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Mechanisms to trigger reconfiguration of airspace hve not been fully explored. Such a
trigger mechanism requires a process for gauging eected costs and benefits associated
with a particular airspace reconfiguration and for deciding if the benefits justify the
associated costs. To that end, one needs to quantthe changes in a demand profile to be
able to decidethe amount of change large enough that it shoutigger a reconfiguration. We
present several approaches for measuring traffic @nges by incorporating aspects such as
traffic spatial dispersion, traffic load, and traffic directionality. Additionally, for dynamic
sectorization, we develop metrics for measuring theost of shifting from one sectorization to
another. This cost is of particular importance, sice the degree of change between two
sectorization schemes can create correspondingly @itional workload for human operators
to adjust to the new sectorization.

Nomenclature

ty = time period

i = cellindex

W = traffic load for celi at time period

W, = traffic load change from time peridgtot,

Gix, = number of aircraft transferred from cetb its adjacent ce|lduring each time periog

N(i) = set of adjacent cells to cell

S = supply of nodé

di = demand of node

Xi = amount of commodity transferred from node nodg

h = index for dummy node

P = artificial cost of transferring one unit of corodity to/from a dummy node to/from other
demand/supply nodes

Alx = set of cell indexes such that those cells tagrattith celli construct a sector during time perigd

Mtx = number of sectors during time peripd

d(x,Y) = distance function between poiand sety

E(x,y) = Euclidean distance function between poingndy

dy(x,Y) = Hausdorff distance function between poirind sety

HDM(A,B)= Hausdorff sectorization difference metric betwsectorizatiorA andB

[. Introduction

YNAMIC Airspace Configuration (DAC) is a major pnagn within the Next Generation Air Transportation

System (NextGen) to better serve user demand bandigally providing airspace capacity where it ieeed.
DAC calls for an ability to shift airspace resowwde adapt to changing traffic, weather, and cdletravorkload
patterns. DAC involves creating new classes ofpakts, such as corridors-in-the-sky, automatedssglération
airspace, dynamic resectorization, étcfor dynamically managing airspace capacity basedhmnges in demand
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profile. Research has been focused on developnfemethodologies and algorithms for optimal desidgreach
concept. For example, optimal re-sectorization been investigated given a set of historical or dasted 4-
dimensional trajectories (4DT$):' Research must be performed to develop triggersiftarent classes of airspace
in response to projected changes in traffic stmecand volume. Deployment or reconfiguration ofreagspace
class incurs costs for the system (especiallyHerituman operators, including controllers, supersisand traffic
specialists) to adapt to the new configurationsesehcosts may exceed the expected benefits. Theréfas
important to perform a cost-benefit analysis walladvance of applying any DAC airspace class. Aalutily,
computation of optimal airspace reconfigurationlddee an expensive experiment and may not be fleasitreal
time. Therefore, having metrics for traffic changeuld help identify proper times for airspace refaguration
without actually performing reconfiguration comptiga. This can prevent an expensive computatioratase that
provides a result whose cost is greater than itefite

Considerable effort has been invested to develeiics for airspace complexity (i.e., Dynamic Deyist*°
but these metrics do not directly compare two icagtenarios, nor gauge the degree of change betiheen; two
traffic scenarios with completely different pattemay have similar levels of complexity.

An important aspect of developing a trigger mecbmnis identifying a collection of metrics to measuhe
expected changes in traffic pattern and volume ffiEra&haracteristics can be categorized into threajor
components:

1- Traffic volume or intensity
2- Spatial dispersion
3- Directionality

We discuss each of these aspects, and how chamgesh characteristic may justify airspace adjustm&/e
propose two sets of metrics to measure the diftexgin traffic characteristics between two timeiqus, t; andt,.
For instancet; andt, could be two consecutive 4-hour time periods.

In addition to metrics for traffic change, the DA®ger mechanism should be able to measure thetedbe
system (or human operator) for activating a classispace (for instance, activating a corridoridgra busy
period). This is necessary to avoid drastic chamgesshort period of time that may disable thetaaiers’ ability
to cope with the new configuration without signéfit benefit in system efficiency. Being able to mea changes
in traffic demand from one time period to anotterikey first step in implementing trigger mecharsifor DAC
concepts. Additionally, the computational intensitfy some proposed DAC algorithms necessitates itiithe
number of scenarios for which a reconfigurationudtidoe examined.

Among all DAC airspace classes, dynamic resectoizés the most mature** Therefore, in this paper we
focus on quantifying the cost of dynamic resectdion. Although the examples used in this papet pemarily
with  DAC concepts for sectorization, other airspackasses require similar metrics to guide airspace
reconfigurations.

[I. Metric Definition

At the 2008 DAC Triggers Workshop at NASA Ames Rash Center, researchers identified a number of
different triggers for airspace charfdesuch as natural user demand changes, traffic flamagement events,
airport reconfigurations, FAA policy changes, amdos. To narrow the focus of this paper, we asstimethese
changes are implicitly captured in a future pragacof traffic demand, specifically 4DTs.

In order to capture the different manners in whaahtraffic can shift from one time period to anethwe first
examine the core possibilities for changes in icgffattern. Figure 1 illustrates abstract represté@ns of these
different possibilities. Each category reflects area combination of three fundamental factors wherasuring
traffic topology (traffic volume or intensity, spaltdispersion, or directionality). According toetfe possible cases
we develop a set of metrics that could gauge nsgjenarios in traffic shift.
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Figure 1. Examples of traffic shift within a givenairspace volume. A.Change only in traffic volume or
intensity.B. Change only in traffic directionalityC. Change only in spatial dispersion of traffia.
Change in direction and spatial locatiof. Change in directionality and spatial dispersion.

A. Traffic Change Metrics

A convenient way to capture traffic topology (fatb intensity and pattern)
is to decompose the airspace into small cells andpate metrics for each cel
using the forecasted or historical tracks (see rieéid@). Similar decomposition
techniques have been used for partitioning thepads into sectors and air rout
traffic control centers. Yousefi et al' computed the traffic load for each sme
cell as total number of radar hits in each cell doperiod of time and used
transfer metric defined as the number of aircrafhsferred between pairs o
adjacent cells. These are then used to clustes icedl sectors and centers. W
use a similar approach to develop three types aificrchange metrics that

capture each of the factors identified above. Figure 2. Example of
airspace decomposition to
1. Traffic Directionality and Load Metrics cells for computing metrics.

We define traffic load metric\&\/tly12 as an aggregated value of absoluwe
changes in traffic load for each cefromt; tot,:

W =

1.t

W,

i

- W

ty i

1)

i=1
where W, i and W, ; represent traffic load (for example, total numbfraalar hits) within cell during times;

andt,, andn is the total number of cells within the airspaceler study. Calculation of this metric is beststhated
in Figure 3.

We define the traffic directionality metriCtltz to measure the overall change in traffic directfoom one
period to the next:

Gob 1T N@) 2
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whereC,j 'y is the number of aircraft transferred from delb its adjacent cefl during each time periot}, and

N(i) represents the set of adjacent cells toic€hlculation of this metric is best illustratedrigure 4.

w, - W, |

Figure 3. Traffic load metric.

Time t, I Time t, I

Ctltz =|8- 8|+|6- 1|+|2- 7|10
Figure 4. Traffic directionality measurement.

2. Earthmover Metric for Spatial Dispersion

In this section another metric is described to meaghe changes in traffic spatial dispersion uding
earthmover metrics approathThis metric is intended to be particularly sewsitio the type of traffic shift
(heading) as depicted in Figure 1E. Again the aicepis decomposed into cells as illustrated in fleéid) and the
difference between the number of radar hits fotheesll during two time windows is calculated, whican be
positive, negative, or, zero. The total numberaafar hits during two time periods may also be difé.

This metric calculates a measure diftancebetween two different distributions of radar hits two time
periods. In the spirit of other earthmover metrige, compute the amount of work required to tramafone spatial
distribution into the other through a series of Bmperations. In our case, the operation is togfer radar hits from
an airspace hex cell to one of its neighbors. Weprde the minimal amount of radar hit movement ireglto
transform one distribution into another. As will Bleown, a complication arises when the two distidns being
compared have differing numbers of (total) radés.hi

In order to calculate the metric, we solve an imstaof a transshipment problem on a network a®vall
Centers of the hex cells tiling the airspace amsittered to be nodes of a network. Each node inemed to its
neighbors in the same manner that hex cells areemed in the original tiling of the airspace. Titmelar hit
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differences for each cell are assigned to be thgplguor demand of the corresponding node; negatawes
designated as supply nodes and positives as denuates. If the difference between radar hits of pedods for a
cell is zero, the corresponding node is a transsbip node (see Figure 5). The cost of moving oné ah
commodity (radar hit) between two neighboring nodeassigned to be one. The imbalance between sl
demand due to the total difference of positive andative radar hits between two periods is tredteddding a
dummy supply or demand node, depending on theadiaf supply or demand. The dummy node will beatiy
connected to other ordinary nodes of the netwaaskdvimmy arcs with high costs (see Figure 6).

| wy - Wi, |

Figure 5. Transshipment network for earthmover’s dstance problem, created by differences of radar ht
for sectorizations in two consecutive time periods.

Then the transshipment problem is formulated devi:
G =(N, A)is the underlying networkN =set of nodes, andA =set of arcs. Note thab is a digraph, and

for every pair of nodes in the network,j I N, both (i, j)and (j,i) belong to the networi, D, and, T are
accordingly sets of supply, demand, and, transshipnmode§SE DE T= N) .S =Supply of nodél S,

d; =Demand of nod¢1 D, and X; =amount of commodity (radar hits) transferred frdro j . In case of

supply or demand imbalance we introdute;dummy node (supply/demand)p, ; =the artificial cost of
transferring one unit of commaodity to/from the dugnmode to/from other demand/supply nodes. Note ifhat
supply dummy node is added to the network, the olijymy arcs that need to be added conrfetd demand
nodes,(h, j)," | D . If a dummy demand node is added, we nea

toadd(i,h)," i S. o

The mathematical formulation of the transshipmewoblem when
a dummy supply node is added is as follows:

—
min.z= X%+ R % (3) N\
(i, A (h,jh A )~ .
{2
Subject to: -~ \._T,z
n g |
N )ﬂ] = $’ i S l,'l
(.01 A
Xk] = dJ! " JI D J,-"r
(k1 A ,ff
X - =0, "1 T \ ) /
(il A Q. A —
% Iz Figure 6. The network has three
Although the transshipment problem presented aixwea integer units of extra demand, which is

program, it is easily solvable using linear progmaing techniques due Satisfied by adding a dummy supply
to the special structure of the constraints whicikes the results of ~ node with three units of supply.
the linear program integral.
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The relative values of the objective functions bé tproblems corresponding to consecutive time gsrio
4, " 4,

Consider four consecutive time periogst,,t;,t,, where Z corresponds to the integer program comparing

constitute the metric for spatial dispersili)gl,tz =

t,,t,, and z,, Zcorrespond to comparing other consecutive peril:idlsz1 - Zz| <<|Z2 - ZS| one can conclude
that the flow pattern shift frong, to t, and t,to t; is much more significant than the flow patternrajes between
t,tot; andtjto ¢, .
3. Hex Cell Size Considerations in Computation of flca€hange Metrics

The size of the hex cells used to compute thei¢raffange metrics is an important consideratiomgeaells
cannot capture the changes in traffic spatial ithistion, while cells should be large enough so #mall deviations
from trajectories would not be perceived as trafi@nge. Required Navigation Performance (RNP)ndsfhow
accurately the crew and aircraft can maintain tbeurse to stay within a certain containment rangia their track
centerline. This implies that track location changethin the containment range of RNP requirememt ot
perceived (by system operators and in this casedhtollers) as track changes. This is illustrateéigure 7; for
RNP-2, changes in track location occur when aitalafiate more than 4 nm from their track centerlin either

direction. Within the NextGen timeframe, RNP isrplad to gradually improve (decrease) to 2 nm ingheoute
environment? Therefore hex cell size of 4 nm seems reasonableoinputation of traffic change metrics.

RNP-2 Performance Assurance
Region (PAR)

e B
99.999% Probability
s X
Z< —
N s
95% Probability }Z \ -
: N\ =
> ) > = \ ‘\‘
: s ®©  For RNP-2, movement from !
95% Probability z track within PARisnot 2™, || -
% y o considered as a track change 4 nm [}
< 1
99.999% Probability
L J

Figure 7. RNP definitior™. For RNP-2, track changes within the containmentage of 4 nm are
not perceived as traffic change.

4. Composite Traffic Change Metric

To have composite single metric that captureshell factors in traffic change, the above mentionedrics
could be combined. One way to combine three traffatrics to create a single composite metric idedve their
linear weighted sum:

Tsltz = avvtltz + thltz +g)t1t2 (4)

where coefficient& , £, and are to be adjusted based on the associated @istahh factor creates for the

system (particularly human operator) to adapt ® riew situation. One way to calibrate these cdeffis is by

performing Human-In-The-Loop (HITL) experiments uaderstand exactly how air traffic controllers rasg to

shifts in traffic patterns. The premise is to pdwithe controllers with a series of traffic sceosyrieach
corresponding to shifts in traffic similar to thoseen in Figure 1. For each scenario, the contsoll®uld rate the
difficulty of traffic shift using a predefined siad) scheme. With this information, regression asialxan then be
performed to adjust the coefficients , and . While single values for each term would be comset) it is more
likely that there will be a range of possibilities each coefficient.
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B. Sectorization Difference Metrics
The amount of workload that resectorization cretiesontrollers arises from many different factors
Change in sector shape: It takes time for contt®lie comprehend significant changes in sectoreshap
For example, transforming from a simple polygonat@omplex polygon with many sides creates
additional workload.
Change in sector orientation: For example, changirsgctor from north-south orientation to an east-
west orientation.
Change in sector neighbors: Realizing neighboriagi@s is an important factor in a controller's
situational awareness. It is important for cong@lto know the upstream and downstream of their
sector traffic.
Changes in aircraft ownership: Instantaneous rtegeation requires hand-in actions by controll&rs
accept the control of aircraft within new sectordalso requires hand-offs of aircraft that arefifam
the new sector boundary. Coordinating these hafedrofist be started a few minutes before the change
happens.
Change in sector range (size): This is particulariportant because controllers must spend time to
zoom-in, zoom-out, and re-shuffle the aircraft ealtzcks.
Change in number of sectors: Adding or removingascrequires significant changes in controller
positions and could create significant complexity.
Traffic load during the transition: During times ligh traffic load, there is no time for controeio
assimilate changes in their sectors. This seerhe tine of the most important factors.
In this paper we only quantify the changes in sactthape and number. We formulate two types ofioseto
measure the amount of difference (or similarityiwmen two sectorization schemes.
1. Shared-Cell Metric
Consider two sectorization schemes during timeopleri; andt, as depicted in Figure 8, where each color
represents a sector. There are three sectors dyrfledt figure) and two sectors during(right figure). Similar to
traffic change metrics, we decompose the sectaossmall cells (for simplicity we consider rectatagucells for
explaining the concept). It should be noted thatgéctors do not have to be generated using ceflebaptimization
techniques, and any sectorization (set of polygoas)be decomposed into cells.

For each cell and time periool:j , let setAYtj represent the set of cell indices such that tlhedls, together
with cell i, construct a sector during time periojd. As depicted in Figure 8, we ha#gtlz {1, 2,5,6,9, 10, 13,
14} and ALt2 ={1,2,3,4,7,8,11, 12, 15, 16}.

Time: t, Sector 2 Time: t,

Sector 1 15 ¥ 16 15 16

1 | 12 Sector 1 | 12

7 8 7 8

—] _ N
3 4 |Sector 3 /vl 2 3 4 Sector 2

P
Cell1 Cell 1

Figure 8. Using shared cells in sectors for develop a sectorization difference metric.
Cells that remained in the same sector as dedint; tot, are represented b@f’tl A,tz . For example, for cell

iin Figure 6, we haveA, A ={12}. This means that only cell 2 remained in a sanstoses cell 1. The

" These factors are based on observations and dienaswith controllers during a re-sectorizatiorTHlat NASA
Ames Airspace Optimization Lab on July 2009.
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n
cardinality of this set when summed over all thkhsg:E%lltz = ”A’tl A]tz ” represents how many cells did not
i=1

change sectors after re-sectorization.

In order to investigate the upper and lower bouwfd&R , consider an airspace withsectors, each of which is
decomposed intoy; cells {=1...c) for two consecutive time periods andt,. If sectorization remains identical in

both periods, theRR = nf + nz2 +..+ ncz, where N, ,N,,...,N. indicate the number of cells within each sector.
Consider the unlikely scenario in whictsectors change tocells fromt; tot, (i.e., every cell being a sector). This
drastic change will result iR =1+1+...+1=n. Assume now that we have another unlikely scenafrivaving

n
one sector composed 6f cells during the first time period and having faene single sector encompassing all cells

during the next time period as well. The valueR#ould beR=n+n+...+n= n’.

n

Though not establishing a very tight bound, forinity we consider the lower bound dR to be n and upper
n
bound to ben’: N £ ”A’tl A’b” £ n?. Itis apparent that such a measure scalesmthd is sensitive to the
i=1

size of the cells we use to decompose the airsgdmgefore, in order to further limit our measune divide the
metric byn and invert it to arrive at shared-cellmetric for sectorizatiodifference

13 #3

n ®)
A A

Sl

Higher values of this metric indicate larger diffieces between two sectorization schemes. Notestiwdt a
measurement is independent from the number of iseatoeach design and measures the degree of atiffer
between two sectorizations, even when the numbsedbrs changes.

Changing the number of sectors could be a more ghange than keeping the same number of sectors,
though this should be validated by HITL studies. magnify the amount of change when the number cfose

changes from one period to another, one could piylg. (5) by a multiplielrl\/l . Mt2|e +1, where Mtl and

Mt2 are the number of sectors durihgandt,, exponene® 1 magnifies the impact of the multiplier, and the
number 1 is included to avoid zero values for thdtiplier:

nM, - M, [ +1

(6)

n
A, A,
i=1

The value for exponemtmust be determined against measured perceived oantkdiuring HITL simulation
where some sectors are removed or added duringeatogization exercise. For the lack of this typstady, in this
paper we seleg@=2.

2. Hausdorff Distance Metric

Next, we describe a metric to measure the simylénétween two partitionings of the same airspaceth@n the
Hausdorff distancgGrégoire and Bouillot 19985.In general, this can be defined for any metriccepdut we
assume that the metric space is the Euclidean gpadi@ary 2- or 3-dimensional space), and thatnti@tric is the
standard distance measi#erFor instance, for the standaeg plane, the distance between two points(x; %) and

y = (1, ¥2) is given by:
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E(x ) =y(%- ¥+ (% ¥ )

The Hausdorff distance is a measure of the disthrt®een two set¥X andY. Before we define this metric, we
first define the distance functiahbetween a point and sel:

a(x¥)=inf{ 4 x @

If Yis afinite set, then we compuiéx,y) for every point inY, then taking the smallest of all such distancew O
can think of this as the distance betwgemd the nearest point ¥f Next, we define the Hausdorff distance for two
(nonempty) setX andY as follows. For each pointin X, compute the distance functidnThen take the maximum
(supremum, actually) value over all pointsr X. More precisely:

D(X,Y)= i}uxpyiﬂf{ o %y} ©)

Intuitively, if every point inX walked over toY in the most direct route possible, then this megithe farthest
any of the points would have to walk. Sinp€X, Y) may not equaD(Y, X), we compute the Hausdorff distance
metricH as the larger of the two:

dy (X, Y)=max{ D( X,¥), O Y, %} (10)

Figure 9 illustrates the Hausdorff metrics for diste between a point and a set and between two sets

Hausdorff distance between poiand set. Hausdorff distance between 3eand sely.

Figure 9. Example of Hausdorff distance between agint and set (left) and two sets (right).

Finally, we use the Hausdorff distance betweentsetiefine the difference of two sectorizationst AendB be
two sectorizationsof a space. Let
a,a,....8, = the set of polygons in sectoripat A
b.b,....h = the set of polygons in sectoripat B
Then for each polygon (sect@) we set its Hausdorff distance Boas follows:

h(aK,B):min{ H(ak,q)} (11)

j=1.n

Intuitively, this gives us the distance frapto the nearest and most similar polygorBinA final sectorization
difference metric is defined as the sum of all smefalues over alyy in A, that is:

" For our purposes, we assume a sectorization sopagtitioning of a space into a finite set of gigs.
9
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H(AB)=  h(a,B (12)

k=1..m

Intuitively, for each polygora, the valueh is how wella, aligns in shape and distance with its most similar
polygon inB. Higher values are less similar. By summing o\kepalygonsa,, we obtain a measure of how similar
sectorizationA is to sectorizatiorB. Again, higher values indicate dissimilarity, aadscore oH = 0 indicates a

perfect match. Strictly speaking, whArhas more polygons thd) we find thatH (A, B) s H ( B, A) . Therefore,
the final metric should be computed as the maxinofii(A, B) andH(B, A):

HDM (A, B) = max h(a.B, Hb.A (13)

k=1..m j=

This metric has several desirable properties:
Commutative:HDM (A, B) = HDM(B, A).

HDM (A, B) =0 if and only ifA = B.
Triangle inequality:HDM (A, B) + HDM ( B, C) 3 HDM( A C) .

The triangle inequality property is a generally fusenathematical property for metrics. Intuitivelwe can
explain why it is desirable for our sectorizatiaffetence metric as follows. Suppose we have tlsextorizations,
A, B, andC. Further suppose thaAtclosely resembleB, and thaB closely resemble§. Then in a consistent metric,
we would expech to somewhat resembi& the triangle inequality would be violatedAfwildly differed fromC.

Another desirable property of this metric is thiautomatically accommodates two sectorizations witfering
numbers of sectors (polygons). For each “extratsea penalty is added approximately equal toaiee ofh.

For ease of computation, we processed only vertidegolygons. Specifically, we assumed that givemo t
sectors (polygonsd andb, the Hausdorff distance (a minimum value) betwa@mdb will occur between a pair of
their vertices. (This assumption would fail, fostance, if for a far point od, the nearest point df were in the
middle of an edge. The Hausdorff concept would fadf but the Hausdorff computation would be slighoff;
technically, we are computing a reasonable appratiim of the Hausdorff metric.) The algorithm wepkgd for
computing this metric is given in following steps.

Step 1.Input sectorizations andB, and let their sectors (polygons) be indexedajia,,...,a, andh b ,...R,

respectively. For ease of implementation, replacg olygon with its set of vertices. For instargeayill become
the set of vertices that defined polygon (seagrssume that >=n, and if not, reverse the roles AfandB.

Step 2.Populate anng x n) matrix M as follows. Let entryM(k, j) be the ‘distance’ between sgtandb; See
Step 3 for how to compute this value.

Step 3.For everya in a find the nearest poirti in by, and designate this distancedés, b). Then compute the
largest such value over alin a,. Here, use the ordinary Euclidean distance functio

Step 4.Having populated, add a column in which each entkys the minimum value of thith row of the

original matrix. That is, M (k,n+1) = mlln{ I\/I(k,j)}. Each such entry is the distance from sgtto
j=1.n

sectorizatiorB.
Step 5.Sum the last column of matriM to arrive at the difference between sectorizaficand sectorizatioB.
That is, output this final value:

M (k,n+1) (14)

k=1..m
lll.  Metric Computation and Analysis

A. Traffic Shift Metric Results Using Synthetic Data
To test the defined traffic shift metrics and explteir behavior, we devised a set of synthetffitt data that
represents different aspects of traffic changeuwtned in Figure 1. Traffic change metrics are poed for each
10
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set of the synthetic data and the results are aedlyDue to the lack of research for coefficients, and in
Eq. (4), we only compute the three individual rmostri

Figure 10 shows a sequence of synthetic traffia datvhich only traffic direction is gradually clged from the
baseline case 4 (far left) tot,,...ts , and Figure 11 shows different traffic changerioetnormalized to their
maximum values. The blue dots in Figure 10 indithéetraffic position updates.

Figure 10. Synthetic data for change in traffic diection only. Arrows indicate the traffic direction and
blue dots indicate the position hits.

As shown in Figure 10, the only metric that capsutieis change is the traffic directionalit;C{1t2 . This

behavior is expected, since the spatial distrilbuéind traffic load stays the same and only diredlity is changing.
Hence earthmover and traffic load metrics are fadént to this traffic change. This certain chamggaffic may be
particularly important in triggering flow corridoend may not be very important for justifying aget®rization.

1 T

0.9+ b

0.8 B

0.7r b

0.6 B

0.5+ b

0.4r b

0.3F B

Normalized Metric Value

0.2y —©— Traffic Load b

—#— Directionality

0.1}
—&A— Earthmover

1 2 3
Time Period
Figure 11. Traffic shift metrics for change in traffic direction

Figure 12 and Figure 13 illustrate an example affir metric for splitting traffic and change in atfal
dispersion. It is apparent that all three metrimfofv a similar trend and indicate more or lessaqthanges in
traffic configuration. This example could triggemyaof the DAC concepts as the spatial dispersiotraffic is
changed.

t, > T t, > t, >
Figure 12. Synthetic data for splitting traffic.
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0.9~

0.8
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Figure 13. Traffic shift metrics for splitting traf fic.

w

In Figure 14 and Figure 15, only the traffic voluisegradually increased from the baseline. Sineesthatial
distribution of traffic remains the same, in eartwer metric each cell becomes a source for supplgommodity

to its own. Hence the transshipment cost is zerd,the objective in Eq. (1) reduces o= X which is the
(I

same as the traffic load metric as defined in Bjy. $imilarly, since there is no change in traffanfiguration, the

transfer metric follows the exact same trend dfidrimad and earthmover.

Baseline T2X - 5X 10X

t t t ty

Figure 14. Synthetic data for increased traffic vaime.
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Figure 15. Traffic shift metrics for increased traffic volume.

0.1

Figure 16 and Figure 17 illustrate an example imctvia flow of traffic is gradually rotating, reselimy changes
in traffic heading and spatial dispersion. This rd in traffic configuration could trigger differeclasses of
airspace such as re-sectorization or corridors.tidféc load and transfer metrics are almost thme for all three
cases, whereas the earthmover metric is low fofitsteand third cases and very high for the secoase.
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Baseline Rotate 45° Rotate 90° Rotate 135°
t0 1:1 1:2 t3

Figure 16. Synthetic data for rotating traffic.
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Figure 17. Traffic shift metrics for rotating traff ic.

Figure 18 displays a gradual change in traffic irgadvhen one would expect a monotonic increasediffic
change metric. As depicted in Figure 19, the tmmahd traffic load metrics display such monotolhjdacreasing
behavior whereas the earthmover metric decreasastfrto t,, which should ideally increase as the traffic hegdin
is changing more significantly.

Figure 18. Synthetic data for gradual change in heding.
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Figure 19. Traffic shift metrics for gradual changein heading.

Lastly, Figure 20 and Figure 21 illustrate anotbbange in traffic pattern. This example resembiaffi¢
reroutes around an obstacle, for example a weéithier or Special Use Airspace (SUA). It is apparéom the
figures that as traffic shifts more, all three riestimonotonically increase and this is an expebtthvior.

—_—>
, )
t, t, t, ty

Figure 20. Synthetic data for splitting traffic
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Figure 21. Traffic shift metrics for splitting traf fic.

Overall, the behavior of traffic metrics computedrfi the synthetic data validates the original aggtions in
developing the metrics. In the next section we gmesesults of computing traffic metrics and inigete their
performance using historical NAS data.
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B. Sectorization Difference Metrics and Traffic ShiftMetrics Using Historical Traffic Data

In this section we use a set of historical NAS dataDallas Forth Worth (ZFW) and Memphis (ZME) Gers
during a severe weather event and compute alidraffd sector difference metrics. We use the cadleld Mixed
Integer Programming (MIP) sectorization methddf to sectorize these two centers for six three-hioue periods
from 10:00 AM 5/27/2008 to 04:00 AM 5/28/2008. Awsvn in Figure 22 and

Figure 25, both ZFW and ZME are heavily impactedwsather during the selected period. The sectdivizat
algorithm calculates the numbers of sectors fohdsue bin so that a maximum workload value is sunpassed,
resulting in varying numbers of sectors based enrtffic for that day.

The sectorization change metrics are displayeddgare 23 and Figure 26 for both centers. As dedittg the
figures, there is a high correlation between thareth-cell and Hausdorff metrics. One should nost these two
metrics are derived using completely different mdtiogies, and the fact that they both exhibit Eimbehaviors
indicates their sensitivity to changes in both @eshape and number.

Figure 24 and Figure 27 display both traffic chaaged sectorization difference metrics for ZFW adEz All
of the traffic change metrics follow almost the gatrend for this historical track data, whereastf@ synthetic
data, we showed that by artificially creating emteecases of traffic shift, these traffic metrica b&have differently
and display different behavior. It is evident thatactual traffic data the extreme cases of traffiange (as
resembled in synthetic data) are not dominant fac@nd when different aspects of traffic change raixed, the
traffic change metrics behave similarly.

Another important observation from Figure 24 andgufé 27 is the high correlation between the traffiange
and sectorization difference metrics. Again thestrics are measuring entirely different quantitees] the fact that
they correlate this well could be thought of adrst-forder validation of sectorization differencestmics. In other
words, during a weather event or any other dynanaiific pattern, one does not need to first seztor piece of
airspace and then evaluate the cost of sectonzhtjccalculating the sectorization difference nustrinstead, only
traffic change metrics can be computed and anali@zedcover extreme changes in sectorization.

Figure 22: Example of dynamic sectorization using MP method every 3 hours for ZFW, during a severe
weather disruption.
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Comparison of Sectorization Metrics for ZFW
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Figure 23. Hausdorff and Shared cell metrics for ZRV.
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Figure 24. All traffic change and sectorization meics for ZFW.
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Figure 25: Example of dynamic sectorization using MP method every 3 hours for ZME, during a severe
weather disruption.
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Figure 26. Hausdorff and shared-cell metrics for ZME.
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Comparison of Sectorization and Traffic Metrics for ZME
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Figure 27. All traffic change and sectorization meics for ZME.

V. Conclusions and Future Work

DAC trigger mechanisms will require valid metriaw imeasuring the amount of change in traffic patind
density. Traditional traffic complexity metrics ge. dynamic density) assess traffic conditions, Hmttthe amount
of changein traffic. In this paper, we presented two tmaffihange metrics. We used synthetic flight data and
historical flight data to confirm that the metricsrrectly capture the important aspects of tratfiange over time.
Operationally, these metrics would be applied dorti (forecasted) traffic patterns to assist cdlare in deciding
if and when resectorization should be performegl. (several hours from current time).

Metrics that report future traffic changes shouédrbapped into resectorization cost and benefineséis. That
is, for a given amount of traffic change (or tydaraffic change) at a future time period, what \bbe the cost of
resectorizing and how much benefit would the systegeive? To date, DAC research has focused largely
automation of good sector design, and is just b®ginto assess the transition cost and human-f&dssues
associated with moving from one sectorization totaer. Upon determining these costs, a true reseatmn
trigger could be formed by looking at differenceratio of benefit and cost. But before benefit aodt can be
computed for a given operational scenario, one rfitsstknow what type of sectorization would resatta future
time, if a resectorization were performed.

In principle, the quality of a hypothetical secmation scheme can be determined simply by creaiig sectors
for the future time period and analyzing it. Howewee results would be highly dependent upon ésectorization
algorithm used. Furthermore, these algorithms cawdsy computationally intensive. Therefore, toidvexplicit
resectorization in an operational setting, the wettve have adopted in this paper is to quantify ahmunt of
sector change that would occur at a future timéauit actually performing the resectorization. Hos reason, we
have developed two resectorization metrics to diyattie difference between two sectorization schenihese
were also validated using synthetic and histoffligtht data. In practice, the two sectorizationsudbbe the sectors
in place now, and sectors that could be in plagefature time.

Together, our traffic change metrics and sectdomatlifference metrics comprise what we call triggeetrics.
The metrics presented in this paper provide a fiogmt step in capturing the relation between clesnig traffic
patterns and changes in sector design.

Three lines of research should be pursued to cdenglee connection between these trigger metrics and
cost/benefit of resectorization. One is to find thathematical relation between a given traffic geametric and a
given sector difference metric. For purposes ofettipying a DAC resectorization trigger, if such &tien can be
established, then we circumvent the need to perfoothetical resectorizations — only traffic champgtterns need
to be examined inside the resectorization trigger.

The second line of future research is to map sedtanges into controller transition cost. This viflvolve
factors such as number of handoffs made (formevlytrolled flights passed to an adjacent sector) artded
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controller workload. It may be possible to passdiy from a traffic change metric to controllearsition cost
without computing interim sector difference metriewever, controllers may find it desirable to itnbow much

of a sector change can be expected at future tiAles, since much human factors research must be ttoassess
transition costs, we have for now assumed a cadigatahe larger the visual change from one sez#tion scheme
to another, the more work controllers would havedtoin adjusting to it. So an alternative interptietn of our

sectorization difference metrics is that they sexy@ surrogate for controller cost until the hurfzentors are better
understood. Human-in-the-loop experiments shoulddrelucted to determine how closely they match.

Lastly, a metric must be computed for the bendfgwaitching to a new sectorization as opposeddgisy with
the current one. Since the ultimate goal of DAdegibility in airspace configuration whenever pids, benefits
are probably best estimated as a flight delay reolucforecasted delays and reroutes under the semtorization
minus forecasted delays and reroutes in the oldrdot) sectorization. With properly designed resgzation
algorithms, a new sectorization is bound to imprtive situation for airspace users; the questiowtigther it
justifies the cost (to controllers) of the trarmiti For this reason, benefits must be viewed intlaf cost. The two
metrics will doubtless have disparate units, whitdy make it challenging to blend them in a singkgectorization
trigger.
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