriate strategy in the ddieacertain weather.
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IV. Conclusion and Next Steps

Many questions arise in TFM planning when dealirith wapacity/demand imbalances in the NAS. For eptam
what is the optimal strategy for scheduling andingutraffic around such constraints? At what paiogs the extent
of a constraint require the use of both rerouting ground delays? What is the unavoidable cost pérécular

constraint? We have presented in this paper a dgnamic, time-varying, multi-commodity network flomodel

representation of the NAS that begins to answesethygpes of questions. This model is unique initsainderlying

architecture of nodes, arcs, and markets was defiwen operationally observed conditions. Furthemnaode

capacities were set based on observed sector vatagein an effort to create a high-level modet tiesponds to
demand and capacity constraints in ways that apgieslar to the operational NAS.

The application of NetFM was demonstrated for rpldtiscenarios including quantifying the inherergtaaf NAS
events, predicting the extent to which demand fiattons propagate outwards from an airspace camstand
measuring the impact of spatial and temporal uaggres in weather forecasts.

V. Future Research

NetFM currently models demand as a continuous fimm source to sink, similar to how electrical @ant flows
through a circuit. In order to more accurately mdbe interactions between dynamic demand and dgpacfocus
of future research is on the implementation oflly{fdynamic network flow model in which demand pesshrough
a grid of evenly-space hex cells.

We are also working on algorithms for disaggregatine flow-based solutions produced by NetFM idight-
specific solutions. In this way, we will be ableuse NetFM to optimize a schedule of individuateift based on
dynamic demand and capacity constraints.

A major step towards readying NetFM for operations¢ will be translating the routing solutions defi in the
NetFM architecture of nodes and arcs to the op®ratirouting structure of jet routes, airways, dtad instrument
departures (SIDs), coded departure routes (CDRs)dard terminal arrival routes (STARS), and alike.

The existing architecture of nodes and arcs nowiesgmts a single layer of en route sectors. Addiggyers could
be added to the network to represent flows at iffealtitudes. An appropriate cost could be asgigio arcs that
transition between altitude layers to reflect ppotference to maintain a fixed altitude.

We are also pursuing continued comparisons betweehetFM and operational solutions to extend adiah and
to pinpoint problem areas in the NAS to help fofuusire investments and estimate potential retufes.example,
identify ideal locations for installing Automaticependent Surveillance — Broadcast (ADS-B) groumticsts to
provide enhanced capacity corridors with the bgstiesn effects.

The application of NetFM for measuring the impatuncertainty in weather forecasts could be extdrnetake
into account weather probability. This research idnelp to identify regions of the NAS most likety experience
high-cost constraints.
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