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Abstract of the Dissertation
Geometric Algorithms for Dynamic Airspace Sectorization
by
Girishkumar R. Sabhnani

Doctor of Philosophy
in
Computer Science

Stony Brook University
2009

The National Airspace System (NAS) is designed to accommodate a larg
number of ights over North America. For purposes of workload titations
for air tra c controllers, the airspace is partitioned into approximately 600
sectors; each sector is observed by one or more controllers. Inesrtb satisfy
workload limitations for controllers, it is important that sectors be designed
carefully according to the tra c patterns of ights, so that no sector becomes
overloaded.

We formulate and study the airspace sectorization problem froran al-
gorithmic point of view, modeling the problem of optimal sedarization as a
geometric partition problem with constraints. We evaluate oualgorithms ex-
perimentally. We conduct experiments using actual historidaight track data
for the NAS as the basis of our partitioning. We compare the worhd bal-
ance of our methods to that of the existing set of sectors for the NA&hd nd
that our resectorization yields competitive and improved wdload balancing.
In particular, our methods yield an improvement by a factor letween 2 and 3
over the current sectorization in terms of the time-averagena the worst-case
workloads of the maximum workload sector.

Further, we investigate the dynamic nature of air tra ¢ and use that to
guide sector designs that evolve over time. Depending on themi of day,
demand pro les, weather changes, etc. the tra ¢ density of vawus parts of
the NAS changes. In such a scenario, it is more practical to have dymic
sector designs in order to accommodate the changing tra c; inatt this is
a common practice even today. The goal is to automate the idewcation
and re-con guration of these dense tra ¢ areas. A simple solutiowould just
compute separate sectorizations for di erent instances of atra ¢ within a



sliding time window. While this method gives excellent worklad balance for
each time window, it does not guarantee that the change in sectdesign is
minimal and local to dense tra c regions; a feature which is ver important
for dynamic sectorization. Hence, we propose an approach whitivolves
local merging and re-partitioning of neighboring sectors ihigh tra c density
regions.
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1 Introduction

1.1 Motivation

The National Airspace System (NAS) of United States (US) is a complexans-
portation system designed to facilitate the management of aird ¢ with safety
as the primary objective and e ciency as the secondary objenste. Airspace de-
sign engineers and air transportation policy makers are contially \tweaking"
the system to adjust for changes in the demand patterns, changesweather
systems that disrupt the network, and changes in the air tra c management
(ATM) policies that govern the safe operation of aircratft.

A key component of the NAS is the partitioning of airspace into maagerial
units. At the highest level, the NAS is partitioned into 20 Air Route Tra c
Control Centers (ARTCC) (in the continental US), each of whichis partitioned
into sectors each one of which is managed by one air tra ¢ controller (ATQ
(or a small team of 1-4 controllers) at any given time of the dayThere are
a total of about 600 sectors; the FAA employs about 1500 controllers, of
which over 7000 are due to retire within the next 9 years [2], ggesting a
need to redesign the airspace for fewer controllers in the nefature. There
are roughly 60000 daily ights within the NAS, interconnecting about 2000
airports (see Figure 1).

The capacity of the NAS to accommodate increases in tra ¢ demandre
being pushed to the limits. Both the FAA and NASA are backing initidives
to study how greater throughput can be accommodated safely thugh system
redesign and new technologies for automation, communicaticand ATM. The
National Airspace Redesign (NAR) initiative [1] has been in placef the last
few years to address this challenging problem. Airspace redesig critical for
anticipated future growth in the NAS. Current sector boundarig are largely
determined by historical e ects and have evolved over time. Hhee, the sec-
tors are toorigid i.e. the sector geometry has stayed relatively constant when
compared to the change in the route structures and demand pries over the
years; and there is a large workloadnbalanceacross the sectors.



(a) The current sectorization of the airspace. (b) Historical track data for ights.

Figure 1: (Part of) the National Airspace System of United States.

We study the automaticsectorization(\sector boundary design") of airspace
problem from a formal and geometric perspective, while attgoting to model
precisely the system design constraints. In doing so, we have depeld a tool,
GeoSect , which allows us to explore algorithms and heuristics for aamatic
sectorization and load balancing. Load balancing here re¢eto balancing the
workload of a controller managing the sector. The de nition bworkload is
critical. It needs to take into account human factors issues, vitch include sub-
jective estimations of psychological/physiological state anthental workload,
such as issues of visual and auditory perception, memory, stressdaatten-
tion span. Many research studies (see, e.g., [32, 43, 5, 49]) haddressed the
modeling and quanti cation of ATC workload.

We model the problem using a geometric and easily quanti ed appach to
de ning sector workload: Based on a given set of historical (or grother wind
optimized, simulated etc.) ight data, w( ) is de ned to be the maximum
(worst-case) or the time average number of aircraft in sector during a xed
time window [0; T] (typically, the time window corresponds to a 24-hour day).
This de nition accounts directly for the tra ¢ density/numb er of ights aspect
of workload. While it does not include other components thabften make up
an aggregated workload estimate, we are able to quantify somktlese other
factors and add them to our model. We have already done so forazdination
workload between sectors (which accounts for the number ofirtes a ight
must be \handed o " between controllers), as we report later; ther workload
components for potential inclusion in our analysis include & c mix, separa-



tion standards, aircraft speeds, crossing aircraft pro les, anglef intersection
between routes, directions of ights, number of facilities ira sector, location
of con icts within a sector, number of altitude changes, etc (®[57] for more
details).

The track data is assumed to be given. It gives a set of trajectes (each
given by a sequence olay pointswith time stamps) for each recorded ight
path in the NAS over the time window [Q T]. We are using the historical data
to give a distribution (in space and time) of the typical trajetories of the
aircraft in the NAS; on any given day, of course, the ight paths ary, with
weather conditions and other events that disrupt the standardchedule. Thus,
a potentially more desirable method of assessing workload is to ussck data
from an airspace simulation (such as NASA's Airspace Concept Evaluai
System [53]), since this allows one to evaluate the \ideal" roes for a given
set of demand, to incorporate new air tra ¢ concepts (such as \Fee Flight"),
and to modify the demand according to predicted future growt. The methods
we investigate, though, work equally well with input from a siralator or from
historical data.

We further extend our methods to account for no-y constrains and the
location of airports within sectors. In accordance with contller feedbacks to
our methods we enhance capabilities @eoSect to have sector boundaries
conform to dominant ows in air-trac. The software also has cgpabilities
of 3D sectorization in which each sector along with its2 polygonal region,
also has an altitude range, usually referred asor (for low altitude limit) and
ceiling (for high altitude limit).

After extensive development of methods for static sectorizatio(sector
boundaries remains same over the day or entire season), we inigegte meth-
ods to automate dynamic sectorization (sector boundaries dve over the
course of the day) to accommodate changes in tra ¢ pattern dué& changing
demand pro les and the e ect of convective weather over the NAS

1.2 Related Work

The sectorization problem has been previously studied as a gébloptimiza-
tion problem using techniques of integer programming; aftatiscretizing the
NAS into 2566 hexagonal cells, Youse and Donohue [60, 59] forratd and
solve an extensive mathematical programming model that captels more of



the sector workload issues than many prior methods. They use a largcale
simulation to compute en route metrics that are combined to ge a workload
model. Youse's thesis [59] is a good reference for problem nvation and
related literature prior to year 2004. More recent e orts insectorization are
summarized next. Bloem et al. [17] combine under-utilizedrapace sectors to
conserve air tra c control resources, Xue [58] starts with a Voroai partition
of k' points (if k' sectors are desired), and uses genetic atijbms to move
the points so as to optimize workload balance, Conker et al. JRalso explore a
clustering approach starting with square grid cells to design gec boundaries,
but they explicitly re ne sector boundaries to conform to trac pattern. Lee's
thesis [39] is a good recent resource for understanding airspaoenplexity.

In the algorithms literature, there has been related work opartitioning of
rectangles and arrays for load balancing of processors; see,, ¢lg, 24, 15, 34,
35, 44, 45]. Geographical load balancing applications hasesen in political
districting (to avoid gerrymandering); see Altman [6] (who preges NP-hardness
of political districting), Altman and McDonald [7], and Forman and Yue [28].
Geographic load balancing also arises in electric power disting; see, e.g.,
Bergey, Ragsdale, and Hoskote [13]. Recent work in the computatal geom-
etry literature looks at minimum-cost load balancing in sensonetworks; see
Carmi and Katz [9].

What makes our sectorization problem novel compared with mogieomet-
ric load balancing problems previously studied is that the ingt data consists
of trajectories of moving points; typical geometric partitioning problems have
addressedstatic point data. Also, dynamic aspect of the problem rises inter-
esting questions, less studied in the literature.

1.3 Summary of Contributions

1. We model the airspace sectorization problem in algorithmierms, as a
precise computational geometric formulation.

2. We develop a suite of heuristics (extending exact solution # 1D prob-
lem) to solve the problem in two dimensions (2D), and we discussgat
rithmic issues.

3. We enhance the methods to incorporate other no-y zone anspecial
dominant ow crossing constraints.



4. We implement and conduct experiments to test the e ectivesss of our
methods on real ight data. We present extensive computatioriaesults
comparing our methods and design choices in our heuristics. \angpare
also the results we obtain with the existing sectorization currgly in use
by the FAA.

5. We further extend our model for allowing B sectorization with oors
and ceilings

6. Finally we investigate methods for automating dynamic secat designs.

The GeoSect software is available online at [4]. Our static sectorization
results are quite promising: our best heuristic methods yield amprovement
by a factor between 2 and 3 over the current sectorization in tes of the time-
average and the worst-case workloads of the maximum workloadcg®. An
even better improvement is seen in the standard deviations (ewvall sectors)
of both time-average and worst-case workloads. With the ow cdarming
methods, we show that while maintaining workload balance, wean still get
good separations from crossing ows, and also get good angle oknsiections
of ows with sector boundaries. Extension to local methods foryhamic re-
sectorization also leads to promising future directions.

The experiments currently include only en route airspace. E@rization
involving Terminal Radar Approach Control (TRACON) areas nea@ major air-
ports is envisioned as a further extension to the methods. We meldvorkload
in terms of aircraft density (number of aircrafts in a sector),determined by
a given set of track data, which may come from historical data dirom the
results of a simulation. We have extended the results to includ®ordination
workload in the objective function as well, so that we take ird account the
number of times a ight must be handed o between sectors.

The organization of material in this dissertation is as follos. Chapter 2
includes details of static sectorization methods, both for coax sector designs
and ow conforming sector designs. In there, we also describe mets for D
sectorization. Chapter 3 is dedicated to novel ideas for dyrmac sector design,
where the sector boundaries change over the course of the dayChapter 4, we
explore two problems (re-scheduling aircraft and trajectgrclustering) closely
related to sectorization.



2 Static Sectorization

The word static suggests that the sector design remains xed over the entire
time period for which it was designed, typically a day or the dire season. The
air tra c pattern for the whole time period is used to evaluate the workload
and the goal is to balance this workload across di erent secter More formally,

Problem Statement The (static) sectorization problemis to determine a

in an \optimal” manner. Optimality is de ned in terms of the workloads
w( ), of the sectors, wheren( ;) is a numerical value indicating the amount
of \e ort" required to manage and control tra c in sector ;. The objective
may be to minimize the maximum workload (min-max) or to mininize the
average workload (min-avg) across sectors, subject to an uppesund, k, on

the number of sectors. Alternatively, the objective may be to miimize k

subject to a bound on the maximum or average workload across s&st

2.1 Convex Sector Design

In this section, we discuss sectorization methods where the resuy sectors
are required to be convex. We assume that the given airspace doms also
convex to begin with. Though convexity is a good property fosector shape,
in subsequent sections we relax this for more important featuseessential for
\acceptable" sector designs. This is joint work [11] with Amitalh Basu.

We begin with a study of the 1D problem, which has interesting gbrithmic
aspects of its own. Further, the 1D solution is used within the 2euristics
we develop and implement.

2.1.1 The 1D Sectorization Problem

Consider an airspace domain that is 1-dimensional, consisting af interval,
without loss of generalityD = [0; 1], on the x-axis. Flights can take o at
some point (\airport") of D and land at another point (\airport").



The input data consists of a setS of ight trajectories, each represented
by a sequence of \waypoints”, Xi;t;), where t; is the timestamp when the
ight is recorded to be at location x; 2 [0; 1]. We consider there to be a nite
time horizon, [Q T], containing all of the timestampst;. We generally assume
that the ight speed between waypoints is constant; thus, a tragctory can
be thought of as at-monotone polygonal chain in the X;t)-plane. If we view
this problem in a \LineLand" model, then it makes sense that thdrajectories
be x-monotone as well; if the speeds are constant along each suchdcory,
then the trajectories are simply line segments. (Other waypdis between the
start and destination x-coordinates may be used to specify changes in speed
or direction. If the 1D problem arises as a projection of the 2problem onto
the (x;t)-plane, the trajectories will, in general, zig-zag, not reessarily being
monotone in x.) While our methods for the 1D problem can be extended
to more general polygonal trajectories, here, we consider tlease of the 1D

(x;t)-plane, all of which lie within the 1-by-T rectangle, [@1] [O; T].

The sectorization problem asks us to partition [Ql] into a set ofk sectors,
1, 2;:00 k; 1.e., we desire partition pointsxg =0 <x; <X, < <Xk 1<
Xx = 1, which de ne the sector intervals ; = (X; 1;Xj).

The max-workload w( ), of a sector ; = (X; 1;X;) is de ned to be the
maximum number of ights ever simultaneously in sector : this is given
geometrically by the maximum number of segments & intersected by a hor-
izontal segment,(x; 1;t)(x;;t), for t 2 [0;T]. One can envision a sweep of
the rectangle ki 1;%j] [0;T] by a horizontal segment { the max-workload
of ; is the maximum number of segments db intersected during the sweep.
The avg-workload w( i), of a sector ; = (Xx; 1;X;) is de ned to be the time-
averagenumber of ights in the sector ;: this is given geometrically by the
sum of the lengths of thet-projections of segments clipped to the rectangle
[Xi 1;%i] [O;T], divided by T. If we let ;(t) denote the number of segments of
S crossed by tqg horizontal segmerfk; 1;t)(Xi;t), thenw( ;) = maxio.r; i(t)
andw( ;)= 2 J i(t)dt.

The min-k sectorization problemis to determine a set of partition pointsx;
(and corresponding sectors;) in order to minimize the number,k, of sectors in
a partitioning of [0; 1], subject to a speci edworkload boundB. The workload
bound B stipulates that w( ;) B, orthatw( ;) B,foralli=1;:::;k,in



the max-workload or the avg-workload case, respectively.

The min-B sectorization problemis to determine a set of partition points
X; (and corresponding sectors;) in order to minimize the upper bound,B,
on the workloads of the sectors, subject to their being at most (drntherefore
exactly) k sectors, where is speci ed as part of the input. In other words, we
want to determine thex;'s, i =1;:::;k, subjecttow( ;) B,orw( i) B,

Thus, we get four versions of our sectorization problem, depend if we are
using max-workload or avg-workload measures, and depending e choice
of min-k or min-B in the optimization.

min- k, max-workload. = We are given a budgeB on the max-workload in
each sector and wish to minimize the numbelk, of sectors. We prove that
the following greedy algorithm is optimal: At stagei, with partition points

make sector i+; = (X;Xj+1) as large as possible, subject to the budget con-
straint B.

The determination ofx;.; according to this greedy rule is an interesting ge-
ometric subproblem in its own right, and it is related to the ftlowing problem:
Given a set ofn line segments in the plane, determine the lowest point of the
B-level. Recall that the j -level of a set of line segmentS is de ned to be the
locus of all points onS that have exactly j segments lying strictly below. In
our setting, \below" means \leftward" in the (x;t)-plane, and \lowest" point
on the B-level means the leftmost point of theB-level. The lowest point on
the B-level in an arrangement of lines is solved in expected tin@(nlogn)
by the randomized algorithm of Chan [19]. In fact, this algathm is readily
adapted to give the same expected running tim@(n logn) for computing the
lowest point on theB-level in an arrangement of line segments a-monotone
curves of constant complexity [20]. Below, we give a simp@(n log® n) deter-
ministic algorithm; we are not aware of arO(nlogn) deterministic algorithm
for computing the lowest point on theB -level of an arrangement of lines or of
segments.

Consider sweeping a vertical line rightwards from x = X;. The max-
workload of the sector betweemx = x; and = can change only at certain events,



when ™ passes over aritical point, and it can only go up (by de nition) (see
Figure 2). Each left endpoint of a segment o8 is a potential critical point.
A critical point may also occur at the intersection of two segmda of S, if
the signs of these segments' slopes are opposite (since, in this c#se,t-
projections of the segments within the vertical strip start to @erlap, possibly
causing the max-workload to change). A critical point may oag at the inter-
section ; \ s, for some segmens; 2 S, if the signs of the slopes of; and s,
are opposite; here, ; is the rightwards ray from the right endpoint of segment
s; 2 S. Finally, a critical point can occur at the intersection j \ s, for some
segments; 2 S, if the signs of the slopes of; and s, are the same. Here,
is the rightwards ray from the pointa;; = fx = Xig\ s; ons; intersected by
the vertical line x = x;.

We can now solve the geometric subproblem using binary search dret
set of x-coordinates of potential critical points. Using slope selectio(see
Cole et al. [21]), we can, irO(n logn) time, compute the medianx-coordinate,
x% among vertices in the arrangementA, of the n lines containing each seg-
ment of S, the (at most n) lines containing each ray ;, the (at most n) lines
containing each ray j, and the (at most n) vertical lines through left end-
points of segments irS. In fact, we computex®to be the medianx-coordinate
among vertices of the arrangement that lie betweex = x; and x = 1. Now,
we can \test" the value x° to see ifx;,; should lie to its left or its right, by
computing the workload, w([x;;x9): If w([x;;x9) > B, then we know that
Xir1 < X% otherwise,x;.1 X% Computing the workload w([x;; xY) is easily
done in time O(nlogn), e.g., by clipping the segmentsS to the strip [x;;xY,
projecting the clipped segments onto the&-axis, and sweeping irt to deter-
mine the depth of overlap among the projections. Since thergeaat most
O(n?) candidate critical points, and each step of the binary searcrakes time
O(nlogn), we get that the overall algorithm to determinex;.; greedily takes
(deterministic) time O(nlognlogn?) = O(nlog®n). Doing this for each stage
of the greedy algorithm yields the following:

Theorem 2.1. The one-dimensional mink, max-workload, sectorization prob-
lem can be solved exactly in (deterministic) tim®(kn log? n), wherek is the
output optimal number of sectors. Using a randomized algthnm, it can be
solved in expected tim®(kn logn).

Proof. We have described the algorithm and its running time alreadyin order
to justify the correctness of the algorithm, consider an optimaartition X =



Let i be the rst index for which x; & x;. If x; > X, then x; could not have
been the greedy output, since we could have pushed further to the right
(to x;) without violating the budget constraint B. Thus, X; < x;. Now, we
can replacex; with x; in X . The workload of the sectorX; ; = xi 1;%, =
xi] clearly cannot exceed the budgeB (since the greedy sectors must be
feasible), and the workload of the sectorx|;x;,;] only went down with the
replacement of; with x; > x;. Continuing this argument, we convert solution
X into solution X, proving that the greedy algorithm produced an optimal
partition.

AN N
M

\ 7y
>:(1 >:(I —_ 1 X

Figure 2: Sweeping (red) rightwards. The hollow (blue) circles indicate
critical points where the max-workload might increase as sweeps.

min- B, max-workload. = We are given an allowed numbek of sectors and

to minimize the maximum workload,B = max; w( ;). We do this optimization

using binary search, using the mirk solution above to test a particular value,
BC of (integer) budgetB. Note that the optimal B must lie between 1 and
Bo n, whereBg is the maximum number of segments o intersected by
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a horizontal line. For each test valueB® we run the greedy algorithm to
determine the optimal number of sectorsk (B9, subject to budget B If
k (B9 >k, then we know thatB < B ¢ otherwise, we know thatB B
The binary search concludes i©(log n) steps, so we get

Theorem 2.2. The one-dimensional minB, max-workload, sectorization prob-
lem can be solved exactly in (deterministic) tim®©(knlog®n). Using a ran-
domized algorithm, it can be solved in expected tin@kn log® n).

min- k and min- B, avg-workload. In the average workload case, we con-
sider the \cost" of a sector to be the time-average number of anaft in a
sector. Sinﬁe the time-averaga( ;) for sector ; = (X; 1;X;) is simply the
sum, (I=T) s (s), of the lengths (s) of the t-projections of the seg-
mentss 2 S clipped to sector j, each of which varies linearly withx;, we
see that the functionf (x) = w((x;;x)) that measures the time-average work-
load of the interval (x;;X) is a piecewise-linear (and continuous) function of.
The function f (x) has breakpoints that correspond to thex-coordinates of end-

points of S. For the min-k avg-workload,k is exactly equal tod(lzT)%(s)e,
where (s) is the length of the t-projection of segments. The sector (inter-
val) boundaries can be determined by greedily scanning frorafi to right the

O(n) possible critical values ofx, between which the functionf (x) has an
easy-to-describe (linear) formula, which we can threshold agat the budget
B. Thus, the overall running time becomes jusO(nlogn + k) for the min-k

problem. For the;minB version, the avg-workload of each of thk sectors will
be exactly (1:T)%(S), and the running time of the algorithm to determine
the sector boundaries remains the same, i.@(nlogn + k). The correctness
of the greedy approach is proven similarly as before and is dtad here. In

summary,

Theorem 2.3. The one-dimensional mink (and min-B), avg-workload, sec-
torization problem can be solved exactly in tim@(nlogn + k), wherek is the
output optimal number of sectors.

Remark. Note that the min-B problem is (trivially) always feasible, both
for max-workload and for avg-workload. The mirk problem is always feasible
for avg-workload and, for max-workload, it is feasible and seilts in a nite k
provided that B is at least as large asmax, the maximum number of segments
of S passing through a common point. (IB < ., NO partitioning in the
immediate x-vicinity of the high-degree vertex will su ce to meet the (max-
workload) budget constraint; if B = ., then there needs to be an in nite
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sequence of partition points, converging on the-coordinate of the high-degree
vertex.)

2.1.2 The Sectorization Problem in 2D

In contrast with prior work on partitioning sets of (static) points in the plane,
or elements of an array (e.g., see [34, 35, 44, 45]), our sedation problem
involves a third dimension (time): The input data consists of a $€S of trajec-
tories, which correspond ta-monotone polygonal chains inx;y;t)-space. We
let n denote the number of trajectories, andN the total number of waypoints
(vertices) in the full set ofn trajectories. Given a domain of interestD < 2,
we are to partition it into a small number of sectors, each of whithas a small
workload. As in the 1D problem, we can distinguish the miik-from the min-B

problem, wherek denotes the number of sectors in the partition an& denotes
an upper bound on either the max-workload or the avg-worklabof the sectors.

The max-workload for a sector D is the maximum number of tra-
jectories intersected by a \horizontal” (in t) polygon of shape , sweeping
vertically through time, t 2 [0; T]. Another way to view the problem is to
clip the 3D trajectories to the vertical cylinder de ned by , and project each
clipped trajectory onto the t-axis. The maximum depth of this set of intervals
is the max-workload for ; the sum of the interval lengths, divided byT, is
the avg-workload for .

Hardness We expect that the sectorization problem in two (or more) di-
mensions is NP-hard for most formulations of the problem. Here,enprove
hardness of the special case in which sectors are required to bés-atigned
rectangles, and the goal is to minimize the max-workload uppbound B, sub-
ject to a bound k on the number of sectors. Hardness follows from the result
of Khanna, Muthukrishnan et al [34], who proved that the follaving problem

is NP-hard (and also NP-hard to approximate within a factor of?l): Given an

n n array A of integers, nd a rectangular partition of A into k rectangles,
in order to minimize the maximum weight of a rectangle. The wght here is
de ned to be the sum of the array elements in the rectangle.

For a given instance of the array partitioning problem, we catruct an
instance of the sectorization problem in the following manner Consider a
two-dimensionaln  n grid in the (x;y)-plane corresponding to the arrayA,
with unit width for each cell. Let = % For each cell {;j) of the array A
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(I i nl1 j n)we denote the weight of the cell byw;; . In the cell
corresponding to (;j ), we put w;; tracks going from the left boundary to the
right boundary in the time interval [0; 1] andw;; tracks going from the bottom
boundary to the top boundary in the time interval [1; 2]. The horizontal tracks
are at a distance of ( 1) from the bottom boundary; similarly, the vertical
tracks are at a distance( 1) from the left boundary of the cell. See Figure 3.

2
o
® o ® 5
0. ® 0o
0 o o ! =
) o O
o
® ® o
Original ArrayA Dark lines show tracks

Figure 3: Reduction from array partitioning to rectangularpartitioning for a
3 3 array.

For any solution for the array-partitioning problem, it is easy to see that
there exists a corresponding solution of the rectangular-patibning problem
that gives the same solution in terms of workload. We need to shawat any
solution of the rectangular-partitioning problem yields a slotion for the array-
partitioning problem. First, we observe that if one of the reangles in the
solution has vertical tracks from two horizontally adjacentells corresponding
to (i;) ); (i;j +1), then its workload is at leastw;; + w;; +1. This is because the
distance between the \bundles" of vertical tracks are at a distace of 1+ , so
this implies that there is a time instantt 2 [0; 1] such that the horizontal tracks
from both cells are present in this rectangle. Similarly, if drizontal tracks
are present in a rectangle from two vertically-adjacent ceallcorresponding to
(i;J ); (i+1;]j), then the rectangle's workload is at leastvi; + w1 . It is clear
that if horizontal tracks are present from two horizontallyadjacent cells, then
the workload is either the sum or is equal to that of one of the tis; a similar
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statement applies to vertical tracks from two vertically-agiacent cells. The
above discussion implies that we can always convert a rectangupartitioning

solution to one that conform to the boundaries of the grid, with then gives
a solution to the array-partitioning problem. Thus, we have tle following
theorem:

Theorem 2.4. The optimal sectorization problem (mink or min-B) for par-
titioning into rectangular sectors in two dimensions is NFard.

Recently, Farrahi et.al. [27] show that ASP is NP-hard in geneta

Heuristics for 2D Sectorization Given the di culty of solving the 2D
sectorization problem exactly, we turn our attention to heuistics for its solu-
tion. We consider the mink version, in which a budgetB is given, and our
goal is to partition D into a small numberk of sectors.

Our heuristics for 2D sectorization are based on two forms of wasive par-
titioning: binary space partitions (BSP) and pie-partitions. BSP algorithms
have been studied extensively in the computational geometrigdrature, start-
ing with the work of Paterson and Yao [46, 47]. Pie-partitiongre based on a
multi-way partition into cones having a common apex; see baio All of our
heuristics have the property that they guarantee convex sea®when applied
to a convex domainD.

The use of recursive partitions heuristics is both natural andheoretically
motivated. For sectorizations based on BSP patrtitions whose tsucome from
xed orientations (as ours do) with discretized intercepts translations), we
are able to solve the mirk problem (for given budgetB) optimally, as well as
the min-B problem (for givenk) using dynamic programming. A subproblem
is de ned by a convex polygon having)(1) sides; by selecting an optimal cut
from among a discrete set of possibilities, and recursively optiamg on each
side of the cut, we obtain an optimal BSP-based sectorization. his sketches
the proof of the following theorem:

Theorem 2.5. The min-k and min-B optimal xed-orientation, discrete inter-
cepts BSP sectorization problem in 2D has an exact polynomighe algorithm.

Proof. Let c be the number of xed orientations andd be the number of xed
intercepts (which may depend on the endpoints of the tracks).This gives
us O(d?®) possible (convex) polygons using these orientations and intepts,
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since a polygon has at most two edges of any one of theorientations. A
subproblem of the dynamic program is such a polygoR, and we maintain
the optimal way to partition P in an array. The algorithm for min-k, with
given budgetB is as follows (it returns the number of sectors):

Partition _mink(Polygon P)
(i) If the max-workload of the polygon isB, simply return 1.

(i) Else, for each pair ¢;i) of orientation and intercept, recursively solve
the subproblems corresponding to the two polygons (s&; and P,) into
which P is divided by the cut corresponding to ¢; i), and computew(o; i)
= Partition( P;) + Partition( P,).

(i) Return w(o;i), which is minimum over all choices of orientation and
intercept of a partitioning cut.

For min-B, given k we similarly have the following algorithm to compute
optimal workload:

Partition _minB(Polygon P, k)
() If k=1, simply return max-workload(P).

(i) Else, for each pair ¢;i) of orientation and intercept, and every possible
way to partition k into k; and k; such thatk = k; + k,, recursively solve
the two polygons (sayP; and P,) into which P is divided by the cut cor-
responding to ©;i), and computeB (0;i; ky; k) = maxf Partition( Py,kq),
Partition( P,k2)g.

(i) Return B(0;i; ky; ky), which is minimum over all choices of orientation
and intercept of a partitioning cut, and k; and k.

It is easy to see why the above algorithms work. The rst cut madeyban
optimal solution on the polygonP, is one of the cuts that is considered by the
algorithm, and then the subproblems are recursively solved. Nawok at the
optimal solution on either side of this cut. The subproblems sobd recursively
on either side can be only better than this optimal solution. Mreover, the
rst cut found by the algorithm did at least as well as this (optimal) cut. So
the output from the algorithm is at least as good as the optimabartitioning.
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The running time of each algorithm is clearly polynomial inN (the total
complexity of the input trajectories) andd, for xed c: There areO(dc) candi-
date cuts for each ofO(d?%) subproblems, and the evaluation of the workload
associated with a subproblem can be computed readily by trunéag each
trajectory at the boundary of the subproblem and projecting oto the time
axis.

If we do not restrict ourselves to BSP sectorizations, but still atsider the
class of allowable cuts to lie on a discrete set of lines, of xed)(orientations
and discrete intercepts, then we can obtain a polynomial-timapproximation
algorithm for the (non-BSP-based) mink sectorization problem, using the fact
that an optimal sectorization can be converted into a BSP seat@ation with
a small factor increase in the number of sectors: We simply applyaldynamic
programming algorithm, as above, to nd the best BSP-based sewmization,
and then appeal to the known results on the size of a BSP partitioof a set
of (convex) objects to argue that the best BSP-based sectorizat yields a
number of sectors that is within a factor of the number of secterin an op-
timal (not necessarily BSP-based) sectorization. In particula this yields a
2-approximation for the rectangular (axis-parallel) case,\bthe results of [14]
on the BSP of a packing of axis-aligned rectangles.

Throughout our discussion below, we will interchangeably use ¢hterm
\weight" and \workload" when referring to a sector.

BSP Heuristic Rather than implementing a relatively high-degree q°(®)
polynomial time dynamic programming algorithm, as descrilzkin the previ-
ous section, we have chosen to craft BSP heuristics based on cotimgua
most balanced cutit each stage, which is de ned as follows. Given a node of
the current BSP subdivision, with associated sector, our algorithm nds a
straight cut (from among a set of xed orientations) to partition the convex
polygon into two subpolygons, in order to minimize the maximum worklod
(either max-workload or avg-workload) of the two subpolygan This strategy
leads to the following simple consequence in the avg-workloadse about the
relative weights (workloads) of the sectors: In the nal sectoration using
most balanced cut BSP, the ratio of the (avg-workload) weighdf the heaviest
sector to the lightest sector is at most 2. In our experiments, as veescribe
later, we have further re ned the most-balanced cut method foavg-workload
in order to partition avg-workload exactly across thek sectors, while simulta-
neously attempting to control the max-workload balance; seeeBtion 2.1.3.
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In order to nd the most balanced cut, we use a discrete set afallowable
orientations for our cut. For each orientation, we nd the most balanced cut
with that orientation as follows. We project the line segmentshat make up
the trajectories onto a plane perpendicular to the cut orig@tion, resulting in
the 1D problem. We now use a binary search on the critical poin{as de ned
in the previous section) to nd the most balanced cut in the 1D cse. Thus,
each step of the BSP takes worst-case tim@(N 2c): O(N) for projecting the
segmentsO(N ?) for nding the critical points (which can be found in output-
sensitive time, by standard techniques), and then nally the biary search for
the most balanced cut. If we nally end up withK sectors, the entire proce-
dure takes worst-cas@®(KN 2¢) time (again, with corresponding speed-up for
using an output-sensitive segment intersection algorithm).

Since the calculation of the critical points becomes the bibéneck in this
heuristic, even if using clever means of implementing nearlyiput-sensitive
algorithms, in our experiments we decided to use a coarser set afigs to
search for the cut. We refer to this set as thapproximate critical set We
empirically decide the coarseness of this set and prove expegintally that for
the real track data, this works just as well (in practice) as tlk original set of
critical points and saves tremendously on the execution time.

Avoiding Bad Aspect Ratio of Sectors The balanced BSP heuristic can
clearly produce very skinny sectors, even while producing sextawith well-
balanced workloads. Skinny sectors can be undesirable becausetra c
passing through the sector perpendicular to the its diameter Wihave very
small dwell time (time for which the ight remains within the sector). Fig-
ure 4 (left) shows the behavior of tra ¢ with skinny sectors.

To get a sector whose shape is invariant to the direction of airdrc, we
use theaspect ratio of the region we are subdividing to guide us. For any
rectangle, de ne to be the ratio of the smaller side to the larger side. (Note
that aspect ratio is often de ned to be E .) For any sector that we want to
subdivide by the most balanced cut, we also use the following corant for
the cut. Consider a bounding rectangle with the smallest for the region. We
only consider cuts with an orientation within a small range oflte orientation
of the smaller side of this rectangle. In our implementation, & use a range

of [ 5, *+ 3], where is the orientation of the smaller side. However,
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this heuristic can still result in bad aspect ratio for a sector. Rer to Fig-
ure 4 (right).

(a) The (magenta) air tra c remains in (b) The allowable range for cut ori-

the sector for very short duration (bad), entations is shaded. Circled (red): a

while the (brown) air tra ¢ remains for cut within the allowable orientation

long duration (good). range may result in a skinny polygon
on the right.

Figure 4. Modeling aspect ratio constraint.

We suggest another heuristic to circumvent this problem. We dee < 05
to be a user-speci ed lower bound on ( ), which our algorithm is expected
to respect in its decomposition. Given an orientation for thewt, we have to
nd a range for the cut so that the resulting two polygons have . In our
experiments we naively search for this range by linearly seaiog through the
approximate critical set. This range may clearly not exist (fo example, set

= 0:8 and consider a square { no range exists for any orientation). Hewer,
for reasonable values of this seems to work quite well. Empirically, we
observed that for < 0.5, if the original polygon has , this heuristic
works extremely well.

Pie Cultting In addition to the BSP cuts, we consider another cutting op-
eration to allow for more exibility during sectorization. T his is the so-called
\pie-cut". For this we x a point within the region (called th e center) and
an orientation. We now wish to make a pie-cut which comprises tée rays
originating from the center. One of the rays is along the designated orienta-
tion. The other two are such that the resulting 3 pieces are allonvex and as
well-balanced as possible. We accomplish this pie-cut in two pt&e obtaining
one cut in each step. The line segments are rst transformed to threpolar co-
ordinates, in the following sense. Consider any poimtwith polar coordinates
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(r; ;z ) with respect to the center and the given orientation { is the distance
from the center, is the angle that the line throughp and the center makes
with the given orientation. This point is transformed to (;z), resulting again
in an instance of the 1D sectorization problem. Then a cut is fou that di-
vides the workload in the ratio 1 : 2. Then the second cut is chas&ith range
restrictions (so that the resulting regions are convex) to baftece the workload
in the £-sized region. See Figure 5.

Allowable range for fih\al cut

Figure 5. Range constraints for pie cutting.

For greater exibility and control over , we also use the pie-cut operation
with more than 3 cuts. Note that it is not desirable for many sect@ to meet
at one point (pie-cut center here) as it decreases the chandeam airplane to
stay in a sector for reasonable time, before leaving it. So thehas to be an
upper-bound on how many cuts should be allowed in pie-cut o@dion and
it can easily be added as a constraint. If the current workloadsiw, and
P = bw=Bc, we start with max(P;5) cuts and if any of the resulting regions
has less than the threshold, we try with one less cut and so on, until we
reach 3. At 3 however, even if one of the values are bad, we make the cut
anyway to maintain convexity of the regions. This is the disacantage of pure
pie-cuts. This can be remedied to a large extent if we combineSB cuts with
Pie-Cuts. That is our motivation for the nal heuristic.

Wheel Cuts As noted above, it is not desirable for many sectors to meet
at one point (eg. pie-cut center), we introduce another kindf partitions:
Wheel-Cuts. In order to partition a region intok + 1 subregions we rst start
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with a pie-cut partition into k subregions, and then replace the central node
with a convex k-gon whose vertices lie along the rays of the pie-cut partitio
Wheel-cuts result in a partition all of whose nodes have degrex typically
with no small angles. Further, the degree-3 nodes are well segi@d. Three
examples are shown in Figure 6.

The central k-gon of a wheel cut can be chosen in order to balance exactly
the workload in all k + 1 subregions; however, for simplicity in our implemen-
tation, we have opted to construct wheel-cuts more directlyrém pie-cuts: we
begin with a pie-cut into k subregions that exactly balances workload, then we
replace the central node with a convex-gon whose vertices are each chosen
to be at the same point, proportionally, along the ray segmentsf the pie-cut,
with the size of the central region chosen to give it exactly={k + 1) of the av-
erage workload. This simpli cation allows us to adjust a singl@arameter for
the load balance of the central region (versus parameters if we adjust each
vertex of the central region independently along its pie-¢uay). However, the
resulting workload values of thek subregions surrounding the central region
will not, in general, be perfectly load balanced with respedb the workload
in the resulting wheel-cut.

Figure 6: Example showing Wheel-cuts of the region into 4,5 dn6 pieces.
The numbers show time-avg. workload.
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The Final Heuristic We formulate a method using the operations of BSPs
and Pie-cuts (Wheel-cuts may also be used here). The nal hestic rst
attempts to make a possible pie-cut. If the pie-cut is unable tand a partition
respecting the threshold, we use a BSP cut. The new regions are then
inserted into a priority-queue according to the workloads. Weecurse on the
heaviest region until all the regions have a workload less tha.

Other heuristics Some other heuristics for 2D-partitioning are conceivable.
For example, a partitioning resembling the Voronoi regionsfesome predeter-
mined centers. There does not seem to be su cient evidence to s&gy that
such combinatorial structures will optimize the workload asansidered. A par-
titioning that does load balancing amongst di erent sectors ecording to the
de nition of workload in this paper does not seem to have any siharity to
the structure of Voronoi regions. We feel our heuristics are natal strategies
to try and implement when trying to optimize a function like the workload. A
related, but perhaps of not much relevance, clustering idegjpears in [31].

2.1.3 Experimental Results

Experimental Setup Implementation of the above heuristicsGeoSectl1.0 )
is done in C++ (Microsoft Visual Studio 6.0), using the OpenGL Grahics li-
brary for all visualizations. All three heuristics (BSP, Pie-Cis and the Final

Heuristic) were implemented as described above. We also implentesl the

capability to search over anapproximate critical set of points while solving
the 1D problem to save some time while not compromising much ondhabil-
ity to balance workload. All experiments were run on machinewith 3.2 GHz

Pentium 4 processors and 1GB RAM.

Data is provided to us by Metron Aviation. The historical track data corre-
sponds to a 25-hour period from 04:00, June 27 to 05:00, June 2802, with
74588 ight tracks, and the average complexity (number of bets) of each
track is 59.26. We compare our results to existing sector data\Wg are not
using ultra high-altitude sectors.) In evaluating sector worldads, both in our
sectors and in the existing sectors, we are assuming that all traclta is rele-
vant to the sectors. Note that some fraction of the track data mayarrespond
to ultra high-altitude sectors and may not be relevant to the wrkload of the
high-altitude sectors. Another limitation of our test data is that it does not
include a broad sample of di erent tra ¢ patterns, which may be impacted,
e.g., by weather events.
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Tuning the Parameters of the Heuristic For best performance of our
heuristics, we rst tune the user-speci ed parameters that are uskeat each

stage of the heuristic. For tuning parameters in our heuristiaye use 5 di erent

sub-regions of the NAS, shown in Figure 7. The selection of the regs was
based on a visual inspection of the track data to correspond to dotigh and

low tra c regions.

BSP We begin by selecting good choices of parameters for the BSRscu
Statistics were generated foNumber of sectorsand Max, Min, Average and
Standard Deviationfor Worst-case workload Time-average workloadand as-
pect ratio , for each of the 5 sub-regions of the NAS (Figure 7, top). We
summarize our experimental ndings:

Number of discrete orientations while searching for the miobalanced
cut. We generated the above statistics for the following set of valsief 2,
4, 6, 8, 10, 12, 14, 16, 24, §2 The statistics show that increasing the
number of orientations beyond 10 does not yield any signi carchange
in the results. We choose to use 16 orientations in all future expments.

Discretization for balanced search in a given orientation.ldeally, we
should use the critical points of the projected tracks. Howevegs men-
tioned earlier, critical point computation is expensive andve use the
approximate critical setinstead. We examined the data for 5 di erent
values of the discretization parameter (spacing between conséve can-
didate cut lines): 0.1, 0.01, 0.001, 0.0001, 0.00001. Forued less than
0.001, there is only a very slight uctuation in the results. We gk value
0:0001 for our experiments.

Choice of for aspect ratio control. The goal is to obtain reasonably
fat sectors without compromising too much on the quality of thesec-
torization (number of sectors, workload balance etc.). We epimented
with 10 uniformly spaced values between:01 and 04 for the value
Arbitrary small uctuations are observed in the range 001 to 2. The
experiments suggest predictable behavior for  0:2. In the results
below (Table 3) we show the e ect of di erent choices of on the nal
workload balancing.

Some results are presented in Table 1. Here, we subdivide to balarthe
worstcase workload We can see that the BSP cuts achieve highly balanced
sectors in terms of workloads as re ected by thetandard deviation of the
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(a) For tuning the parameters.

(b) For testing the Final Heuristic.

Figure 7: Regions used for the experiments.
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Region | WorstcaseWorkload | TimeAverageW orkload
Max | Avg: | Std:Dev: | Max | Avg: | Std:Dev: | Avg: | Min | Std:Dev:
4.237 0.501| 0.891| 0.344 0.133| 0.572| 0.350 0.139
4,571 0.564| 0.893| 0.403 0.151| 0.609| 0.350 0.156
4.559 0.537| 0.766| 0.409 0.138| 0.593| 0.350 0.148
4.442 0.573| 1.206| 0.405 0.169| 0.591| 0.350 0.141
4.414 0.553| 0.771] 0.351 0.142| 0.587| 0.350 0.149

AW N
[G2IN NG IR ING

Table 1: BSP results for the 5 regions after parameter tuning.

worstcase workload. We could instead choose to balance the tianerage
workload, which would result in better standard deviation staistics for the
time-average case. By the nature of the heuristic, we have a gaatee on the
minimum value of

Pure Pie-Cut  The only decision parameter for this class of heuristics is how
to choose the orientation for the rst cut of the pie. We compareé two choices:
(1) Use the restriction, as in BSP cuts, i.e. the rst cut is approximately
perpendicular to the diameter; and, (2) Choose a random orittion uniformly

in [0;2 ]. The aspect ratio readings uctuate unpredictably for bothcases.
This happens because 3-pie cuts can result in regions with veppad aspect
ratio, as mentioned previously.

The Final Heuristic We use the parameter choices described in the previ-
ous two subsections (for BSP and Pie-Cut methods) in our experants with
the Final Heuristic.

Achieving the Workload Balance The main goal is to balance the time-
average workload across all of sectors while controlling thewstcase workload
and also the aspect ratios of the sectors. It is easy to see that on@ exactly
balance the time-average workload, i.e. givek, the number of sectors, it is
possible to achieve sectors with workload exactly equal to thetal workload
divided by k. We control the worstcase workload by iteratively choosing the
sector with the maximum worstcase workload as the candidate faplitting.
Also, since we know the target workload for individual sectors, weestrict
ourselves to cuts that preserve integer multiples of target wkioad on both
sides. For example, if we want to split a region with time-averagworkload
9 into 3 sectors, we do not split it into 4.5-4.5; we instead resttido cuts
that split it in 3-6 or 6-3, so that later the sector with time-avaage workload
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6 can be split in 3-3. The aspect ratio of sectors is controlleds alescribed
previously, by avoiding the cuts that result in bad aspect ratis. De nitely,
there is a trade-o between preserving good aspect ratio and timal workload
balance. This trade-o is indicated in the results in Table 3.

Comparing the Final Heuristic with Existing Sector Data To com-
pare our Final Heuristic with the original sectors, we conduct geriments for
two types of geographical domains: (1) [\Domain 1"] a speci canvex polyg-
onal region,C, selected to contain approximately 10 current sectors; and (2)
[\Domain 2"] a large convex polygonal regionU, selected to contain all of
the continental USA. To be as accurate as possible, we purposelyestithese
regions so that they closely match existing boundaries of the $exs. See Fig-
ure 7.

When computing the statistics for original sectors, we considemty the
sectors that are completely inside the domain of interest. Whlwe compare
the results for both time average workloads and worstcase wooklds, the goal
for each of the following experiments was to balance the tirsverage workload.

Results for \Domain 1" Both the BSP method and the Final Heuristic
performed well in comparison with the original sector data. Té statistics for
one of the regions are shown in Table 2. Our heuristic achievesigni cant
improvement (by a factor of 10) over the original sectors in th standard de-
viation of the workloads and decreases substantially the maxum workload,
while using the same number of sectors and having comparable rage work-
loads. The average workloads are slightly higher for our hestic because it is
applied to aconvexdomain (Domain 1), which is slightly larger than the union
of the original sectors. The average workload for original sers is computed
for only those original sectors which are fully contained with the domain.
But, the average workload calculation for our sectors inclw air tra ¢ which
may lie outside the original sectors (but within Domain 1). TheBSP results
are shown as well. This experimentally supports our claim thahe heuristics
achieve highly balanced workloads, while avoiding skinny secs.

Results for \Domain 2" As with Domain 1, in the Domain 2 (the entire
NAS) experiments, we computed statistics only for those original s®rs that
are fully contained within Domain 2. In running our methods, w used the
same number (411) of sectors as there were original sectors innfi2an 2 (ex-

25



Sectorization| Time Average Workload | Worstcase Workload
Max | Avg: | Std:Dev: | Max | Avg: | Std:Dev: | Avg: | Min | Std:Dev:
Original Sectors| 12.33| 6.899 2578 44| 26.8 8.340( 0.548| 0.264 0.169
Final Heuristic | 7.289| 7.226 0.054| 30| 27.9 1.221] 0.534| 0.323 0.159

BSP | 7.9525| 1.226 0.302| 31| 27 2.323|/ 0.522| 0.25 0.171

Table 2: The statistics for pure BSP, the Final Heuristic and the nginal
sectors for Domain 1. The number of sectors was 10 in all cases.

cept that for Pie-Cut it was 412, due to the nature of the comimatorics of
Pie-Cut partitions). Results are presented in Table 3.

Clearly the Final Heuristic and the BSP give very nicely balared sectors,
while avoiding skinny (low aspect ratio) sectors, since they areogstrained
to have aspect ratio . (For the original sectors, we list the value of
as 0, since there is no explicit aspect ratio bound on them.) No# that as

is increased, our partitioning algorithms become more conained, thereby
decreasing their ability to achieve workload balancing (anthcreasing the stan-
dard deviations of the workloads).

The standard deviations of workloads produced by our methodse about
an order of magnitude better than the standard deviation of te workloads for
the original sectors. Also, the maximum value of worstcase and tiraverage
workloads in the sectorizations produced by our methods is ther than the
corresponding values for the original sectors, by a factor beten 2 and 3.

The Pie-Cut heuristic fails to keep the aspect ratio above thehteshold
and actually gives very poor values for . Still, though, it does balance the
workload better than the original sectors.

As with Domain 1, our average workloads are slightly higher fayur heuris-
tics than for the original sectors, since our sectorizations cqaietely cover
Domain 2, while the union of the original sectors for which watoad is com-
puted is a proper subset of Domain 2. (This under-counting shalihot have
much impact on the variation in the workloads across sectors he variation
is the main subject of our investigation in load balancing.)

Our heuristics methods are thus seen to be very e ective in glabsectoriza-
tion, in terms of balancing workload and producing sectors #i good aspect
ratio.
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Sectorization Time Average Workload
( ) | Max | Avg: | Std:Dev:
Original Sectors 0| 24.519| 6.283 3.378
Final Heuristic 0.15| 7.335| 6.365 0.157
Final Heuristic 0.25| 9.283]| 6.365 0.294
Final Heuristic 0.30| 8.938| 6.365 0.457
BSP 0.15| 7.343| 6.365 0.0715
BSP 0.25| 9.568| 6.365 0.426
BSP 0.30| 9.545| 6.365 0.512

Pie-Cut 0| 11.085| 6.35 2.901
Sectorization Worstcase Workload

( ) | Max | Avg: | Std:Dev:

Original Sectors 0 87 | 24.569 10.437

Final Heuristic 0.15 39| 25.297 2.586
Final Heuristic 0.25 34| 25.253 2.539
Final Heuristic 0.30 40| 25.426 2.939
BSP 0.15 34 | 25.207 2.567

BSP 0.25 36| 25.11 2.882

BSP 0.30 35 25.1 2.849

Pie-Cut 0 47 | 25.041 8.812

Sectorization

( ) | Avg: | Min | Std:Dev:
Original Sectors 0 0.316 0 0.241
Final Heuristic 0.15| 0.45| 0.15 0.185
Final Heuristic 0.25| 0.506| 0.25 0.152
Final Heuristic 0.30| 0.532| 0.30 0.151
BSP 0.15| 0.588| 0.15 0.188

BSP 0.25| 0.60| 0.25 0.181

BSP 0.30| 0.578| 0.30 0.164

Pie-Cut 0| 0.286| 0.021 0.175

Table 3: The statistics for the original sectors, the Final Heurist, pure BSP,
and pure Pie-Cut for Domain 2. The number of sectors was 411 il aases
except Pie-Cut, for which it was 412.
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Refer to Figure 8 and Figure 9 for some screenshots of the sectatians
we compute.

(a) Original sectors.

(b) Final Heuristic partition. (c) Binary Space Partition.

Figure 8: Partition results for Domain 1.

Comparison with a Mixed Integer Programming Method We have
directly compared our Final Heuristic with a leading sectorizgon method
based on formulating the problem as a Mixed Integer Program (®) [59].
The MIP method considers the domain of interest to be a union of sat regu-
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(a) Original sectors (411) strictly within the (b) Final Heuristic partition (411 sectors).
selected region.

(c) BSP (411 sectors). (d) Pie-Cut partition (412 sectors).

Figure 9: Partition results for the continental USA (Domain 2)
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Sectorization| No. of | Time Average Workload
Sectors| Max | Avg: | Std:Dev:

IP Method 18| 5.408| 4.184 0.658
Final Heuristic 18 | 5.158| 4.771 0.194

Sectorization| No. of Worstcase Workload

Sectors| Max | Avg: | Std:Dev:
IP Method 18 20| 16.611 2.059

Final Heuristic 18 23| 18.167 2.034

Sectorization| No. of
Sectors| Avg: | Min | Std:Dev:

IP Method 18| 0.442| 0.210 0.148
Final Heuristic 18| 0.600| 0.319 0.173

Table 4: The statistics for the MIP solutions and the Final Heurisic for sec-
torizing ZFW (Dallas) center.

lar hexagonal cells. It then formulates the optimization prblem as a MIP for

clustering cells in order to optimize the \coordination workoad" (the number

of times a ight crosses a sector boundary), while constraininhe maximum

deviation in the average workload per cluster (sector) of csll In Table 4 we
show the results of two methods for sectorizing ZFW (Dallas) ceet. The

objective of the Final Heuristic in this experiment was to balace the average
workload while keeping the aspect ratio of the sectors at least30

We see that the Final Heuristic does a better job at balancing thaverage
workload of the resulting sectors and keeping their aspect-ias high. The
MIP method, though, did a better job of minimizing the worstcae workload.
One practical issue with the MIP method is that the resulting sedrs have
irregular boundaries, since the sectors correspond to unionshax-cells; this
is often addressed by doing a post-processing (polygonal simpéton) of the
sector boundaries, possibly at some cost in optimality. The runngatime of
the MIP method is also considerably higher than our methods dedeed in this
paper, since it relies on solving a complex MIP (which is done ugi CPLEX).
Refer to Figure 10 for the screenshots of these comparison.
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(a) MIP method.

(b) GeoSect: Final Heuristic partition.

Figure 10: Partition results for ZFW Center.
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2.2 Feedback from the Controllers

To aid evaluating the quality of a sectorization, we showed thairspace de-
signs obtained with above heuristics to controllers for feedbk [42] on how
well the objectives and constraints were being captured in éhcurrent model.
We now discuss some of the features GeoSect1.0 sectorizations that were
agged by controllers as problematic, and why they were noteakirable. We
have modi ed our model to account for these issues, and further gariments
use the new model, with new algorithms for partitioning.

Before getting to details of the feedback, let us de ne a newetm: Dom-
inant Flow (or just ow). Each individual ight track may be considered as
a ow, but the routes which encompass many ights bear more imgrtance.
These are called dominant ows. Often the air-plane routes armodi ed to
conform to sector boundaries, which means if a dominant ow nde to be
modi ed, many air-planes must be detoured. Thus, interactiorof dominant
ows with the sector boundaries is more critical. Section 4.%5 dedicated to
identi cation of dominant ows from the track data. Henceforth, when we
refer to ow, we mean dominant ow.

Straight-Line Cut Partitions (BSP) Controller feedback indicated that,
for most of the resulting sectors in Figure 10, sector size was gaiable, but the
corners were an issue. Referring to the lettered regions in Big 11, controllers
noted the following problems:

Region A: The critical question is the direction of the ow. If the diredion
of the ow is from NE to SW, then perhaps the sector should end per-
pendicular to that ow. The sector should not end in a tip, but have
its tip blunted so that ow is orthogonal to the sector boundary If the
ow is E-W, then again, blunting o this tip will allow the ow to have
a clear orthogonal sector line between the left and right sect

Region B: This is not a good intersection, since any aircraft ying neartior
any ow near it could quickly pass between three sectors in mites. It
is not desirable to have four sectors meet like this. It is also suggied
that degree 3 nodes are highly preferred to nodes of highergdees and
that one does not want two nodes of degree 3 to be too close to one
another.

Region C: Trac ow should again be considered in this region. The sector
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in this region has a very acute angle in the upper NE corner, wdfi is a
problem if an aircraft quickly crosses over it, since there is henough
time to perform coordination actions. For the other two secta sharing
this intersection, if the small segment exists between the two gecs,
then one must ask if there is a ow between the two; if there is, thedge
should be orthogonal to the ow (or nearly so) and wider to allowfor
more variation on how aircraft end up crossing it.

Figure 11: Problematic aspects of BSP Airspace Partitions.

In general, controllers felt that it was desirable to reducehte likelihood of
a point out, which is when an adjacent sectors airspace is recgdl in order
to resolve a conict. Thin sectors or sectors with acute anglesalie a higher
probability of requiring point outs to resolve conicts. Thus, acute angles
should be blunted or cut o so there is enough space available te@solve
conicts. It was stated that there should be four or more sides pesector to
avoid acute angle problems.

Pie-Cut Partitions Controller feedback indicated that, for most of the re-
sulting sectors in Figure 12, sector size was acceptable, but thall sectors

were highly undesirable due to the sector corners (nodes of tbectorization).

Referring to the lettered regions in Figure 12, controllergrovided the following

comments:

Region D: There is an acute angle, which may mean that aircraft y across
the sector near the acute angle in a very short period of time. {is
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comment depends, of course, on the aircraft tra c ows in the vcinity
of the sector corner.)

Region E: The situation at this corner is even worse.

Region F: This corner is the worst. If a ow of aircraft were to pass close to
this corner, they could move through ve sectors in a matter omoments.
High-degree corners should be avoided.

Figure 12: Problematic aspects of Pie-Cut Airspace Partitions.

In general, it was stated that, to avoid acute angles, the tipsfdhe pie slices
need to be blunted.

Wheel-Cut Partitions Controller feedback indicated that, for most of the
sectors shown in Figure 13, size was acceptable, but the corneese problem-
atic. Referring to the lettered regions in Figure 13, contiters provided the
following comments:

Region G: To reduce the point out potential, blunt o the indicated tip
shown in each of the three sectorizations in Figure 12.

Region H: The center wheel cut is good because it cuts o the acute angles
on all the pie-shaped sectors in the previous example, but whics best
depends on what you are trying to do with the ows. These sector
boundaries best accommodate the case where ows were passingnfro
the center to the perimeter sectors. If you have two ows the letase is
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a good solution, if you have three then the center is a desiraldelution,
if you have four, then the right case is a good solution. You rdgineed to
know what the controllers are trying to do with ows in the very center
sector in order to critique this further.

Figure 13: Problematic aspects of Wheel-Cut Airspace Partitits.

Further Feedback Controllers emphasized the importance of trac ow
considerations in sector design. Some speci c feedback is showrrigure 14.
On the subject of aspect ratio constraints (from section 2.1.2fontrollers felt
that aspect ratio did not take into consideration two importart points:

If the ow is only in one direction and there is no crossing tra c, then
a thin sector is acceptable.

If there is any crossing tra c, then the width in the direction of that
tra c needs to be long enough to resolve con icts with other tia c. Note

that the minimum width needs to take into account the speed ofhe
crossing tra c; the constraint is not that the width needs to be acertain
number of miles, but that the dwell time needs to be a certain maber of
minutes (typically a minimum of 4-5 minutes). Thus, the constrant must
be a function of the average tra c velocity; the width will have to be
greater, for example, if the crossing tra c is high altitude (faster) tra c,

versus low altitude (slower) tra c. While controller feedbad varied, it
seems that a minimum width requirement should be approximatgl20
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nmi for low altitude tra ¢ and approximately 30 nmi for high a ltitude
tra c.

Figure 14: In uences of tra c ow characteristics on sector design.

Special Use Airspace (SUA), as the name suggests, is space assigned for
special purposes like military usage, \no- y" zones like Manhgan etc. More
often it is de ned as a region on the ground, with the airspacebmve it meant

for special usage. There are various permanent SUA's all over tNAS and
sometimes they are de ned temporarily for certain amount ofiine, eg. a se-
vere weather condition may be considered as a \no-y" zone. Rardless of
when and where they are present, the sector design should respdatr in
certain ways.

Ideally, the SUA region should be considerably inside the sectootndary.
This gives su cient time to the sector controller, after a ight has entered his
sector, to re-direct it around the SUA, if needed. Sometimes a secboundary
may cut across the SUA, splitting it into two regions as shown in Figre 15.
The requirement then, is that considerable part of the SUA shodllie in both
sectors. Thus both controllers are aware of its existence (ang@oximate size),
and can direct the air-tra c around it. In other words, the sector boundary
should not clip a corner of the SUA.
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168

Figure 15: Desired interaction between the (brown) SUA and th@dlack) sector
boundary. Left: SUA is considerably away from the sector bounda(desired);
Middle: Sector boundary cuts through the SUA, with considerablpart of SUA
on each side of the cut (allowed); Right: Sector boundary cka corner of SUA
(disallowed).

2.3 Flow Conforming Sector Design

Most of the controller feedbacks dealt with how the sector boularies should
interact with the ows. Speci c artifacts were also pointed ou in the shape
of the sectors, like small acute angles made at vertices of theumaary, more
than three sectors meeting at a point, etc. Maintaining conwesector bound-
aries, obviously, becomes too restrictive to satisfy all the desit (shape and
ow-interaction) properties, while at the same time balanciig the workload
across sectors.

Following the top-down paradigm of sectorization, we extenthe notion
of \cut", the partitioner at any level of recursion, from straight line segment
to a more general polygonal path (with small number of bends). his allows
more exibility in the cut, thus making desirable features pasible. Also we
can now start with a non-convex region to sectorize. (Recall #t earlier we
started with the convex hull of the region, and at each step strght cuts guar-
anteed convextity of resulting sectors.) We start by modeling th controller
feedback as speci ¢ constraints and implement them in our sofase extension
GeoSect2.0 .

37



2.3.1 Modeling Constraints

We model the feedback from controllers and the SUA knowledge the form
of constraints as enumerated below. Refer to Figure 16.

Figure 16: Desired features in a sector design modeled as coriatgin Geo-
Sect2.0

1. Flow-Sector boundary crossing: ~ Dominant ows should cross a sec-
tor boundary almost orthogonally. We enforce this constrainty re-
stricting the polygonal cuts which, if intersect dominant ows, have the
(acute) intersection angle> ¢, (0 s 90).

2. Flow-Flow crossing: In case of any crossing tra ¢, the width in the
direction of the arriving tra ¢ needs to be long enough (aveage dwell-
time typically a minimum of 4-5 minutes) to resolve con icts wth other
trac. We model this requirement, by placing a rectangular dstacle
of length | proportional to the average dwell-time along the arriving
dominant ow, as shown in Figure 17. The width of this rectangt w is
guided by the separation desired between ow and sector boungarwWe
also put a disc obstacle (of diametew) at the crossing point, so that it
remains su ciently inside the sector. For now, the implementaion only
keeps a disc of radiuss;c at the crossing point.

3. Cut-Sector boundary intersections: The angle made by a cut at
the point where it meets the sector boundary should not be too ate,
as the resulting sector will have sharp angle at one of the vergis. Like
above, we enforce this angle .. Also, after we make a cut, we add
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Figure 17: Directional dominant ows shown in “blue' and the h er from the
sector boundary is modeled as rectangular and disc obstaclesstoaint.

a disc obstacle of radius .. at the point of intersection of cut and the
region boundary. This not only avoids more than three sectommeeting
at a point, but also ensures that no neighboring sectors share bulary
of length < r . (important for easy hand-o s).

4. Turn-Angle at vertices along the polygonal cut: The turn-angle
made at an internal vertex of the polygonal cut should also notétoo
acute, for same reason as in constraint 3. We add a constraint: tur
angle> 4, (0 m 90).

5. SUA-Cut interactions: It is easy to incorporate the constraint which
would keep the SUA considerably inside the sector boundary; by set-
ting the sector boundary externally with the desired separatio margin,
and treating the new o seted polygon as a constraint, which altuts
must avoid. But, so as to allow a sector boundary to cut across théJa
(splitting the SUA, with considerable portions on both sides of ta cut),
we use an inner o setting of the SUA as shown in Figure 18. The nal
constraint is, either the cut must completely avoid the externla(outer)
o seted polygon, or if it intersects the outer o set, then it must also in-
tersect the inner o set. Along with reasonable values of the abevangle
constraints, this ensures that if the SUA is split, it is not just clpped.
For simplicity in the current implementation, instead of usingthe o sets,
we put disc obstacles of radiuss,, at all vertices of SUA boundary (or
after boundary simpli cation, in order to have small number ofvertices
de ning the sector boundary). This serves well for most cases.

6. Sector area compared with the area of the convex-hull: This
constraint is intended to keep the sector shape close to convex. eW

39



Figure 18: Modeling SUA Constraint: (black) sector boundarieare allowed
while (red) boundaries are disallowed. Left: True modelingsing inner and
outer o set of the SUA boundary. Right: Simplied modeling usirg disc
obstacles at the corners of SUA boundary, as implemented @eoSect2.0 .

constraint that the ratio of the area of sector region with the eea of
its convex hull should be> , (O 1). Again, with reasonable
values for above angle constraints, this su ces to measure the meexity
of sector i.e. a case like shown in Figure 19 is unlikely to happen

Figure 19: Bad (black) sector region and its (red) convex hull

Cuts that satisfy the above angle constraints, and avoid any reahgu-
lar/disc obstacles, would result in sector designs that address tro®ntroller
comments. The key question that remains is, how to ensure workbb®alance
across sectors, while keeping them ow conforming.
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2.3.2 Extending the Convex Sectorization Heuristics

The BSP heuristic (from Section 2.1.2) can now be extended adléws. At each
step, nd a polygonal workload balancing cut that satis es all be constraints,
and recurse until desired number of sectors are obtained (or theorkload of
each sector decreases below some threshold). Like before, itaema theoreti-
cally challenging to nd an optimal workload balancing cut h 2D. Hence, we
resort to nding \good" workload balancing cuts over a discre¢ search graph.
See Figure 20, for an illustration of the steps of the BSP heurist for dividing
ZDC into 8 sectors.

Discretizing the Search Space We rst discretize the region boundary, by
placing few (parameter dependent) points uniformly spacedang the bound-
ary. Initialize the set of boundary nodesB with these points, and add toB the
original vertices of the region. Only cuts that connect a paiof these boundary
nodes will be considered at any BSP recursion step. Next, we digae the
interior of the region using a discrete uniform square grid anaitialize the set
of internal nodes| with these points. We augment, bothB and |, with points
that approximate the medial axis of the dominant ows. Start with a ner
resolution (uniform) grid; the approximate medial axis poits are the ones that
are simultaneously close (minimum distance of a point from domant ows is
achieved for two ows at the same time) to two or more dominant ows.

An instance of the discretization explained above is shown in kige 21.
Each of the internal nodes can potentially act as a way pointrothe cut, giv-
ing the cut greater exibility for good workload balance, while satisfying the
model constraints.

We build a complete graph,G(N; E), over the node setN = B[ |. From
N, we remove all the nodes that lie in the vicinity (parameter dpendent) of
a dominant ow to avoid a cut from bending near a ow. Also, fromE, we
remove all the edges that violate any constraint (disc or angleNote that, the
turn-angle constraint depends on the previous edge selecteda cut, and the
area constraint depends on the nal partitioned polygons; here these can not
be checked up front, before actually searching for the cut.

Finding One Workload Balancing Cut After discretizing the search
space, we wish to nd a workload balancing cut from one boundargode
to other. We start with a discrete set ofc allowable orientationsfor our cut.
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Figure 20: Steps of the BSP heuristic. ZDC partitioned into 8 stors using
hand extracted (blue) dominant ows. The numbers show time-ay. workload.
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Internal Medial Axis Node

Figure 21: Nodes (points) generated byseoSect2.0 for discretizing the
search space with (blue) dominant ows.

For each orientation do the following. Consider all pairs of edes, fromB,
such that the straight line joining them is parallel to the curent orientation
(within some allowable threshold). For each pair of nodes;j 2 B, nd a
min-turn-angle depth rst search path (refer Algorithm 1), satisfying turn an-
gle constraint, starting fromi to j. We use min-turn-angle path to keep the
cuts as straight as possible, thus keeping the shape of sectors enor less
convex. Note that (due to the way it is described), the mtadfs path from i
to j may di er from the path from j to i. Further, we explicitly check if the
two polygons de ned by this cut satisfy the area constraint (forapproximate
convexity). Finally, among all the constraint satisfying cuts,we pick the one
that balances the workload best, over all orientations. In Figre 22, we show
the workload balancing feasible cuts (in di erent orientatons), for one recur-
sive step of BSP. Each cut minimizes the maximum of time-averagvorkload
on two sides of the cut.

In Algorithm 1, the details of computedpath(i;j ) are skipped, where in
appropriate data structures are used to store the path computeay the depth
rst search.

Other heuristics, like Pie-Cut (and Wheel-Cut), can also be ernhded in a
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Figure 22: Feasible cuts in di erent orientations at one leueof BSP recursion.
Points inside the region are internal search noddsand the number on top-
right is the max time-avg workload.
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Algorithm 1 mta _dfs
Input: Start node: i, End node:j, Graph G(N; E), Set of boundary nodes
B.
Output: Minimum turn angle depth rst search path from i to j.
T fg (Stack of nodes to visit)
V  Bnfi;j g (Set of visited nodes)
pushT;i
while T is not empty do
u popT
vV  V][f ug
if u=7j then
return computedpath(i;j )
end if
C fg (List of feasible current neighbors)
for all nodesv2 N do
if vZV ande(u;v) 2 E and e(u; V) satis es , then
pushC;v
end if
end for
for all nodesw 2 C, in decreasing order of wuj do
push T;w
end for
end while
return null
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similar way. Instead of nding polygonal cuts connecting two bundary nodes,
a central internal node may act as the pie-center, and polygal cuts would
connect this node to boundary nodes. We have not implementetiese other
heuristics in GeoSect2.0 , yet. Next, we run experiments to analyze how
various parameters and constraints a ect the workload balate, and compare
ow conforming sector designs for di erent data and objectivdunctions.

We compute statistics for two newow-related metrics, which quantify the
\goodness" of sector boundary interactions with the dominant ows. The new
methods for sectorization are bound to do good with respect thiése metrics,
since they have been encoded as speci ¢ constraints in the madel

1. Angle of Intersection ( ) of dominant ows with the sector boundary.

2. Distance of Flow Crossing Points () from the sector boundary. In
GeoSect2.0 , ( ) is measured as Euclidean distance directly considering
(latitude,longitude) for the coordinates of points (at earth assumption).
Hence unit of measurement is degree.

Note that, while [18] computes these metrics for all tracks, westrict ourselves
to evaluating these only with respect to the dominant ows.

2.3.3 Experiments

While code forGeoSectl.0 was written in C++, using Microsoft Visual Stu-
dio environment, all further versions GeoSect2.0 onwards) have been devel-
oped under Linux (Debian) environment. The code still is in C+ (compiled
with g++), and uses OpenGL (glut and glui) libraries for visuaization. The
experiments described below were run on a machine with Int®) Core(TM)2
Duo CPU (E4500 2.20GHz) and 4GB ram. (Some were run on a slighthet-
ter machine, with Intel(R) Core(TM)2 Quad CPU (Q9300 @ 2.508z) and
8GB ram).

Three datasets were used for most of the experiment§etl (and Set2)
consist of regions spanning 4 high-altitude sectors (currentbperational in the
NAS), from ZKC (and ZFW) center. Region forSet3 comprises of the whole
of ZDC center. The 452 tracks forSetl come from simulated data, and are
meant to represent 90 minutes of high tra ¢ time window. The 127 tracks
for Set2 (6380 for Set3) are actual own trajectories for a 24 hour time pe-
riod. All sets have track data for altitude range 24k. See Figure 23, for the
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screenshots of the datasets. The dominant ows for all the sets aobtained
by clustering the input trajectories, using methods describedhiSection 4.2.

(a) Setl. (b) Set2.

(c) Set3.

Figure 23: Datasets along with auto extracted (blue) dominanows.

The rst set of experiments include the sensitivity analysis of tB work-
load balance to various parameters and constraints in the newodel (mostly
using Setl and Set2). After making intelligent choice for the parameters, ex-
periments are conducted orset3 for di erent workload (objective) functions.
For all experiments, at each step of BSP recursion, the regiontivimaximum
worstcase workload was picked for further sub-division.
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Sensitivity Analysis For all sensitivity analysis experiments, the number
of sectors desired for bottSetl and Set2 is 4. Also, the objective function is
to balance the time average workload.

Time Avg WL

Search Space: Size of the search space is dependent on the the number
of nodes and edges in the search graph. There is a paramegemwhich
guides this size inGeoSect2.0 . In particular, points are uniformly
spaced along the boundary at a distancetal boundarylength/( C 29°)
for some constantC. Similarly, the spacing between the internal (uni-
form square) grid points is [(6 (Xspan + Yspan)]=(C 29%) where Xspan (Yspan)
is the x-width (y-width) of the region's bounding box in 2D. Thus,
the number of search nodes at any level of recursion is proporial to
(C 2992 j.e. with every increment ings by 1 the number of search nodes
becomes (approximately) 4 times. Parametags is kept in the exponent
to ensure that for any speci c value ofgs all search nodes coming from
parameter valuesgs’< gs are preserved.

Note that, few of the uniform search nodes may be missing from the
search space, either because they lie outside the region or nearoa-
straint. Similarly, the edges violating any constraint may ao be missing.
Hence, increasingys only guarantees an approximate (multiplicative) in-
crease in the search space.

24

Max Time Avg WL —— oal Max Time Avg WL —— |
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(a) Setl. (b) Set2.

Figure 24: Search spaceyf) v/s time-avg. workload.

In Figure 24, we show the e ect of increasings on workload balance.
Not surprisingly, the workload balance improves by increasindne size of
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Time Avg WL

search space, as number of choices for the cuts increases.g=or 3 the
workload balance almost becomes perfect. Also f8et2, good workload
balance is already achieved fays as less as 1. This shows that one may
get lucky to nd good search space for small values g As discussed
before, a higher value forgs is unlikely to hurt the workload balance,
though it does have a huge impact on the running time. FoBet2, as
gs was increased from 0 to 3, the average number of search nodes per
iteration (of recursive BSP) increased from 56 to 634, the awsge number
of feasible cuts for all orientations (8 here) increased fron820 367 and
the running time of the experiment increased from:033 minutes to 286
minutes.

Discrete Orientations of Cuts: The graph in Figure 25 also veri es
the intuition. The workload balance improves as the numberfallowed
orientations (hence the number of feasible cuts) increases. Ndtet
beyond a point, when all pairs of boundary nodes are checked ind
a cut, the increase in the number orientations would not incese the
number of feasible cuts.
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Num Orient Num Orient
(a) Setl. (b) Set2.

Figure 25: No. of orientations ¢€) v/s time-avg. workload.

Model Constraints:  Various constraints in the model (as described in
Section 2.3.1) can be broadly classi ed as angle constraintscadisc con-
straints. The angle constraints tsc, ¢sc and t, all should ideally be close
to orthogonal (90). In Figure 26, we show the sensitivity of workload
balance to the angle constraints, as they increase from (ho constraint)
to 90 (max constraint). All the angle constraints are increased simul-
taneously as it is di cult (and may be unnecessary) to classify onas
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Time Avg WL

more important than the other. The radius for all disc constraits were
set to be 0 (no constraint). Very high values of angle constrairfr5 and
85 ) have a signi cant impact on the workload balance. In Figure 2, we
show the sensitivity of average(over 4 sectors) minimum to the angle
constraints. The average minimum consistently increases with the in-
crease in the angle constraint.
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Figure 26: Angle constraint v/s time avg. workload.

80

70
60 r
50 r
40

Avg Min Angle

30

20 f

10

[

Setl
Set2

£

0O 10 20 30 40 50 60 70 80 90

Angle Constraint (degrees)

Figure 27: Angle constraint v/s avg. min

The radius of two disc constraints:
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ow- ow intersectionr¢. and the
cut-boundary intersectionr . are also increased simultaneously and the
e ect on the workload balance is shown in Figure 28. The angleo-
straints were all set to be 0 (no constraint). Even for disc constraint as



high as 020 the workload balance is good. Note that, no SUA bound-
aries were used for any experiments; hence though the concepists
(and is implemented inGeoSect2.0 ), sensitivity of workload balance
to the rgy, constraint is left as future work. In Figure 29, we show the
sensitivity of average (over 4 sectors) minimum to the disc constraint.
Similar to angle constraint, the average minimum consistently increases
with the increase in disc constraint.
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Figure 28: Disc constraint v/s time avg. workload
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Figure 29: Disc constraint v/s avg. min .

Comparing di erent objective functions
sults, we pick reasonable values for each constraint, and expeent with Set3
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Sector Design| Time Avg WL | Avg. Dwell Time | Avg. Min. Avg. Min.
balancing | Max | Std:Dev: | Avg: Min
Time Avg WL | 13.88 0.09| 8.81 5.17 65.85 0.39
Coord. WL | 19.18 1.39] 11.35 6.33 63.37 0.38

Table 5: Comparing workload and ow conforming metrics for wo sector
designs.

for di erent workload functions. In particular, we start by looking at two ex-
treme cases, rst experiment where we balance (minimize the maxum over
all sectors) time average workload, and second where we balanoerdination
workload. A sector with low coordination workload has less ietsections (and
thus more alignment) with ows. Thus, balancing coordinationworkload fa-
vorably increases the average dwell time of air craft withinhte sector.

For this set of experimentsgs = 1 (this already gave su cient graph size),
the number of sectors was xed to 8, all angle constraints weretde 45 and
all disc constraints were set to 16. ¢ = 16 orientations were used, so as
to allow more exibility to nd cuts that align with ows. See T able 5, for
the comparison of time average workload and average dwell &nor the two
experiments. As desired, rst sector design gave excellent workld balance,
but the average dwell time is considerably less. On the other hanthe second
sector design successfully increased the average dwell time, tjoat the cost
of time average workload balance. Both the designs performedry well on
the average (over 8 sectors) minimum and the average minimum . Refer to
Figure 30 for screenshots of the sector designs.

Next, we try to combine the objective functions from previouswo experi-
ments so as to get good workload balance, and at the same time toyalign
sector boundaries with the dominant ows. At each step of BSP regsion,
among all feasible cuts, get the one with best coordination wddad balance.
Consider all the feasible cuts whose coordination workload lalce is within
X% of the best coordination workload. Among these, pick the one vh gives
the best time average workload balance. Fox = 0, it would pick the best
coordination workload balancing cut every time (like in seca experiment
above). The graph in Figure 31 shows the e ect of increasing on the av-
erage dwell time and the time average workload balance. It isteresting to
see that as we relax the constraint (by increasing) on requiring the cut to
balance the coordination workload, we get improvement in wkload balance.
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(a) Balancing time average workload. (b) Balancing coordination workload.

Figure 30: Results forSet3.

But, the monotonous decrease in the average dwell time is suiging, as there
is no obvious reason for the two objective functions to competeach other.
See Figure 32 for the screenshots of sector designs for the comtbinbjective
functions.

We also ran experiments for the entire NAS, considering each censepa-
rately for sectorization. Air tra c for a 24 hour time period was considered,
and sector designs were computed for two di erent altitude lagrs: 2« 35k
and 3% 60k feet. Hand extracted dominant ows (using tra c density heat
map from Section 4.2) were used for all the centers. See Figur@ 3or the
screenshots. This experiment was run with an intermediate imginentation
of GeoSect2.0 ; hence there were a couple of constraints missing, leading to
some visual artifacts in the sector boundaries.

2.4 3D Sectorization

In all the above sections, we were trying to partition a regionni 2D. A sec-
tor's workload was measured using all the air-tra c above (in he complete
altitude-range) its polygonal boundary. This is restrictie in the sense that
the altitude variation in tra c is not taken into account. FI ows moving in
opposite direction are always altitude separated. Also, depeing on the air-
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(@) x =5% (b) x =10%

(c) x =15% (d) x =20%

Figure 32: Screenshots of sector designs for the combined otiyecfunction.
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(a) Alt. range 24k-35k feet.

(b) Alt. range 35k-60k feet.

Figure 33: Results for the entire NAS, one center at a time.
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craft size, it may or may not have the ability to attain certain altitudes. Most
important of all, ight ascends (during take o ) and descends ¢uring landing)
make altitude consideration critical for sector designs in th€RACON region.
Today's airspace in the NAS is also divided into low-altitude, lgh-altitude
and very-high altitude sectors. Each existing sector thus has attitude range
(min and max) which lters the air-tra ¢ handled by the contr oller in that
sector.

Figure 34 gives an idea, how partitioning a sector at an altitde level
might help reduce controller workload. E ectively it splits high altitude tra c
from low altitude, thereby assigning workload of di erent alttudes to di erent
controllers.

%

time

Figure 34: z=const. cut splitting high alt. tra c from low alt. trac

Floors and Ceilings Intuitively, each sector has a at oor and a at cell-
ing de ning its boundary in the z (altitude) dimension. Keeping the oor and
ceiling at is important. This is because of the limitations d the Operational
Display Systems used by the controllers, which still gives them 2idsualiza-
tion of the airspace. This is also true in case of sectors in the TRAON, where
there is a lot of ascending and descending tra c. Hence, from a ostoller per-
spective it is easy to work with a speci ¢ range of altitude assigdeto a 2D
sector region.

It turns out that availing the possibility of this kind of parti tion (split) is
an easy addition to the suite of heuristic’GeoSect . The 1D problem (in
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Section 2.1.1) was trying to nd x = const. cuts; which is exactly what we
want but this time in the z-dimension. The new heuristic for 3D sectorization
(extension from BSP) is: At each level of BSP recursion, nd the éstz=const.
cut (projecting the tracks inz t plane as shown in Figure 34). Compare the
workload balance resulting from this cut to that resulting fran a 2D BSP cut
and pick the better of two. Note that one has to maintain an altude range
and use air tra ¢ within that range for each intermediate region (and the nal
sectors).

Experimental Results We experiment with Set3 (for 8 sectors balancing
the worstcase workload), and compare the results for 2D and 3D smadesigns.
We do not use any dominant ows for this experiment. This is beause, the
current capability in GeoSect has ows de ned only in 2D, and hence not
all ows are relevant at all altitude levels. See Figure 35, fothe screenshot
of sectors produced by the 3D method. In particular, one intemediate region
was divided at altitude level 345k. This is not surprising, in fact it explains
why the altitude split at 35k was suggested for the NAS wide experiment in
Section 2.3.

(a) Alt. range 24k-34.5k feet. (b) Alt. range 34.5k feet and above.

Figure 35: Results for 3D sectorization ofet3.

Refer to Table 6, for comparison of workloads for 2D and 3D sectdesigns.
Even though the 3D method marginally improved the max worstcse workload,
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Sectorization Worstcase WL Time Avg WL

Max | Min | Std:Dev: | Max | Min | Std:Dev:
2D 37 33 0.42| 14.30| 12.36 0.22
3D 36 31 0.62| 14.85| 11.69 0.37

Table 6: Comparing results of 2D and 3D sector designs.

there is not much di erence between the workload balance dfi¢ two methods.
The 3D capability might be useful, when we model experimentsif TRACON
region, where there is a lot of ascending and descending tra dzurther, ow
de nitions need to be extended to 3D, and constraints in the miel must also
be updated appropriately, to make them suitable for 3D sectaration.

2.5 Conclusion

We started with convex sectorization methods and developed ysto balance
workload, while keeping the sector shapes ‘fat'. Further, weadeled domi-
nant ow interactions as constraints and extended the methasifor non-convex
sectorizations, still keeping the shapes of sectors desirable. &l methods
performed reasonable with respect to workload balance, andetmon-convex
sector designs gave good ow interactions. A method for 3D secization

was also presented. In future, we would like to experiment mokeith other

workload metrics. [56] is an ongoing work speci cally aimed ahcorporating

simpli ed dynamic density (SDD)[38] metrics into GeoSect .
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3 Dynamic Re-Sectorization

3.1 Introduction

In Chapter 2, we saw sectorization methods, where the sector balamy re-
mains xed for the entire time period, of the track data. Depeading on the
time of day, certain areas in the NAS have high air tra ¢, while dhers have
low tra c. The tra c intensity across di erent regions is also a ected by the
presence of convective weather, change in the demand pro lasvarious air-
ports etc. Hence, the workload across (static) sectors changeseiothe day;
See Figure 36. It is important to address the dynamic nature ddir-tra c,
and allow sector boundaries to morph to the changing tra c. Maeover, the
sector boundary changes should Hessfrequent, as there is a \transition cost"
associated with each modi cation. The transition cost may be du# the re-
assignment of ATC to the new sectors, the hand-o s of air craft frm one ATC
to other (as the sectors change), etc. A general rule of thumb that the ben-
et of new design (improvement in workload balance, etc.) shdd su ciently
exceed the transition cost, in order to warrant a change.

Note that, in the dynamic re-sectorization problem, an initi& sector con-
guration is given as input. This might be a con guration that is currently
operational in the NAS, or computer generated for a reasonably sthtime
window (3-4 hours) of air tra ¢ (looking into the future). Bel ow, we explore
two methods: the rst promotes doing \few" clean-sheet re-desits over the
day, to balance the workload across sectors, while the secone$ito identify
dense tra c regions, as the air tra ¢ evolves over the day, and estricts re-
designs to only those regions.

3.2 Multiple \Clean Sheet" Sector Designs

Consider an extreme case, where the transition cost between seaesigns is
negligible and there is high benet of reducing the workloadiariation (over
the day) across sectors. A simple way to achieve this is to invok&eoSect

(or any other static sectorization tool), several times over t course of day, to
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Figure 36: Time vs max and avg (over 17) worstcase WL for origihaectors

operational in ZDC. At each discrete timei, the air tra ¢ in a 3 hour sliding
time window (i;i + 3) was considered to evaluate the workloads.

do a \clean sheet" sectorization and balance the workload (asexists at that
time). If there is a bound on the maximum allowable workloadfaa sector, this
method also decides the minimum number of sectors required, edch time of
the day.

Such an extreme case, though, is highly impractical. A cleanesét redesign
usually has a high transition cost associated with it; since (almosall the con-
trollers are reassigned to the new sectors. But, restricting onelfseo \few"
redesigns (clean sheet), over the course of tinie(eg. a day or a week), may
be bene cial. If the redesign times are same as the shift-switclyg times of
the ATC's, then arguably there is no transition cost. Also, if the penomenon
is repetitive and the ATC knows that at a certain (exact) time every day, he
is reassigned the same new airspace, its just a matter of time befdre gets
trained to handle two (or more) sectors. The sub-problem can besdhed as:
Suppose we are allowed to modify the sector desigrimes, over timeT; iden-
tify the best switching times and the sectorizations for the redting (k + 1)
time windows.

A discrete version of this problem, where all possible switchingries come
from a set of (pre-de ned) discrete times, can be solved by a simplgnamic
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programming approach. For each pair,t(;t;), of time points (discretized at,

say, 15-minute intervals), we usé&eoSect to compute an optimal sectoriza-
tion using a speci ed number of sectors. Then, over the time inteal [0; T], we

compute an optimal set ok timest;, at which to switch to a new sectorization
that is optimal for the next time interval, (t;;ti+1) ((to = 0).

We experiment with Fort Worth (ZFW) center, using historical trajectories
for a 24 hour time period. The number of desired sectors is 18, cathe
time is discretized into 24 intervals (hourly splits). We analye the e ect of
number of switching timesk, to the max (overk +1 time windows) of average
(over 18 sectors) worstcase workload. In Figure 37, we show how ioml re-
sectorization can lead to a decrease in the maximum aircraft wat. Refer to
Figure 38, for the screenshots of resulting sector designs, for 2. Notice
that, by allowing more switches (for the same number of sectorsye improve
the max workload. Alternately, if we keep a bound on the workkad, multiple
switchings would help in decreasing the number of sectors.

3.3 Local Adaptable Re-Sectorization

Given a sectorization to start with (either the existing one, orthe one gen-
erated by GeoSect), it is easy to identify high tra c regions @ group of
local sectors) in the NAS. Locality is speci ed by means of a paranes, k:
Within an existing airspace partition, we examine local neidbors (clusters) of
k sectors (i.e., connected components of sikan the dual graph). Currently,
GeoSect-D is implemented for the casé& = 2. The objective is to perform
small, local changes to the airspace, versus large-scale changeresponse to
changes in tra c pattern and tra c density. This has several advantages over
\clean-sheet" re-sectorization, including most notably cogtive familiarity. Lo-
cal re-optimizations are also combinatorially small probles) which allows us
to apply sophisticated optimizations that would be prohibitve if applied to
global airspace design. The local re-optimizations withitseoSect-D can
be done by any sectorization algorithm, such as those withiGeoSect2.0 |,
those based on MIP, those based on graph partitioning, Voronoiagjrams, etc.
Currently, GeoSect-D is implemented only with re-optimizations based on
the ow-conforming cut method (from Section 2.3).
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(a) Improvements to the avg. (over 18 sectors) peak workload for ZFW Ceter, as we
allow k=1, or k=2, or k=3.

(b) Plot of max. (over all re-designs) avg. peak workload as a function
of k.

Figure 37: E ect of multiple (k) clean-sheet sectorizations, \er the course of
a day, on the peak workload.

63



(a) 7:00 to 7:00 hrs (one sector design for (b) Design 1: 7:00 to 17:00 hrs.
the whole day).

(c) Design 2: 17:00 to 22:00 hrs. (d) Design 3: 22:00 to 7:00 hrs.

Figure 38: Results of the dynamic program to decide the best switing times
(k=3) for sector design (using convex sectorization methods) inFAV.
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3.3.1 Algorithm

The main algorithm is a greedy, iterative method, which traks over time the
potential benet to the objective function of performing eah candidate lo-
cal re-optimization. For the k = 2 case (the current implementation), this
amounts to tracking each pair, (1; »), of adjacent sectors in the current de-
sign. We call this operation, a 2 2 move; see Figure 39 for an instance. We
let I ( 1; ») denote the amount by which the objective function improved we
perform a re-optimization of the pair ( 1; ) over the time horizon [;t + T],
wheret is the current time and T is the look-ahead time over which we exam-
ine the predicted demand. The objective function can be aribary and may
be quite general, taking into account dynamic density or any evkload met-
ric that is computable. Simple versions of objective functics may just count
maximum instantaneous aircraft count or average dwell timeMore sophisti-
cated objective functions may include several componentsatcontribution
to dynamic density, such as coordination workload, merging ws, altitude
changes, speed variations among aircraft, etc. Since the lboaoptimization
searches over the set of feasible partitions of just the two sectof 1; ») (or,
more generally, a small numberk, of sectors), it can a ord to evaluate a com-
plex objective function for each possible re-partition of ([ ;). GeoSect-D
reduces the space of all possible partitions of {[ ) by restricting itself to
ow-conforming polygonal cuts computed by (static) sectoriation methods in
GeoSect .

The GeoSect-D algorithm monitors the bene ts functions,| ( 1; »), over
time. At each discrete time step, according to a re-evaluatiomterval of time
(e.g., 5 minutes), the algorithm applies one of two possible gger mechanisms:
(1) We choose to re-optimize that pair (1; ») (or k-tuple) of sectors that cor-
responds to the largest bene t to the objective function, or (RWe choose to
re-optimize all pairs that have bene t above a user-speci edireshold. In both
cases, we restrict ourselves to re-optimizing those pairs,( ») that satisfy the
condition that both ; and , are eligible for re-optimization: We say that ;
is eligible if it has been unmodi ed for at least a certain minmnum amount of
time, Tmin , Which speci es the minimum amount of time between changes to
the boundary of a sector.
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@ (2! 2) move.

(b) (2! 1) move.

(c) (2! 3) move.

Figure 39: Local moves available for adaptable re-sectorizm.
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3.3.2 Experiments

In Figure 40, we show a rst experimental result withGeoSect-D applied to
Washington (ZDC) center. The look-ahead time window is 3 hosrlong, and
the re-evaluation time interval is 30 minutes. We plot the maxnum aircraft
count as a function of time, comparing the result for the origial 17 sectors
with the GeoSect-D result for 16 sectors (kept constant over time). We see
that there is a reduction in the maximum aircraft count.

50

C)rigihal 17 Sectors -
40 GeoSect-D 16 Sectors

30 | {J—\ Jr’__\/—\

20 |

10 \

0

Max Aircraft Count

0O 2 4 6 8 10 12 14 16 18 20

Time (Hours)
Figure 40: Plot of maximum aircraft count over time for ZDC, omparing
the original 17 sectors toGeoSect-D results for a 16-sector design that is

re-optimized over time using a 3-hour look-ahead and 30-miteure-evaluation
interval

In Figure 41, we show an instance of 2 2 local move, as performed by
GeoSect-D . Notice that, the local re-balancing between sectors; and
has resulted in an undesirable shape of the boundary (portionifing points p
to g) between 3 and ;. The current implementation corrects this by nding
a new cut, fromp to g, which satis es the shape/ ow constraints. But, this
shape correction results in worsening of the workload balancetiveen ; and

2. One idea to avoid this imbalance is, instead of nding a new phtbetween
p and g; we should search for a path fronp to o, whered® lies any where on
the boundary of either 3 or 5, and the cut p to o® balances the workload
between 3 and ,. This idea is yet to be implemented inGeoSect-D .
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1P 1P 1P

q g g

(a) Detected unbalanced secfb) 2! 2 local move balanc{c) Correction to the unde-
tors 1 and ». ing the workload between ; sirable boundary shape, re-
and », results in undesirablesults in workload imbalance
boundary shape between 3 between 3 and ».
and ».

Figure 41: Stepping through the adaptable re-sectorizatioras implemented
in GeoSect-D .

The rst experiment uses the assumption that the number of sectoiis con-
stant over time, which results from the fact that we do local resptimizations
of pairs of sectors, keeping the sector count xed. In future exgiments we
will enrich the set of local operations to include 2 1, 1! 2,3! 3,3! 2,
and 2! 3 re-optimizations (see Figure 39), thereby not necessarily rserv-
ing the number of sectors. This will allow the algorithm to adapto changing
demand by decreasing or increasing the number of sectors acoogdy.

3.4 Conclusion

Dynamic re-sectorization is very important in DAC research. Wile improve-
ments are possible with multiple clean sheet re-sectorizationse believe that
the local adaptable airspace re-optimizations are more priazal, as they per-
mit cognitive continuity over time of the airspace design. Tls leads to another
interesting question: Given two sector designs, how close is onetgedesign
to the other. A couple of approaches (shared-cell, Hausdor dishce and
centroid-based metrics) are described in Bert et al. [30]. Morenportantly,

what is the exact cost associated with the transition from one degi to other.
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It is also important to identify the lead time for the controllers, before a change
in sector design actually happens, for them to prepare accordiy. Studies

relevant to these questions using redesigns produced GgoSect are under-

way.
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4 Related Problems

4.1 Scheduling Aircraft to Reduce Controller Workload

As we have seen so far, ATC workload in a sector is largely related the
number of ights present in the sector at any given time, the ma the ights
the more is the work for the controllers. Departure time of idnts thus a ect
the ATC workload because it decides when exactly the airplane present in
a sector. We study the problem of re-scheduling the departurentie of ights
so as to balance the workload and keep it as low as possible. Thssjoint
work [36] with Joondong Kim and Alexander Kmller.

Problem Statement For a given set of trajectories and a given sectorization
of airspace, determine alternate departure times \close" tdhe originally sched-
uled times so that the modi ed trajectories result in minimizng max; n (t),
the maximum occupancy count of a sector over a time window ofterest.

Formally, the Min-Max Sector Workload Problem (MMSWP) is dened as
follows: Given a set of sectorsand a set of periodic ight plans. The
common period of all plans isT, e.g., T = 24 hours. Corresponding to each
ight plan  is a sequence = ( .1; .2;:::) of the sectors it visits, where

k 2 8k. Flight plan also has an associatedeparture timed 2 [0;T),
and for each sector | it has an associateddwell timet .

Assuming a ight departs daily with a delay of , it will therefore be
in sector  during the intervals

X X
L oxs )=l t] t-)+d + +TZ (1)
<k Tk
Therefore, at timet 2 [0; T) (and alsot + zT for any z 2 Z), a total of
n(:=j 2 :t21( )g| 2)

ights will be in sector 2 .
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Our goal isto nd delays () » to minimize the overall maximum occu-
pancy count max; n (t). The delays are constrained to be within the range
[0; D] for parameter D. Note that additionally allowing ights to leave early,
i.e., < 0, does not change the problem due to the periodicity of ighplans:
A delay range [ a;H is equivalent to [Qa+ b], for a;b > 0. Therefore, we just
consider the problem where 0.

Relation to Job-Shop Scheduling When there is no constraint on the
maximum delay, i.e.,D T, our problem is equivalent to \no-wait job-shop
scheduling”. We represent each ight plan as a job and each sectas a
machine. We seek to minimizenakespani.e., the smallest time in which all
jobs can be processed, where no two jobs can be on the same machirtbe
same time. The no-wait constraint ensures that, once started, alj can neither
be delayed between machines nor suspended while being processazhe. An
optimal solution to the job-shop problem with makespaM can be converted
trivially to a ight plan solution with maximum occupancy dV=Te. Vice
versa, an algorithm for ight plan scheduling also solves job-spoby nding
the largest for which a ight plan with all processing times scaled by can
be scheduled with maximum occupancy 1. This can be achievedngbinary
search.

Lemma 4.1. Minimizing makespan in the no-wait job-shop scheduling firo
lem is polynomially equivalent to the Min-Max Sector Workloaéroblem (MM-
SWP).

No-wait job-shop scheduling has attracted various researchégsge, e.g., [41,
51, 55, 50, 40]). [10] gives BRTAS for a special case of the problem and shows
hardness of approximation for another case. [33] provides a gey of schedul-
ing algorithms, de ning the various terms and known results fosome of the
basic problems. Since the job-shop problem is NP-hard, so is the NBWP, by
Lemma 4.1. [23] formulates train scheduling as job shop probiewith no-store
constraints.

Another good reference is Bertsimas et. al [16] which solves aptimal
combination of ow management actions, including ground hding, rerouting,
speed control and airborne holding on a ight-by- ight basis.

Simplied Cases  Here, we examine some special cases of the problem. In
all the cases here, we consid& = T, so that there are no maximum delay
constraints.
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One-Sector Problem  In the simplest of cases, there is only sector, and
hence all the ight plans just de ne the time interval the ight remains in this
sector. Forall 2 , .;1= .

If we remove periodicity of ight plans, i.e. put a constraintd + +1t.;
T hours for each ight , the optimal re-scheduling problem of minimizing the
max-workloadexactly maps to the bin-packing problem which is known to be
hard (reduction from set partition) and also has an asymptotic PAS [25F].

If we consider periodic ight, then the one-sector problem has a trivial
solution just By assigning delay to make ight back to back. This tyes max-
workload ofd , t.;=Te.

Two-Sector Problem The extension of the problem to two sectors, with
a periodic schedule of ights, seems like an interesting speciase to under-
stand the complications associated with thao-wait constraint and also the
periodicity of the schedules. It is much easier to understand the&vo-sector
problem by considering its exact equivalent below.

e '
—= ?!

I B N
— m
Figure 42: Left: 4 kinds of blocks. Right: The tight- tting in the groove of
size 2.

Consider Figure 42. LetA, B be the sectors. The red rectangles indicate
the time interval of ights in A and the blue rectangles indicate intervals irB.
Red to the left of blue indicates that ight starts in A and single red rectangle
indicates the ight is only in A. Thus, the MMSWP corresponds to packing
these blocks of rectangles as tightly as possible in the groovewadth 2, con-
straining that red rectangles strictly remain in the upper row blue rectangles

1 An asymptotic PTAS is an algorithm that, given > 0, produces a (1+ )- approximate
solution provided OPT > C( ) for some function C, and runs in time polynomial in n for
every xed .
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strictly remain in the lower row and none of the rectangles oviap.

It turns out that periodicity does not really help for this case, as this
version of the problem also turns out to beNP-completeby reduction from
3-PARTITION PROBLEM .

Theorem 4.2. The MMSWP within 2 sectors is NP-Complete.

total sum of a;;:::;am. We show the optimal solution of minimizing work-
load overall sectors gives us the solution of this problem.

Let's construct the MMSWP problem instance corresponding giveinput
m, B, and a's. There are two sectors ; and ,. Let time horizon T be

i which visits only ; with staying time &. i.e, |, =( ;)andt,; = &
fori 2f1;2;:::;3mg. And we prepare additionalm ights 3yn+1;::1; 3m+m

which visit , for time (B +1) and then , for 1. i.e, , =( 25 1) and

Then, we claim that if we minimize maximum workload overall sgors for
this problem as 1, then we are able to solve given.

such that each sum is exacthB.

4.1.1 Algorithms
We designed heuristic algorithms and compare them with a giverght plan
and a lower bound.

Shifting  Starting with the original ight schedule, we pick the sector wth
worst max-workload (in case of tie check each one of them), anobk at the
time interval where the max-workload is worse. All the ights pesent in the
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B+1 1
mB + m

Figure 43: Constructing 2 sectors scheduling problem from a giv instance of
3-Partition problem.

sector in that time interval are considered for re-schedulingshifting) and the
one which gives the \best" improvement is selected greedily.nE goodness of
a shift is judged by its e ect on the workload vector which store the workloads
of all sectors in the sorted order. The ight whose re-schedulingjves the best
improvement in lexicographic ordering of the workload veor is selected (in
case of ties, we pick the ight which has the least di erence in té re-schedule
time and the ordinal schedule). The process is repeated tilll ghifts at a given
iteration worsen the workload vector. (Note that shifts keep tking place even
when the workload vector remains same).

We constrain the greedy shifting to be of the following three kds:
Right Shift - The ights are only allowed to be postponed.
Left Shift - The ight are only allowed to be preponed.

Short Shift - The decision of postpone/prepone is decided byeramount
of shift, and the shorter one is picked.

We run the experiments for each of these separately, and also ran ex-
periment where for each ight both left and right shifts are clecked. We call
that \Best Shift".
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We also devise an incremental heuristic, in which ights are addl one
by one (in a random order). With each new ight addition, we run complete
experiment of a shift heuristic considering all the ights preiously added along
with this one.

Randomized Rounding The randomized roundingalgorithm solves a lin-
ear problem formulation whose variables describe a probabyldistribution for
each ight plan. Then, a solution is generated by drawing deles from these
distributions.

We evenly divide the interval [QD] into a discrete set of delays0
do;dy;:::; dn = Dg. Also we slice the 24h-periodl into n piecesfO

For each ight , the linear formulation has a variablex (d;) for each
di;0 i m. The interpretation (in terms of the nally assigned delay )
is

X (di) = Pr| di] :

So thex () de ne a probability function on [0; D] for every ight (the density
is constant within each interval ;; di+1 ), that is, the distribution is uniform
within each interval). To make sure thex (di) de ne a proper probability
distribution, we use the constraints

1=X (do) x (d) X (dm) =0:

This means the probability that a ight delay is in the range [d;; d;] is x (d;)
X (d;), so the probabilities are nicely encoded in the formulatianNote that

Prlight isin sector at time ]

is a linear term in the x () variables. To see this, translatet into a range
[ ; ]of delays where a ight would start to be in at t. The probabilities
are then:

Some of the rst interval with d; di;1, that is,
Pr[ isin att; 2 [di;di+1)] = diJ'l——(x (d) x (dis1)):
di+1 Cli
All of the intervals d :::d.;  ,ina similar fashion.
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Some interval part around , again analogous to the rst case.

By adding the cases, one can see how Pif in at t] is a linear term with
up to four coe cients. Obviously there are a number of special c®s when
[ ; 16 [0;D]; these are easy to resolve and left out in this presentation.
So we can now describe the expected load of sectoat time t by the linear
term X
E[number of ightsin attime t] = Pr[ isin att]:
2

Hence, we solve the following LP:

min C
s.t. E[number of ightsin attimet] C 8 2 ;t2fTy:::;Thg
1=x(do) x (d) X (dm)=0 8 2 ;

which gives us a probability distribution for each , so we now generate ac-
tual values following these distributions.

An interesting variant arises when we add integrality constraits to the LP,
as this forbids smearing ights over many delay intervals. As th resulting IPs
are typically impossible to solve within reasonable time, we ergy a di erent
strategy: First, the LP-based heuristic is run. We identify the nost crowded
sectors, and add integrality constraints for tracks passing thessectors. At
the same time, we varyn and m for di erent sectors and tracks, such that the
crowded sectors get a more detailed formulation than the othe

4.1.2 Lower Bounds

Naive Approach The optimal one sector solution for a sector (refer sec-
tion 4.1), for D = T, independent of any other sector, is a naive lower bound
to its max-workload attained by any scheduling and for anyp. Thus we can
optimize each sector individually, and pick the maximum vala over all sectors
to serve as a lower bound to the workload attained by the optimacheduling.

Linear Programming The second lower bound algorithm is based on the
randomized rounding algorithm. Assume that all thex () are binary, i.e., 0
or 1 (see Section 4.1.1 for details). If now (di) x (dj) = 1, then ight

will have a delay 2 [di;d;].
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Foratrack 2 ,asector 2 andatime t, we again compute the inter-
val [ ; ]ofdelays for under which willbein att. Then we determine
the smallestd, __ andthe largestd; 1. Then, whenx (d) x (dj) =1,
the ight willbein  att. Sodeneg (;t):= x (di) X (d).

The following IP charges 1 towards the maximum capacit¢ when a track
is guaranteed to be in at t:

min()?(

s.t. g(;t) C 8 2 ;t2fT,:::;Thg
2
1=x (dp) x (dy) X (dn)=0 8 2
x (d) 2f0;1g 8 2 ;i=0;:::;m

The optimal solution to this IP is a lower bound to the originalproblem. For
e ciency reasons, we do not solve this IP directly, but rather is LP relaxation,
which is obtained by dropping the integrality constraint.

4.1.3 Experiments

We use real-world ight track data and sector data from the Natimal Airspace
System (NAS). The data, as shown in Table 7, is divided into 5 sets jgend-
ing on the number of sectors. Thalt-range de nes the range of altitude for
the air-tra c in the sectors. The high-altitude sectors typically have alt-range
24,000 feet and above.Setl, Set2 and Set3 considers ight tracks for the
entire 24 hour time period whileSet4 considers only the ights that overlap a
4 hour time window. Note that the ight times may start or end outside the 4
hour time window. Also, Set4 includes all the sectors spanned by these ights,
thus having high-altitude sectors, low-altitude sectors and soe sectors from
Canada as well.

Set5 (random data) consists of a 300 300 (unit nautical miles) square
region divided into 16 sectors in the form of a square grid. 64 rfiform) ran-
dom cities were generated such that 10% cities had weight 1&% had weight
5 and remaining had weight 1. 4994 random ights were geneet between
(weighted uniform) randomly chosen city pairs such that eachity had prob-
ability of selection proportional to its weight. The departue-time of a ight
was (uniform) randomly generated between 0 24 hours. The speed of the
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No. of Sectors| Alt-Range | Flights | Time Window
Setl 5 24k feet| 1904 0O 24 hrs
Set2 18 24k feet| 3063 0O 24 hrs
Set3 57 0 feet | 12123 0 24 hrs
Set4 1281 Di erent 11986 | 14 18 hrs
Setb 16 24k feet| 4994 0 24 hrs

Table 7: Summary of Data Sets used for experimentation.

Setl Set2 Set3
Max | Mean| Var Max | Mean | Var Max | Mean| Var
Original plan 22 18.00| 6.80 18 12.83| 12.25|| 38 21.56| 36.70
Right Shift 18 16.40| 1.04 14 11.11| 3.99 31 20.77 | 26.27

Incr. Right Shift 15 | 13.80|0.96|| 12 | 10.17| 2.25 26 | 18.75| 16.40
Rand. Rounding| 16 | 14.20|1.36|| 14 | 11.17| 3.69 29 | 20.18| 21.55

MIP 15 14.20| 0.16 14 | 11.33| 3.22 27 |19.68]| 17.71
Naive | LP IP Naive | LP P Naive | LP IP
Lower Bound 6 9 10 5 8 9 16 20 wait

Table 8: Workload statistics of algorithms for Setl, Set2 ande®3. Max:
Maximum Workload, Mean: Mean of workload, Var: Variance of wrkload

aircraft was modeled as a (uniform) random variable betwee200 600 nau-
tical miles per hour. The arrival-time of a ight was thus catulated using the
departure time, the speed of the aircraft and the distance bewen the city
pair. Additional constraint was added that no two aircraft demrt from (or

arrive) at a city within 1 minute of each other.

A screenshot of data setSetl, Set2 and Set5 can be seen in Figure 44.

Tables 8 and 9 show the comparison of max-workload statistics ¢fe given
ight plans, the heuristic solutions and the LP based methods. Thenaximum
allowable shift to any ight schedule was constrained to be 1 haoun all meth-
ods. The discretization of time for LP/IP methods is 1 minute. e results
show a considerable improvement over the workloads of each se@rising due
to the original ight schedules. Even the variance values havgone down signif-
icantly, indicating more balance of workload across sectora particular, the
incremental shift heuristic seems to out-perform all the othemethods. Note
that the shifting heuristics do not discretize the time like LPMIP methods.
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(@) Setl sectors and the underlying(b) Set5 (randomly generated) ight
square grid (and shifted square grid)tracks with the underlying sectors.
cover (grid resolution; 0.1x0.1).

(c) Set2 sectors and grid cover (1x1).

Figure 44: Screenshots of datasets. The number in the sectorsigale the
max-workload count for the corresponding ight schedules.
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Set4 Set5
Max | Mean Var Max | Mean | Var
Original plan 58 7.67 | 37.88 24 | 13.00]| 46.13
Right Shift 47 7.61 | 36.35 19 | 11.75| 29.01
Incr. Right Shift 39 7.51 | 34.50 17 10.81| 20.66
Rand. Rounding| 39 | missed| missed|| wait | wait | wait

MIP n/a - - wait | wait | wait
Naive LP IP Naive | LP IP
Lower Bound 12 - - 13 11 11

Table 9: Workload statistics of algorithms for Set4 and Set5. Bk: Maximum
Workload, Mean: Mean of workload, Var: Variance of workload

Setl (1904 t) Set2 (3063 t) Set3 (12123 t)
Max Total Avg || Max Total Avg | Max Total Avg
Right Shift 5.76 46.08 144 | 8.64 5:25.44 |1.44| 17.28| 5:18.24 |1.44

Incr. Right Shift || 48.96| 2:00:46.08| 4.32 | 51.84| 3:16:20.64| 5.76| 60 18:21:7.2 | 5.76
Rand. Rounding|| 60 | 13:22:23.52 10.08| 60 | 13:06:48.04 5.76| 60 | 35:18:15.4| 4.32
MIP 60 | 14:21:48.04 11.52|| 60 | 15:21:42.28 7.2 60 | 37:10:59.08 4.32

Table 10: Time shift statistics of various methods for Setl, Setand Set3.
Max: Max shift, Total: Sum of absolute value of shift, Avg: Averageof
absolute value of non-zero shifts. (format 14:21:48.04 mearsdays 21 hours
48.04 minutes)

The \missed" values in Table 9 and Table 11 is due to the failurefdog-
ging the workloads of all sectors. Since it takes about a week tan Set4
with randomized rounding method, we did not have another chece to get
those results in time. The \wait" indicates that we are still wating for the
instance to complete execution while \-" indicates that we daot hope to get
the result for that case. ForSet4, the MIP method ran for about 6 weeks and
then ran out of memory, while the shift heuristic takes couple fahours and
the incremental shift heuristic takes little more than a day toexecute.

Tables 8 and 9 also shows the lower bound calculations for the SsseThe
best solutions are still not close to the computed lower bounds bwe believe
they are very close to optimal solution. Future work will specically aim to
improve the lower bounds.

Tables 10 and 11 shows the statistics of the amount of time shifteom

the original schedule.Max indicates the maximum shift in any ight schedule,
Total indicates the sum of absolute values of shifts and th&vg gives the aver-
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Set4 (11986 t) Set5 (4994 t)
Max Total Avg | Max Total Avg
Right Shift 53.28| 12:53.28 | 4.32 | 6.97 | 3:8.32 | 0.82
Incr. Right Shift 60 | 14:22:53.76 17.28| 53.56| 4:18:4.84| 3.84
Rand. Rounding| 60 missed | 11.52| wait wait wait
MIP - - - wait wait wait

Table 11: Time shift statistics of various methods for Set4 ande$. Max:
Max shift, Total: Sum of absolute value of shift, Avg: Average of adplute
value of non-zero shifts. (format 14:21:48.04 means 14 days itiurs 48.04
minutes)

age time shift of all ights with non-zero shifts. The value ofTotal in case of
right shift heuristic is considerably small compared to other nteods possibly
because of the early termination due to local minimum. Also, thaverage time
shift is considerably low for all the methods, thus suggesting thave can get
considerable improvements in workloads with reasonable magdition to the
schedules.

Other Workload Considerations Apart from the max-workloadof a sec-
tor, there are other workload issues which are signi cant fromhie controller
perspective. One of them, usually referred to aordination workload, deals
with the hand-o s between controllers when an aircraft move from one sector
to the other. Another, critical one, is thecon ict resolution workload which
is related to monitoring the aircraft when they are expectedo be present at
(or near) the same (lat,long) point (con ict point) simultaneously. Note that
even if two aircraft are ying at di erent altitudes, at the co n ict point, they
demand special attention of the controller.

While re-scheduling ights has no e ect on thecoordination workload, it
can favorably a ect the con ict resolution workload, by reducing the number
of conict points. It is easy to incorporate con ict resolution workload in the
model, as we discuss below.

Con ict Resolution Workload We sub-divide the region (spanned by the
sectors) into (reasonably) small size cells and compute the maxskload in
each cell separately. If the size of the cell is small enough, gthimax-workload
cell would represent a con ict point, as more airplanes coma the vicinity of
one another simultaneously. We add these cells as new (arti ¢tjasectors to
the data set and try to minimize their workload vector separatly, thus (pos-
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Setl (Given SMax: 22) Set2 (Given SMax: 18)
Grid Size Given Shifted Given Shifted
GMax | GMean | SMax | GMax | GMean || GMax | GMean | SMax | GMax | GMean
0.1 01 4 1.670 18 3 1.604 4 1.467 14 4 1.478
0.2 0.2 5 2.446 18 4 2.356 5 2.105 14 4 2.083

Table 12: Results of Right-Shift heuristic with additional gid constraints for
Setl and Set2. SMax: Sector Max, SMean: Sector Mean, GMax: iGMax,
GMean: Grid Mean.

sibly) decreasing the number of con ict points.

The shifting heuristic is now modi ed to be a two step procedure First
step treats the overall max value of max-workload across allltseas a con-
straint W.. The air-crafts are re-scheduled to improve the workload ver of
the sectors, like before, while keeping the workloads in alllsebelow W.. In
the second step, the role of sectors and cells is reversed. Now tp&mized
maximum value of the workload of the sectors is treated as a cgmint and
the air-crafts are re-scheduled with the objective of impromg the workload
vector of the cells.

For experimentation, these cells come from a uniform (squareyid and
a shifted uniform grid as shown in Figure 44 covering the regispanned by
the sectors. Two di erent side lengths of square grid cells are wuse0:1
0:1 and Q2 0:2 (unit latitude/longitude degrees). In Setl, Set2 and Set5,
1 degree corresponds to somewhere in the range of 350 nautical miles.
Tables 12 and 13 shows the results of the workload improvememigh the cell
constraints. We observe that the max-workload of the sectors dtimprove as
compared to the original (18 v/s 22 for Setl), while the numbeof con ict
points are considerably decreased (see Figure 45). For Setlemécheduling
there are no grid cells with workload 4, while the number of 4s with workload
3 has also decreased by more than 90%.

Concluding Remarks We presented a periodic ight plan scheduling prob-
lem, proved it to be NP-hard, and proposed heuristics for whichevreported
experimental results on real-world data. The results show a ceiderable work-
load improvement over the originally scheduled ight times ad come at low
computational cost. The reduction in the number of con ict pants was also
impressive. Future work will speci cally aim to improve the lover bound, as
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Set5 (Given SMax: 24)
Grid Size Given Shifted
GMax | GMean | SMax | GMax | GMean
0.1 0.1 11 1.609 19 8 1.598
0.2 0.2 14 2.271 19 10 2.243

Table 13: Results of Right-Shift heuristic with additional gid constraints for
Sets. SMax: Sector Max, SMean: Sector Mean, GMax: Grid Max, NBan:
Grid Mean.

(a) Setl. (b) Set2.

Figure 45: Grid cell max-workloads (before and after schedg), for grid size
01 Ol
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we believe that the heuristically produced solutions are alagly almost optimal.
Also, we are interested in re-routing the aircraft along with rescheduling to
improve the workloads.

4.2 Trajectory Clustering

Given the aircraft trajectories (historically own, wind-optimized or any sim-
ulated data), it is important to identify the dominant ows. R ecall, from
Section 2.2, that a dominant ow is a path used by many air craft Identifying
dominant ows is critical for re-routing tra c in case of weat her changes, de-
signing sector boundaries (refer Section 2.3), realizatiori airspace concepts
like tubes [52], etc. This is joint work with Irina Kostitsyna.

The main objective (similar to many other classical clustering noblems)
is to cluster trajectories into bundles and to nd a representive for each
cluster, de ning the dominant ow. Note that the trajectory data may have
many outliers (the trajectories that do not y through or follow any dominant
ow). Considering this fact, the decision version of the trajery clustering
problem can, now, be de ned as:

Problem Statement: Given a setT of n aircraft trajectories (polygonal

paths in 2D), does there exist a set of dominant ow®d T, D) Kk, such

that at least ¢ % of trajectories inT lie \close" (within ) to at least one of
the dominant ows. A trajectory t is \close" to a dominant ow d if a certain

fraction f, of its length I(t), lies within the -fattlgning of d (see Figure 46).
One may wish to minimize eitherk or minimize ,, I(i), where (i) is the

length of dominant ow i. Alternately, given k the objective may be to maxi-
mize c.

Related Work [3] is an excellent web survey covering di erent kinds of
trajectory clustering problems. Repetition is how Andrienko et al. [8] classify
the trajectory clustering problem (as motivated above). Gudhundsson et al's

book chapter [29] also gives a good overview of the topic, aipwith some key

applications. Dykes et al. [26] suggest that the track density npaapproach

discussed below dates back to the work of Hagerstrand in 1970.
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Figure 46: The (black) trajectories that are fully containe (f = 1:0) in -
fattening of (blue) dominant ow, are \close" to the dominant ow.

Speci ¢ Requirements Related to Sector Design For sectorization pur-
poses, along with the identi cation of ows, it is also importantto assign speed
and direction to each ow. This assists in deciding the bu er regirements for
con ict points ( ow crossings) from the sector boundary. One wayof getting
the speed (direction) of a dominant ow is by averaging (majaty voting) the
speed (direction) of tracks \close" to this ow.

4.2.1 Algorithms

We devise three greedy heuristicsGreedyD , GreedyW and GreedyT .
The rst two use the tra ¢ density map, while the third one explic itly uses
the given trajectories to nd the dominant ows.

Tra ¢ Density Map The construction of tra ¢ density map is as follows.
Starting with the bounding rectangle of trajectory setT, discretize the space
of the rectangle with a uniform gridG. The spacing between points irG is
de ned by a parameterincr. For each grid pointg de ne the weight w(g) as
the number of tracks that intersect a disc of radius (from problem de nition)
centered at this point. See Figure 50 for examples of tra ¢ desity maps. The
points with heavy weight indicate regions of high tra c densty.
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Now, for each trackt, we de ne the weightw(t) as the sum of weights of
all grid points that are within distance (in the -band) oft. The density
of t is de ned asd(t) = w(t)=n(t) where n(t) is the number of grid points in
the -band oft. Intuitively, it is weight per unit length of the track and is a
good quanti er for the dominance oft. A track t°with high d(t9, suggests
that this track goes through (or lies completely in) the regin of high trac
density. Thus,t°is a good candidate for dominant ow.

Algorithm 2 Greedy Trajectory Clustering
Input: Set T of tracks, Coverage threshold %.
Output: Set D of dominant ows.

D
C
Coverage O
while Coverage< c % do
d \best" track
D DJ[d
for all Trackst2 T do
if t2 C andt \close" to d then
C t
end if
end for =
Coverage e )= 1 (1)
end while

All the three greedy heuristics are based on Algorithm 2, which isoti-
vated from greedy set-cover. The only dierence is the way in lnch each
heuristic selects the \best" track. For GreedyD , the \best" track is one
with the maximum density. Since a track with the maximum densig may
have a very low weightw(t), it is not a good choice because this low weight
track will hardly cover any tracks. We modify GreedyD by introducing a
constraint that the weight of the selected track is at least a fretion wc of
the maximum track weight. Thus, d MaXg(t2T and t2¢C and w(t)>we w(t9) d(t),
wheret®  maxgat and t2cyW(t).

GreedyW selects the track with maximum weight, under the constraint
that d(t) is at least a fraction dc of the maximum track density. Thus,d

MaXg(t2T and t2C and d(t)>dc dyW(t), wheret®  maXguat and tacyd(t). Note
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that the track density map is updated in each iteration of Algoithm 2, to
have weights corresponding to track3 =C. GreedyT , picks the track with
maximum coveraged  MaXguo2T and to2c)COMtY, where

CO\(t(b = SumB(tZT and t2C and t \close" to tf’)l(t)-

4.2.2 Experiments

Datasets Setl, Set2 and Set3 are same as used in Section 2.3.3. Refer to
Figure 50, for the tra ¢ density map of Setl and Set2, for incr = 0:04 and

" =0:15. For all experiments belowf =0:7. Thus, a track that was fraction-
ally outside the "-band of a dominant ow d, would still be covered byd.

Firstly, we use Setl and Set2 to evaluate the sensitivity ofwc (and do
with respect to k (number of dominant ows), for ¢ = 95%. Ideally, incr
should be as less as possible (more discrete points to approximidie continu-
ous tra ¢ density map) and " should dictate the width of a dominant ow in
nautical miles (nm). For this experiment, we use high valueof incr = 0:04
and" =0:15 ( 7:5nm), as the main aim of experiment is to understand the
sensitivity of parameters and not to extract the exact dominan ows. With
high values ofincr and ", one experiment forSetl, for a speci c wc took less
than 3 minutes to execute. In Figure 48, we show the variationf& aswc
(and d¢) increases from 0 to 1. The decreasing behavior kof for GreedyW ,
is intuitive; as for lower values ofwc, it is likely that the tracks with small w(t)
are selected initially, which do not cover many tracks. Simitaexplanation can
be given for the increasing behavior dt (with decreasingwc), for GreedyD .
Observe that, k remains same (75 foSetl) for both GreedyD , whenwc =0,
and GreedyW , whendc= 1. This is because, both heuristics pick maximum
density track (regardless of the weight), at each step. In a simail way, k re-
mains same (44 foSetl) in case ofGreedyD , whenwc = 1, and GreedyW
whendc= 0, as maximum weight track is picked.

GreedyT |, for c = 95%, gave 28 and 35 dominant ows foSetl and Set2,
respectively. ComparingGreedyT results with the graphs in Figure 48, we
assigndc = 0:6 andwc = 0:7. These are chosen so that the number of dom-
inant ows Kk, for GreedyD and GreedyW , remains comparable to that
achieved byGreedyT ; at the same time, the density of each dominant ow
is as high as possible.

Next, we use the constraint parameters xed above, to see hdwchanges
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(a) Setl.

(b) Set2.

Figure 47: Left: Tracks; Right: Tra c Density Map showing regions with high
(red), moderate (yellow) and very low (dark green) tra c density.
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Figure 48: Sensitivity of number of dominant ows to the constaints.

with the increasing coveraged). Refer Figure 49: Forc

60%, the addition of

a ow, does not increase the coverage by much. Other way to imet this is,

for coverage beyond 60%, the density (dominance) of any nhewwds modest.
Visual inspection (see Figure 49) of dominant ows at di erent coerage levels
also reveals that 60% is the right choice fat.

Coverage (%)

GreedyD —— |
GreedyW
_GreedyT ~woe ]

O L L L
0 5 10 15 20 25 30 35 40 45 50

No. of Dominant Flows
(a) Setl.

100

90 r
80
70
60 -
50
40  /,
30 ’__:':
20 ¥

Coverage (%)

10

GreedyD ——
GreedyW i
GreedyT -

5 10 15 20 25 30 35
No. of Dominant Flows

(b) Set2.

Figure 49: Number of dominant ows vs coverage.

Refer to Figure 51, for the results ofcreedyD and GreedyW , for ¢c =
60%, for theSet3. For this experiment,incr = 0:015 and" = 0:05 ( 2:5nm).
Most of the high tra ¢ density regions look covered with the conputed domi-
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(a) Setl.

(b) Set2.
Figure 50: Screenshot of (blue) dominant ows (along with cared (grey)

tracks) for increasing total coverage (Left:c = 50%, Middle: ¢ = 60% and
Right: ¢=70%).
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nant ows.

Concluding Remarks ~ The requirement,D T, in the problem statement
might be too rigid. It will be interesting to identify a dominant ow which is
central to the tracks that lie within its -band. This is similar to considering
the centroid of points as cluster head (like done ik-means clustering). More
formally, the sub-problem can be thoughtof as: Given a sét® of polygonal
chains in D, nd a chain t so as to min ;,.d(t;i) or minmax,rod(t;i),
where d(t;i) is the Fechet distance betweent and i. A possible related ref-
erence is the work of Bereg et al [12], where they consider mgj Voronoi
diagram of polygonal chains under discrete Fechet distance

Also, for sectorization purposes, it may su ce to get the output in hie form
of a planar graph (de ning the arrangement of dominant ows),with edges
(poly-chains) connecting nodes ( ow crossing points). The diotion and speed
of tracks along the edges can be used to specify the separatioguieement of
crossing points from sector boundaries. Such output, in terms planar graph,
can be expected from density based clustering methods [48]. Exinentation
with such methods is left as a future work.
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(a) Tra c density map. (b) Track data.

(c) Dominant ows (blue) produced by GreedyD (Left: Overlayed on
density map; Right: Along with the covered trajectories).

(d) Dominant ows (blue) produced by GreedyW (Left: Overlayed on
density map; Right: Along with the covered trajectories).

Figure 51: Screenshots of result fd8et3 (c= 60%).
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5 Future Work

Terminal Airspace All of the methods discussed so far (and the experi-
ments conducted) were aimed at sectorizations involving eroute airspace.
The terminal airspace (within 30 50 nautical miles of an airport) is sector-
ized very di erently from the en route airspace. Each TerminbControl Areas
(TCA) (sector in the terminal airspace) is very structured to endle e cient
climb and descent tra c pro les.

As discussed in Bert et. al [30], runway and ow path design is insegbly
intertwined with sectorization in the terminal airspace. Reér to Figure 52
for an example of highly structured ow interactions in the SEO/OAK/SJC
metroplex area. (The images are from the terminal airspace dgis of Doug
Isaacson, NASA Ames Research Center.) The function of controllersTCA's
is very speci c to the kind of ow they are handling. There are éeder sectors
that handle TRACON entry and merge preparation, nal approah sectors,
departure sectors, hand-o sectors, etc.

The study of combined ow design and sectorization is new and clheng-
ing. We are currently compiling exact requirements and expting algorithmic
approaches for terminal airspace design.

Airspace Playbook Kopardekar et. al [37] proposed the concept of an
\Airspace Playbook"” as a set of pre-de ned airspace con guraties that go
hand-in-hand with the the existing pre-de ned scenarios fronthe National
Severe Weather Playbook (NSWP). The NSWP consists of a set of retes
based on weather changes. Each \con guration play" involvesdgustment to
sector boundaries, ideally in the increments of existing sectoomponents (sub-
sectors). Typical examples of a play include exchanging sub-s@s among
neighboring sectors, splitting sub-sectors within a sector etc.hE main advan-
tage of pre-de ned airspace con guration lies with the \memadazation" [18]
aspect of controller training. Since sub-sectors are used in oguration plays,
air tra c controllers can train themselves on sub-sector geontgy.
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(a) Planned ows.

(b) Actual ight tracks.

Figure 52: Terminal ow interaction in SFO/OAK/SJC.
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The local repartitioning method, described in Section 3.3 estricts the re-
design to regions of dynamic air tra c; each redesign consists aflocal move,
such as (2! 2), (2! 3), (2! 1), etc. While the set of local moves is
pre-de ned (and small), each local move may result in many dieent con g-
urations in the same region. This is because of the large numbafr possible
ow conforming cuts available in the discrete search space (darm grid). That
said, it is not di cult to incorporate the concept of sub-sectors into the local
repartitioning method used by GeoSect-D . Instead of searching for a new
cut on a discrete grid, the search graph may consist of nodes andyed that
de ne sub-sector boundaries within a sector (more generally,ragion). This
will restrict the number of di erent possible con gurations (resulting from a
local move) to a small set of di erent combinations of sub-sectsr A challeng-
ing question is to come up with a good set of candidate sub-secttinat de ne
an optimal underlying search graph for cuts. One way to get the besectors
is to invoke GeoSect for designing a large number of sectors. Another, more
ow conforming, way would be to use the Voronoi partition (see Fgure 53) of
dominant ows as the set of candidate sub-sectors.

Figure 53: (Grey blue) Voronoi partition of (red) dominant ows. The (blue)
discs represent constraint zones at ow crossing points.

Multi-Controller Sta ng Tien et al [54] discuss the use of a multi-controller
policy where, by assigning more than one controller to a sectdahey circum-
vent the need to perform disruptive sector boundary changes dag busy pe-
riods of air-trac. The addition of an extra controller may not double the
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capacity of a sector, but can de nitely serve as an alternativéo re-design,
when the workload of sector increases above that manageable dnye con-
troller. This adds another interesting dimension to the airspee sectorization
problem, where the new objective is to minimize the contr@t-hours (which
directly translates to the cost of controller-sta ng). The current methods in
GeoSect can be appropriately modi ed to handle this new objective; mong
all choices of ow conforming cuts, instead of picking the onehat best bal-
ances the workload, we may prefer a cut that gives a better doaller sta ng
opportunity.

GeoSect Enhancements There are several speci ¢ planned enhancements
in the software, including:

GUI for manually editing the sector boundaries:

Add the capability for a user to edit (delete/add/move) a sectorbound-

ary. While a boundary is being edited, the workload of the seats shar-
ing that boundary should be updated in real time, allowing insint assess-
ment of possible bene ts. This feature is important for multipe reasons
as enumerated below.

1. Post-process a computer generated sector design, either frG®o-
Sect or from any other algorithm. This should assist in rectifying
any small artifacts in the design.

2. Validate the methods that generated the sector design. If Bditing
a sector boundary, the workload balance improves, one may want
to re-examine or modify the algorithm, adjust the algorithm$ pa-
rameters, or check for the correct implementation of the algishm.
Alternately, if the method is working correctly, this might be an-
other way for a user to understand why the algorithm arrived at a
particular sector design.

3. Allow the possibility for the user to decide to skip consideringra
auto-generated sector design altogether. This may be partieuly
useful in the dynamic setting, where a sector design is already in
use. Modifying the sector boundary manually, while monitorig
the changes in the resulting workload, may well end up being ¢h
method of choice, especially for small changes in tra ¢ patters.

The important data structure, doubly connected edge list (DCEL.)to
make possible these editing features is already present @eoSect .
Hence, it should be one of the easier enhancements to the tool.
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Using dominant ows more intelligently:

Update the current implementation of the constraint at ow crossing
points. Currently, the constraint is implemented as a circuladisc. The

modi cation will allow other shaped regions (e.g., rectangls, polygons)
that will allow consideration of the direction and speed of therossing
ows (see Section 2.3). We also intend to make necessary modi aats
to consider the dominant ows in D (and possibly D). This will be

important for producing sector designs in the TRACON region ah also
for dynamic re-sectorization.

Starting with an input sector design:

The local heuristics, mentioned in Section 3.3.1, alloBeoSect to start
with an input sector design and adjust the sector boundaries lolbg to

either improve the workload or to make them ow conforming. Aglobally
optimal solution (e.g., MIP [59]) that gives good workload biance, but
has issues with sector boundary ow interactions, is likely to bee t from

such post-processing.

More speci cally, in order to make use of a global solution, it Wi be
important for GeoSect not only to make the boundary changes that
are absolutely necessary, but also to keep the resulting new desim
close as possible to the input design. To achieve this goal, thecéb
2-opt method can be modied as follows. After erasing a boundary
increase the weight of (or add more) search nodes near this badany.
By increasing the weight, we mean that a node near this boundashould
be more likely to be on the new cut. Any constraint violation by he
new cut should be addressed, regardless to this weighing scheme.

Extending local re-partitioning method:
Add more options for a local move, including (2 1), (2! 3) (1! 2)
etc.

Running time:

Running time was not an issue withGeoSect1.0 , which produced con-
vex sector designs very quickly in practice. However, incorpading ow
(and other) constraints in the model has resulted in a substantian-
crease in the running time. For dynamic re-sectorization, itsi critical to
generate the sector designs quickly. Real-time update of wéokd (and
constraint violation checks) is also inevitable for adding thenanual edit-
ing feature. While running time was not our primary focus in ecent
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developments designed to improve functionality and qualitypf sectors,
there are many optimizations we expect to incorporate in theoftware
to increase its e ciency.
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