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Historical airport-level General Aviation (GA) activity plays an important role in airport managerial and operational decision-
making processes. We developed a model to estimate historical percentages of itinerant GA operations by four aircraft types and
two flight rules.Themodel is formulated as a least-square optimization model and can be applied to both towered and nontowered
airports.We applied themodel to airports in the Terminal Area Forecast and comparedmodel estimates with the observed statistics.
This study provides a method that could be used in the decision-making processes that require detailed historical GA operations.

1. Introduction

General Aviation (GA) is the operation of civilian aircraft
for purposes other than commercial passenger or cargo
transport. It is an essential part of the air transportation
system in the United States (US). The Federal Aviation
Administration (FAA) created theNational Plan of Integrated
Airport Systems (NPIAS) [1], which identifies airports that
are significant to national air transportation and thus eligible
to receive federal grants. In the NPIAS, more than 80% of the
airports primarily serve GA. For airports that mainly serve
commercial flights, GA could also be of great interest since
they share airport resources (e.g., runway and airspace) with
commercial flights.

In the literature, the importance of historical airport-level
GA activity has been well recognized as it is a key input in
many airport managerial and operational decision-making
processes [2, 3], such as allocating funding, forecasting
GA demand, conducting environmental analysis, preparing
economic impact studies, justifying airport development
projects, and evaluating the need for new airport facilities.

This paper is devoted to estimating historical airport-levelGA
operations so that those decision-making processes could be
better supported.

The FAA provides the general public with three data
sets that contain historical GA activities in the US. The
first one is from the General Aviation and Part 135 Activity
Survey (GA survey). The survey enables the FAA to monitor
GA fleet so that the demand for the National Airspace
System (NAS) can be met [4]. The data from the survey
mainly has national-level historical GA activities.The second
one is from the Operations Network (OPSNET), which
contains the official air traffic and delay data [5] of the
NAS. In particular, it has historical itinerant GA opera-
tions by Instrument Flight Rules (IFR) and Visual Flight
Rules (VFR). However, the data does not cover nontow-
ered airports, which serve the majority of GA activities by
aircraft types and flight rules. The third one is from the
Terminal Area Forecast (TAF) [6]. The TAF is prepared
to assist the FAA in meeting its planning, budgeting, and
staffing requirements. It is also an important basis and
benchmark used by many state airport authorities and other
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aviation planners for airport planning and improvements
[7, 8]. The TAF contains historical GA operations for both
towered and nontowered airports. However, the GA oper-
ations are aggregated into itinerant and local operations
(aircraft operating in the traffic pattern or within sight of the
tower, or aircraft known to be departing or arriving from
flight in local practice areas, or aircraft executing practice
instrument approaches at the airport [6]; the FAA reports all
aircraft operations other than local operations as itinerant;
in essence, itinerant operations are takeoffs and landings of
aircraft going from one airport to another) and little other
details are available.

Many nontowered airports also have their own efforts to
collect historical air traffic data. Center for Transportation
Research and Education [9], Muia [3], Muia [10], and Muia
and Johnson [11] reviewed these efforts. Two categories of
method are commonly used.

The first category is to deploy air traffic counters to
count the operations year-round. The commonly used coun-
ters include pneumatic counters, inductance loop counters,
acoustical counters, and visual/video counters. The costs,
accuracy, and level of details of the traffic counts vary among
counters. For example, pneumatic counters have relatively
low accuracy and cannot distinguish between aircraft types.
Visual/video and sound-level counters could offer relatively
accurate counts but equipment and maintenance costs are
relatively high.Their data extraction cost could also be high if
outputs need to be further reviewed to determine the counts.
In addition, most of the counters cannot distinguish flight
operations by flight rules and flight purposes (i.e., GA and
commercial).

The second category is to estimate air traffic operations.
The estimation could be made by counseling airport person-
nel or applying statistical/optimization methods. Compared
with methods in the first category, this type of method is
relatively inexpensive and could be a good option for scenar-
ios in which it is not cost-beneficial to use other collecting
methods. In the survey conducted in Muia [10], counseling
airport personnel is themost commonly usedmethod among
all the surveyed airports; however, the estimates could be
of relatively low accuracy. When the actual counts are not
available, the FAA recommends that appropriate statistical
techniques be used. Statistical models [11–15] are developed
using historical data to estimate historical airport-level GA
operations. In the literature, similar statistical models are
also developed to forecast airport-level GA operations (e.g.,
Ghobrial [16]; Dou et al. [17]; Li and Trani [18, 19]) using his-
torical data. The statistical models mentioned above estimate
GA activity by establishing a casual relationship between the
activity and explanatory factors (e.g., social-demographical
and economical factors). These models assume that GA
activity is a result of the explanatory factors. Another type
of estimation method utilizes statistical/optimization models
to estimate air traffic operations with posterior observations,
that is, observations as a result of air traffic operations. The
posterior observations could be traffic sample collected by
counters [2], fuel sales [20, 21], airport guest logs [10], or
operations at towered airports [11, 22]. These methods could
produce relatively accurate and cost-beneficial estimates

[10, 23]. It is worthwhile to point out that models that utilize
posterior observations have also been developed to estimate
the historical demand in commercial air transportation (see,
e.g., Li et al. [24]; Li and Baik [25]; Li [26]; Li et al. [27];
and Li [28]) and ground transportation (see, e.g., Maher
[29]; Cascetta [30]; Bell [31]; Yang et al. [32]; Codina and
Barceló [33]; Chootinan et al. [34]; Doblas and Benitez [35];
Nie et al. [36]; Lundgren and Peterson [37]; Chen et al.
[38]).

In FAA’s Advisory Circular (it provides guidelines for
preparation of master plans for airports that range in size
and function from small General Aviation to large commer-
cial service facilities) [8], it is recommended that the data
that identifies the category and class of aircraft and type
of fuels and services that those aircraft use be collected.
Historical data of GA operations by aircraft types and flight
rules is one of the important inputs based on which many
airportmanagerial and operational decisions would bemade.
For example, the number of operations under IFR is a
key factor to determine the need for Instrument Landing
Systems, instrument approach procedure development, con-
trol tower, and Air Traffic Control staff. Turbofan engine
aircraft could be significantly different from piston engine
aircraft in terms of, for instance, noise and emission level,
separation standards, and service requirements (e.g., fuel
types runway length and maintenance facilities). As a result,
operations by aircraft type/aircraft mix would be needed
to estimate capacity [39–41], optimize scheduling [42–46],
and conduct environmental review [47, 48]. However, to
the best of the authors’ knowledge, not all these data could
be collected by traffic counters or estimated by existing
statistical/optimization methods.

This study is aimed at filling in this gap. We developed
an optimization model to estimate airport-level itinerant
GA operations by four aircraft types (i.e., fixed-wing piston,
fixed-wing turboprop, fixed-wing turbofan, and the rest
of aircraft) and two flight rules (i.e., IFR and VFR) for
both towered and nontowered airports. The classification
of aircraft types and flight rules are based on these used
in the GA survey. The model could be useful for the
decision-making processes that require detailed historical
GA operations. Since local GA operations are primarily
performed by single-engine aircraft under VFR, we only
focus on itinerant GA operations. The model is formulated
as a least-square optimization problem, which considers
statistics such as those in the FAA’s data sets and those
available at local airports. Instead of directly estimating
the number, the model estimates the operations by aircraft
type and flight rule in terms of percentage. The percentages
could then be applied to the total number of itinerant
GA operations to generate the number of operations by
aircraft type and flight rule. In particular, the model can
be applied to the itinerant GA operations in the TAF.
For scenarios in which the total number or a separation
between itinerant and local operations is not available,
the data in the TAF or estimates from statistical models
(e.g., Li and Trani [18]) could be used to provide the
total number or a separation between itinerant and local
operations.



Journal of Advanced Transportation 3

Hours �own in GA survey include

Generated by itinerant and local operations in A and B

Hours �own under IFR �ight plan (I)
Mainly generated by itinerant operations in A and B

First type of aggregation:
by �ight rulesSecond type of aggregation:

by purpose/use

Hours �own by GA use (A)
Could be under IFR or VFR

Personal
(A-1)

Business
(A-2)

Corporate
(A-3)

Instructional
(A-4)

Aerial application
(A-7)

Aerial observation
(A-8)

Aerial other
(A-9)

External load
(A-5)

Other work
(A-10)

Sightseeing
(A-6)

Air medical
(A-11)

Other
(A-12)

Hours �own by on-demand use (B)
Could be under IFR or VFR

Air taxi
(B-2)

Air medical
(B-1)

Air tour
(B-3)

∗Hours flown under no flight plan rule are considered as VFR

Hours flown under VFR flight plan∗ (II)

Figure 1: Two types of aggregation of hours flown in GA survey.

The rest of the paper is organized as follows: in Section 2,
we introduce three data sets that are used in this study. In
Section 3, we present the estimation model. In addition, for
nontowered airports we present a logistic regression model
to estimate a key coefficient in the objective of the estimation
model. In Section 4,we apply the estimationmodel to airports
in the TAF. We compare the estimation results with the
observed ones. In Section 5, we summarize our study.

2. Data Sets

TheGeneral Aviation and Part 135 Activity Survey.This survey
provides the FAA with a yearly snapshot of information on
GA and on-demand part 135 aircraft activity [4]. The data
from the survey is used in many areas such as identifying
safety problems and forming the basis for research of GA
issues (e.g., Federal Aviation Administration [49] and Li and
Trani [50]).

The survey collects information on hours flown by use,
flight conditions, and aircraft characteristics. For simplicity,
we classify the aircraft in the survey into four aircraft types:

(1) Fixed-wing piston engine aircraft (piston, for short)
(2) Fixed-wing turboprop engine aircraft (turboprop)
(3) Fixed-wing turbofan engine aircraft (turbofan)
(4) The other aircraft, that is, the rest of the aircraft in the

survey, such as rotorcraft, gliders, experimental, and
amateur built.

There are three flight-rule plans:

(1) IFR Flight Plan. The flight plan is filed and the flight
is flown according to rules and regulations established
by the FAA to govern flight under conditions inwhich
flight by outside visual reference is not safe. IFR flight
depends upon flying by reference to instruments in
the flight deck, and navigation is accomplished by
reference to electronic signals.

(2) VFR Flight Plan. The flight plan is filed; however, the
flight is flown solely by reference to outside visual
cues (horizon, buildings, flora, etc.), which permit

navigation, orientation, and separation from terrain
and other traffic.

(3) No Flight Plan. That is, no flight plan is filed and the
flight is flown under VFR.

Flight operations under the last two categories are both under
VFR. Therefore, for simplicity, we call them VFR operations
in this study. Itinerant GA operations could be performed
under IFR or VFR while local GA operations are mostly
performed under VFR.

In the survey data currently available to the general pub-
lic, hours flown are aggregated in several ways. In this study,
we used two types of aggregation.The first type is hours flown
by flight plan. As shown in Figure 1, this aggregation includes
hours flown by IFR flight plan and hours flown by VFR flight
plan. Hours flown by IFR flight plan are primarily generated
by itinerant GA operations. Hours flown by VFR flight plan
could be generated by itinerant and local GA operations.
The second type is hours flown by purpose/use. There are
two subcategories in this aggregation. The first subcategory
contains twelve flight purposes: personal, business, corporate,
instructional, aerial application, aerial observation, aerial
other, external load, other work, sightseeing, air medical, and
other.The second subcategory includes three flight purposes:
air taxi, airmedical, and air tour.This subcategory is generally
not considered as GA.

Flight Database in the Enhanced Traffic Management System
(The ETMS Has Been Upgraded to Traffic Flow Management
System [51]) (ETMS). The ETMS is the system used by the
FAA to manage air traffic flow within the NAS. One of the
core parts of the ETMS is the flight database [52]. Examples
of flight records in the ETMS are shown in Table 1. The flight
information in the flight database includes a flight’s departure
and arrival airports/times, aircraft information (e.g., aircraft
engine type) used to perform the flight, and flight purpose
(e.g., GA and scheduled commercial services).

Flight data available to our study is from 2004 to 2012.
The data contains flight operations under IFR flight plan of
16 days from each year. The days are selected using a set of
performance metrics and are representative of typical days
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Table 1: Examples of flight record in ETMS.

Date Departure airport Arrival airport Aircraft type Physical class User class
20091004 MRY LIMT DV20 J General aviation
20091005 SYR ACY B732 J Unscheduled on-demand
20091005 HOU CUH BE9L T Unscheduled on-demand
20091005 HLN 6S8 C340 P General aviation
20091005 SUS MDW P28R P General aviation
20091005 MIW LNK PC12 T General aviation

Table 2: Examples of airports operations in OPSNET 2010.

Airport IFR itinerant VFR itinerant Local
Carrier Air taxi GA∗ Military Carrier Air taxi GA∗ Military Civil Military

ABE 5,050 16,354 14,480 436 1 644 16,758 195 41,565 275
ILG 41 3,640 13,587 1,512 3 237 17,291 1,327 22,667 6,032
MMU 8 10,200 20,054 45 0 1,389 48,729 174 37,987 184
HFD 17 2,500 3,141 21 0 1,721 31,422 30 32,124 54
LGA 218,843 141,114 4,663 230 3 121 2,293 79 0 0
HOU 99,337 23,626 46,814 258 7 11,842 18,290 1,582 340 0
PDK 9 12,366 55,053 264 4 1,153 54,237 182 37,640 41
∗This study primarily uses itinerant GA operations under IFR and VFR.

of flight operations in the NAS [53]. Similar sample data has
been used in several other studies (see, e.g., [17, 19, 54]).

Operations Net (OPSNET). The FAA collects and analyzes
the data in the OPSNET to make decisions on budgeting,
forecasting, planning, and historical analysis [55]. Table 2
presents examples of flight operations at airports in OPSNET.
The statistics may be collected either manually or using
automated counting programs. However, the data is only
available for FAA and FAA-contracted towers [56]. These
airports consist of a relatively small portion of the airports
that primarily serve GA.

3. Model

3.1. Notations and Formulation. For an airport, we have the
following:

Decision variables:
𝑀𝑃: percentage of itinerant operations performed by
piston aircraft
𝑀𝐵: percentage of itinerant operations performed by
turboprop aircraft
𝑀𝐽: percentage of itinerant operations performed by
turbofan aircraft
𝑀𝑂: percentage of itinerant operations performed by
the other aircraft
𝐼𝑃: percentage of IFR itinerant operations performed
by piston aircraft

𝐼𝐵: percentage of IFR itinerant operations performed
by turboprop aircraft
𝐼𝐽: percentage of IFR itinerant operations performed
by turbofan aircraft
𝐼𝑂: percentage of IFR itinerant operations performed
by the other aircraft
Constants in the objective function:
𝑀𝑃: target percentage of itinerant operations per-
formed by piston aircraft
𝑀𝐵: target percentage of itinerant operations per-
formed by turboprop aircraft
𝑀𝐽: target percentage of itinerant operations per-
formed by turbofan aircraft
𝑀𝑂: target percentage of itinerant operations per-
formed by the other aircraft
𝐼𝑃: target percentage of IFR itinerant operations
performed by piston aircraft
𝐼𝐵: target percentage of IFR itinerant operations
performed by turboprop aircraft
𝐼𝐽: target percentage of IFR itinerant operations per-
formed by turbofan aircraft
𝐼𝑂: target percentage of IFR itinerant operations
performed by the other aircraft
𝑀IFR: target percentage of IFR itinerant operations.

The least-square optimization model is formulated as
follows:
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min 𝑓

= 𝛼 [𝑀IFR − (𝐼𝑃 ×𝑀𝑃 + 𝐼𝐵 ×𝑀𝐵 + 𝐼𝐽 ×𝑀𝐽 + 𝐼𝑂 ×𝑀𝑂)]
2

+ 𝛽 [(𝐼𝑃 − 𝐼𝑃)
2 + (𝐼𝐵 − 𝐼𝐵)

2 + (𝐼𝐽 − 𝐼𝐽)
2 + (𝐼𝑂 − 𝐼𝑂)

2] + 𝛾 [(𝑀𝑃 −𝑀𝑃)
2 + (𝑀𝐵 −𝑀𝐵)

2 + (𝑀𝐽 −𝑀𝐽)
2] ,

(1)

s.t. 𝜃𝑃 ×𝑀𝑃 + 𝜃𝐵 ×𝑀𝐵 + 𝜃𝐽 ×𝑀𝐽 + 𝜃𝑂 ×𝑀𝑂 ≤ 𝑀, (2)

𝜋𝑃 ×𝑀𝑃 + 𝜋𝐵 ×𝑀𝐵 + 𝜋𝐽 ×𝑀𝐽 + 𝜋𝑂 ×𝑀𝑂 ≤ 𝐼, (3)

𝑀𝑃 +𝑀𝐵 +𝑀𝐽 +𝑀𝑂 = 1, (4)

0 ≤ 𝑀𝑃 ≤ 1,

0 ≤ 𝑀𝐵 ≤ 1,

0 ≤ 𝑀𝐽 ≤ 1,
0 ≤ 𝑀𝑂 ≤ 1,

(5)

0 ≤ 𝐼𝑃 ≤ 1,
0 ≤ 𝐼𝐵 ≤ 1,
0 ≤ 𝐼𝐽 ≤ 1,
0 ≤ 𝐼𝑂 ≤ 1.

(6)

The objective function (1) of the model is designed as a
weighted least-square function. It has three terms. The first
term can be derived by minimizing the difference between
the target total number of IFR operations and the estimated
one. That is,

[𝑀IFR × 𝑇 − (𝐼𝑃 ×𝑀𝑃 × 𝑇 + 𝐼𝐵 ×𝑀𝐵 × 𝑇 + 𝐼𝐽 ×𝑀𝐽

× 𝑇 + 𝐼𝑂 ×𝑀𝑂 × 𝑇)]
2 ,

(7)

where 𝑇 is the total number of operations (assumed to be a
constant) at the airport,𝑀IFR × 𝑇 is the target total number
of IFR operations, and (𝐼𝑃 ×𝑀𝑃 ×𝑇+𝐼𝐵 ×𝑀𝐵 ×𝑇+𝐼𝐽 ×𝑀𝐽 ×
𝑇 + 𝐼𝑂 ×𝑀𝑂 × 𝑇) is the estimated total. Since 𝑇 is a constant,
minimizing (7) is essentially the same as minimizing the first
term. Another way to interpret the first term is that it requires
estimated total percentage of IFR operations to be close to the
target one. However, there may be multiple optimal solutions
by minimizing only the first term.We introduce target values
for the decision variables to keep the estimated percentages
close to some reasonable ranges. The second term requires
the estimated percentages of IFR operations by aircraft type
be close to the target ones (i.e., 𝐼𝑃, 𝐼𝐵, 𝐼𝐽, 𝐼𝑂). The third term
requires the estimated percentages of operations by aircraft
type be close to the target ones (i.e.,𝑀𝑃,𝑀𝐵,𝑀𝐽,𝑀𝑂). The
target percentages do not need to be error-free since the least-
square function allows the estimated percentages to deviate
from the target ones.They could be estimated, for example, by
taking a sample of traffic data or consulting airport personnel.

The objective function is a weighted sum of the three
terms, where 𝛼, 𝛽, 𝛾 are the corresponding weights. Each
term is a sum squared difference between target percentages
and estimated ones. It is necessary to point out that the first
term plays an important role in the objective. This is because
the optimal solution would always be the target percentages
if only the second and third terms are used in the objective.
In other words, it is the first term that drives the optimal
solution away from the targeted ones. For towered airports,
the airport-level operations count in the OPSNET could
be used to calculate 𝑀IFR. However, for some nontowered
airports, it may not always be cost-beneficial to calculate
𝑀IFR. Considering its importance, in the following section
we developed an estimation method to calculate 𝑀IFR for
nontowered airports.

Constraints (2) and (3) are general inequality constraints
to be determined by specifying the coefficients in the inequal-
ity. For example, if 𝜋𝐽 = −1, 𝜋𝑃 = 1, and 𝐼 = 0 are used,
then constraints (3) become 𝐼𝑃 ≤ 𝐼𝐽, which requires the
percentage of piston operations under IFR to be no more
than that of turbofan aircraft under IFR. We suggest that the
coefficients be specified based on an airport’s characteristics
and situations. For some large hubs, constraints (2) could
be specified as 𝜃𝑃 = 1, 𝜃𝐽 = −1, and 𝑀 = 0, which is
𝑀𝑃 ≤ 𝑀𝐽. It requires the percentage of turbofan operations
be no less than that of piston. For many nontowered small
GA airports, constraints (3) could be specified as 𝜋𝑃 = 2
and 𝐼 = 1, which is 𝐼𝑃 ≤ 1 − 𝐼𝑃. It requires the percentage
of piston operations under IFR to be no more than that of
piston operations under VFR. Constraints (4) require that
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the percentages of operations by aircraft type sum up to one.
Constraints (5) and (6) are imposed to guarantee that the
decision variables (percentages) are between zero and one.

The model could also be formulated with aircraft classifi-
cations other than the one used in this study. For example, the
aircraft classification in the TAF (i.e., single-engine aircraft,
multiple-engine aircraft, jet-engine aircraft, helicopters, and
others) could be used in the decision variables. Moreover,
instead of percentage of operations, the decision variables
could also be given in terms of number of operations (e.g.,
number of itinerant operations performed by piston aircraft
and number of IFR itinerant operations performed by piston
aircraft). However, target percentage of operations is easier to
obtain than target number of operations in that the former
could be estimated by using sample data while the latter may
need complete data to estimate.

The optimization model can be solved using the Gener-
alized Reduced Gradient (GRG) method. The method has
been successfully implemented to solve industrial problems
[57]. Similar to the Simplexmethod, theGRCmethod divides
the decision variables into basic and nonbasic variables. The
basic variables are substituted by the nonbasic variables using
constraints. The gradient of the objective function is then
determined as a function of nonbasic variables.The nonbasic
variables are updated so that a decrease in the objective along
the gradient is achieved.The basic variables are then updated
by solving a system of equations using the new nonbasic
variables. During this process, some basic variables may be
replaced by nonbasic variables, for example, to maintain
feasibility or avoid degeneracy [58]. There are several GRG
codes available for distribution in the literature (see, e.g.,
Waren and Lasdon [59] and Pike [57]), and Microsoft Excel
also has a GRG method available in its Solver.

3.2. Estimation of the Target Percentage of IFR Itinerant GA
Operations for Nontowered Airports. In this section, an esti-
mationmethod is developed for nontowered airports where it
is not cost-beneficial to calculate𝑀IFR.Themethod calculates
𝑀IFR for a nontowered airport by using the data at the tow-
ered airports that have some “similarities.” Ford and Shirack
[20] believe that operation data at towered airports may not
be able to provide reliable estimates of operations for nontow-
ered airports. This is partially because the towered ones have
instrument approaches that make them accessible during
inclementweather.However, a newer study done byMuia [10]
suggests that this may not be the case anymore due to the use
of global positioning system as well as the increasing number
of nontowered airports with instrument approaches.

Three types of factors are considered to be used to
evaluate the similarity between a towered airport and a
nontowered one. They are (1) local social-economic and
demographic factors such as population and income, (2)
supply factors at an airport such as runway and service
facilities, and (3) fleet mix of based aircraft at an airport.

However, we found that a nontowered airport and a
towered airport could have similar local social-economic and
demographic factors but significantly different percentages
of IFR operations. For example, the Peachtree City-Falcon

Field airport is a nontowered GA airport located about 25
miles away from the Hartsfield-Jackson Atlanta International
Airport, which is a large hub (based on percentage of total
US passenger enplanements, the FAA groups primary com-
mercial service airports into four categories: large, medium,
and small hubs and nonhub airports [1]). Because of their
close vicinity, the two airports could have similar local social-
economic and demographic factors; however, the percentage
of IFR operations at the two airports could be significantly
different due to their different classifications. In addition,
the control tower itself is an important supply factor that
determines the percentage of IFR operations.

The fleet mix of based aircraft at an airport could be a
significant determinant of the percentage of IFR operations
at the airport. In the 2010 GA survey, the total number of
hours flown under IFR accounted for about 65% and 96%
of the total hours flown by multiple-engine aircraft and jet-
engine aircraft.The corresponding number for the rest of the
aircraft in the survey is about 14%. It is reasonable to expect
that airports with similar fleet mix of based aircraft could
have similar percentages of IFR operations. Therefore, the
fleet mix of the based aircraft at an airport is chosen as the
factor tomeasure the similarity between towered airports and
nontowered airports.

sThe idea of the estimation method is to first establish
a relationship between the fleet mix of based aircraft and
the percentage of IFR operations at towered airports. Then,
this relationship is used to calculate𝑀IFR for a nontowered
airport using the fleet mix of based aircraft at the airport.
It should be pointed out that some of the operations at an
airport are performed by nonbased aircraft. By using the fleet
mix of based aircraft to estimate the percentage of IFR opera-
tions, we assume that the percentage of the IFR operations of
the nonbased aircraft is similar to that of the based aircraft.

A logistic model is used to establish the relationship
between the percentage of itinerant IFR operations and
the fleet mix of based aircraft at towered airports. The
historical percentages of itinerant IFR operations at towered
airports are calculated from the data in the OPSNET. Their
corresponding based aircraft information is available in the
TAF in terms of five aircraft categories: single-engine aircraft,
multiple-engine aircraft, jet-engine aircraft, helicopters, and
others. As multiengine aircraft and jet-engine aircraft usually
have higher percentage of hours flown under IFR, we used
the percentage of based multiengine aircraft (BA𝑀) and jet-
engine aircraft (BA𝐽) as the primary determinants of the
percentage of IFR operations. The model is given as follows:

𝑀IFR =
exp (𝐸 + 𝐸𝑀 × BA𝑀 + 𝐸𝐽 × BA𝐽)

exp (𝐸 + 𝐸𝑀 × BA𝑀 + 𝐸𝐽 × BA𝐽) + 1
, (8)

where 𝐸, 𝐸𝑀, and 𝐸𝐽 are coefficients to be estimated.
Nontowered airports primarily serve GA operations while
large and medium hubs mainly serve commercial operations
and allow limited GA operations [1]. This suggests that the
relationship between the percentage of IFR operations and
based aircraft at large and medium hubs may be significantly
different from the one at nontowered airports. Therefore, we
did not consider large andmedium hubs inmodel calibration
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Table 3: Coefficient estimates∗ from 1998 to 2012.

1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
Number of airports
used in calibration 307 315 322 327 332 332 340 343 344 347 347 350 349 351 353

𝐸 −1.81 −1.9 −1.74 −1.63 −1.71 −1.73 −1.82 −1.79 −1.74 −1.79 −1.73 −1.82 −1.82 −1.73 −1.76
𝐸𝑀 3.01 3.65 3.19 2.96 3.02 3.04 3.54 3.37 2.91 3.3 3.54 3.86 3.66 3.05 3.05
𝐸𝐽 4.8 3.99 3.89 3.57 4.11 4.34 4.26 4.22 4.29 4.45 3.36 3.28 3.45 3.46 3.64
McFadden’s 𝑅2 4.8% 5.0% 4.4% 4.1% 4.7% 5.2% 5.2% 5.2% 5.0% 5.5% 4.3% 4.6% 5.0% 4.7% 5.0%
∗Only data at airports other than large and medium hubs are used for model calibration.

Table 4: Selected airports for model application.

Airport Location Category in NIPAS Itinerant GA operations∗

William P. Hobby Airport (HOU) Houston (TX) Towered medium hub 53,494
DeKalb Peachtree Airport (PDK) Atlanta (GA) Towered GA reliever 97,988
Destin Airport (DTS) Okaloosa County (FL) Nontowered GA 47,400
McKinnon St. Simons Island Airport (SSI) St. Simons Island Nontowered GA 36,000
∗Statistics in 2012 from the TAF.

to reduce possible bias. Coefficients are calibrated for each
year using corresponding data (data at large and medium
hubs are excluded) in TAF (source for explanatory variables)
and OPSNET (source for dependent variable).

Table 3 presents the coefficient estimates between 1998
and 2012. All the estimates are significant at 1% significance
level (a 1% significance level is used throughout this study).
Let OddsIFR−VFR = 𝑀IFR/𝑀VFR. It is called the odds, which
can be considered as a relative probability. OddsIFR−VFR can
be interpreted as the probability of having an IFR itinerant
GA operation over that of having a VFR itinerant GA
operation at an airport. For the logistic model, exp(Δ𝐸𝑀) −
1 and exp(Δ𝐸𝐽) − 1 are the change in OddsIFR−VFR due
to a Δ change in the variable BA𝑀 and BA𝐽, respectively.
It can be observed that based jet-engine aircraft generally
contributes more to the percentage of IFR operations than
the multiengine aircraft do. For example, in 2012, a Δ = 10%
increase in the percentage of based jet-engine aircraft would
lead to about 44% increase in the odds of having an IFR
operations while the corresponding statistics is about 36%
for multiengine aircraft. However, the coefficient estimates
for 2008, 2009, and 2010 seem to suggest otherwise; that is,
based multiengine aircraft contribute more to the percentage
of IFR operations than the jet-engine aircraft do.Thefinancial
crisis in 2008 and the primary usage of aircraft could provide
an explanation for this. Based on 2010 GA survey, about 66%
of jet aircraft are primarily used for business and corporate
purposes while this number is about 35% for multiengine
aircraft. Therefore, the adverse impact of the financial crisis
might be more significant on the jet-engine aircraft.

Note that McFadden’s 𝑅2 of the logistic model is low,
which indicates a low goodness-of-fit. The paired dependent
𝑡-test suggests that a significant difference may exist between
the estimated percentage of IFR operations and the observed
ones for all the years except 2001, 2002, and 2005. This is
consistent with the results reported in Muia and Johnson [11]
that the number of based aircraft is not always sufficient to

estimate the total number of operations at an airport.Though
the target percentages in our model do not need to be error-
free, we believe that, as a further study, more factors should
be considered in the logistic model.

4. Model Application

4.1. Application to Four Airports. In this part, we applied our
model to estimate the percentages of itinerant GA operations
by aircraft type and flight rule at four airports shown in
Table 4. They are chosen primarily because (1) they cover
both towered and nontowered airports, and commercial
service and GA airports; (2) some observed statistics (e.g.,
ETMS data and airport Master Plan) are available for model
validation.

Ideally, to sufficiently capture the situations at an airport,
the model should be formulated using information obtained,
for example, through airport Master Plan and local airport
personnel. However, due to the financial and time limit of this
study, the required information is not completely available to
the authors, and the model is formulated based on the best of
the authors’ knowledge.

The Objective Function. For airport HOU and PDK, target
percentage 𝑀IFR are calculated using their annual counts
of IFR operations and total GA operations in the OPSNET
(i.e., the former divided by the latter). The ones for airport
DTS and SSI are estimated by using the logistics regression
model developed in Section 3.2. Table 5 presents the target
percentages of IFR itinerant GA operations for the four
airports from 1998 to 2012.

To estimate the target percentages in the second and third
terms of the objective function, we used the statistics in the
GA survey and ETMS sample data. The GA survey is used
to estimate hours flown by itinerant GA operations by flight
rules. Then, using statistics from ETMS sample data, the
hours flown are converted to itinerantGAoperations by flight
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Table 5: Estimated target percentages of IFR operations𝑀IFR at the four airports.

1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
HOU∗ 57.9% 57.1% 64.6% 62.4% 65% 66.3% 70.1% 75.1% 79.7% 77.3% 62.9% 62.6% 71.9% 81% 83.3%
PDK∗ 52% 52.8% 52.2% 53.5% 52% 52% 53.1% 55.4% 53.8% 51.9% 51.1% 52.5% 50.4% 46.6% 48.5%
DTS∗∗ 29.6% 32.2% 31.4% 34% 33.9% 33.8% 34.4% 34.9% 33.7% 34.6% 40.7% 40.4% 40.1% 35.3% 35.3%
SSI∗∗ 23.2% 22.3% 23.9% 25% 24.1% 24% 21.6% 21.7% 21.7% 24.6% 29.9% 25.1% 25.6% 26% 25.7%
∗Calculated using the airport’s statistics in OPSNET from 1998 to 2012. ∗∗Estimated using the logistic regression model with statistics in the TAF from 1998
to 2012.

Hours �own under IFR (I) (including on-demand use)

Hours �own by an aircra� type in GA survey

Hours �own under VFR (II) (including on-demand use
and local)

Step 1: Exclude hours flown by on-demand use from I and II

Hours �own by operations under IFR Hours �own under VFR (including local)

Step 2: Exclude hours flown by local

Hours �own by itinerant operations under VFR

Step 3: Estimate the average hours flown per itinerant 
operation for the aircraft type using ETMS sample data;
then, covert hours flown to number of operations

Hours �own by itinerant operations under IFR

Number of itinerant operations under VFR for the
aircra� type

Number of itinerant operations under IFR for the
aircra� type

For piston, turboprop, and turbofan
Subtract hours flown by air medical (B-1) and air taxi (B-2)

Subtract hours flown by air tour (B-3)
for the other

air medical (B-1) and air taxi (B-2)

Subtract hours flown by instructional (A-4), aerial
observations (A-8) and applications (A-7), and sightseeing
(A-6)

Assume that the number of hours flown under IFR by local
operations is negligible

Step 4: Estimate target percentages M, I for the aircraft type

Figure 2: Estimation of target percentages𝑀 and 𝐼.

rules and used to estimate the target percentages.The detailed
process is presented in Figure 2.

As shown in Figure 1, hours flown by an aircraft type
under IFR and VFR are generated by both itinerant and
local operations for GA and on-demand use. Since only the
itinerant GA operations are of interest, we (1) excluded the
hours flown by on-demand operations and local operations
and (2) converted the hours flown by itinerant GA operations
to the number of itinerant GA operations.

To exclude hours flown for on-demand use (Step 1 in
Figure 2), hours flown by air tour (B-3 in Figure 1) are
assumed to be mainly generated by local operations.They are
subtracted from total hours flown under VFR (II in Figure 1)
for each aircraft type. We assume that flight operations for
the other two purposes (B-1, B-2 in Figure 1) are primarily
itinerant under IFR for the first three aircraft types and under
VFR for the other aircraft. This assumption is reasonable for

turboprop and turbofan since their flight operations are pri-
marily itinerant under IFR. For piston, the hours flown for the
two purposes only accounted for about 4% of its total hours
flown. For the other aircraft, about 96% of the hours flown
are under VFR.Therefore, this assumption is not expected to
have a significant impact on the estimation results for piston
and the other aircraft. For the first three aircraft types, hours
flown for the twopurposes are subtracted from the total hours
flown under IFR (I in Figure 1). For the other aircraft, they are
subtracted from the total hours flown under VFR.

To exclude hours flown by local operations for GA use
(Step 2 in Figure 2), we assume that hours flown for the
purposes of instructional (A-4 in Figure 1), aerial observa-
tions (A-8) and applications (A-7), and sightseeing (A-6) are
mainly generated by local operations underVFR.These hours
are subtracted from the total hours flown under VFR for each
aircraft type.
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Table 6: Estimated target percentages𝑀, 𝐼 at the four airports∗.

Year 1998–2012
𝑀𝑃 𝑀𝐵 𝑀𝐽 𝐼𝑃 𝐼𝐵 𝐼𝐽 𝐼𝑂

HOU

60.7% 8.6% 17.6% 29.2% 83.4% 96.9% 7%PDK
DTS
SSI
∗Estimated using GA survey and ETMS sample data from 2004 to 2012.

To convert hours flown to the number of itinerant
operations (Step 3 in Figure 2), we estimated average hours
flown per itinerant GA operation for each aircraft type
using the ETMS sample data. The estimates are only for
operations under IFR as the data set primarily contains IFR
operations. We further assume that the average hours flown
per itinerant GA operation under VFR is similar to that of
IFR. This assumption is reasonable for turbofan as almost
all its operations are under IFR. However, the assumption
may lead to estimation errors for the other aircraft types
as a large portion of their operations are under VFR. The
number of itinerant operations by aircraft type and flight
rule is estimated by dividing the total hours flown by aircraft
type and flight rule by the average hours flown per operation.
These numbers are used to calculate𝑀𝑃,𝑀𝐵,𝑀𝐽, 𝐼𝑃, 𝐼𝐵, 𝐼𝐽,
and 𝐼𝑂 for each aircraft type in each year. However, the ETMS
sample data available to this study is from 2004 to 2012. They
do not cover all the years listed in Table 5.Therefore, for each
target percentage, we use its average from 2004 to 2012 as
the target percentage for the four airports and all the years in
Table 5. The target percentages in the second and third terms
are summarized in Table 6. The target percentage in the first
term is estimated for each airport; therefore, it is reasonable
to give itmoreweight in the objective.We tentatively assigned
𝛼 = 90%, 𝛽 = 5%, and 𝛾 = 5%.

Constraints (4) and Constraints (5) and (6). The three con-
straints are added for all the four airports.

Constraints (2) and (3) for HOU. In the NIPAS, airport HOU
is classified as a medium hub, which serves a large number
of commercial jet operations (as many as twice that of GA in
2012 according to the TAF). For GA itinerant operations at
this airport, it is reasonable to expect that (1) the percentage
of turbofan is high and (2) the percentage of IFR operations
is high.

For constraints (2), we require that (1) the percentage of
piston operations (𝑀𝑃) is no more than that of turboprop
(𝑀𝐵); (2) the combination of the percentage of turboprop and
piston operations (𝑀𝑃+𝑀𝐵) is nomore than that of turbofan
(𝑀𝐽); (3) the percentage of operations by the other aircraft
(𝑀𝑂) is nomore than that of piston (𝑀𝑃). Constraints (2) are
specified as follows:

𝑀𝑃 ≤ 𝑀𝐵,
𝑀𝑂 ≤ 𝑀𝑃,

𝑀𝑃 +𝑀𝐵 ≤ 𝑀𝐽.
(9)

For constraints (3), we require that (1) the percentage
of piston operations under IFR (𝐼𝑃) is no more than that of
turboprop under IFR (𝐼𝐵); (2) the percentage of turboprop
operations under IFR (𝐼𝐵) is no more than that of turbofan
under IFR (𝐼𝐽); (3) the percentage of operations by the other
aircraft under IFR (𝐼𝑂) is no more than that of piston under
IFR (𝐼𝑃); (4) the percentage of turboprop operations under
VFR (1 − 𝐼𝐵) is no more than that of turboprop under IFR
(𝐼𝐵); (5) the percentage of turbofan operations under VFR
(1−𝐼𝐽) is nomore than that of turbofan under IFR (𝐼𝐽); (6) the
percentage of operations by the other aircraft under IFR (𝐼𝑂)
is no more than that of the other aircraft under VFR (1 − 𝐼𝑂).
Constraints (3) are specified as follows:

𝐼𝑃 ≤ 𝐼𝐵,

𝐼𝐵 ≤ 𝐼𝐽,

𝐼𝑂 ≤ 𝐼𝑃,

1 − 𝐼𝐵 ≤ 𝐼𝐵,

1 − 𝐼𝐽 ≤ 𝐼𝐽,

𝐼𝑂 ≤ 1 − 𝐼𝑂.

(10)

Constraints (2) and (3) for PDK. Airport PDK has a con-
trol tower and is classified as a GA reliever airport for
the Atlanta metropolitan area [60]. Therefore, both the
number of operations by turbofan and the number of IFR
operations are expected to be relatively high at this air-
port.

For constraints (2), we require that (1) the percentage of
turboprop operations (𝑀𝐵) is no more than that of turbofan
(𝑀𝐽); (2) the percentage of operations by the other aircraft
(𝑀𝑂) is no more than that of turboprop (𝑀𝐵). Constraints
(2) are specified as follows:

𝑀𝐵 ≤ 𝑀𝐽,

𝑀𝑂 ≤ 𝑀𝐵.
(11)

For Constraints (3), we have the same requirements as
those for airport HOU.

Constraints (2) and (3) for DTS and SSI. The two airports
are nontowered GA airports that primarily serve local com-
munities. Therefore, the number of turboprop and turbofan
operations and the number of IFR operations are expected to
be relatively low.

For constraints (2), we require that (1) the percentage of
turboprop operations (𝑀𝐵) is no more than that of piston
(𝑀𝑃); (2) the percentage of turbofan operations (𝑀𝐽) is no
more than that of piston (𝑀𝑃); (3) the percentage of turbofan
operations (𝑀𝐽) is no more than that of turboprop (𝑀𝐵);
(4) the percentage of turboprop and turbofan operations
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(𝑀𝐵, 𝑀𝐽) is no more than that of the other aircraft (𝑀𝑂),
respectively. Constraints (2) are specified as follows:

𝑀𝐵 ≤ 𝑀𝑃,
𝑀𝐽 ≤ 𝑀𝑃,
𝑀𝐽 ≤ 𝑀𝐵,
𝑀𝐵 ≤ 𝑀𝑂,
𝑀𝐽 ≤ 𝑀𝑂.

(12)

For constraints (3), we require that (1) the percentage
of piston operations under IFR (𝐼𝑃) is no more than that of
turboprop under IFR (𝐼𝐵); (2) the percentage of turboprop
operations under IFR (𝐼𝐵) is no more than that of turbofan
under IFR (𝐼𝐽); (3) the percentage of operations by the other
aircraft under IFR (𝐼𝑂) is no more than that of piston under
IFR (𝐼𝑃); (4) the percentage of piston operations under IFR
(𝐼𝑃) is nomore than that of piston under VFR (1−𝐼𝑃); (5) the
percentage of turbofan operations under VFR (1 − 𝐼𝐽) is no
more than that of turbofan operations under IFR (𝐼𝐽); (6) the
percentage of operations by the other aircraft under IFR (𝐼𝑂)
is no more than that of the other aircraft under VFR (1 − 𝐼𝑂).
Constraints (3) are specified as follows:

𝐼𝑃 ≤ 𝐼𝐵,
𝐼𝐵 ≤ 𝐼𝐽,
𝐼𝑂 ≤ 𝐼𝑃,
𝐼𝑃 ≤ 1 − 𝐼𝑃,
1 − 𝐼𝐽 ≤ 𝐼𝐽,
𝐼𝑂 ≤ 1 − 𝐼𝑂.

(13)

4.2. Results Analysis. Since themajority of IFRGAoperations
in the ETMS are performed by piston, turboprop, and
turbofan, we mainly focused the comparison on the three
aircraft types. In our sample, the annual average number of
sampled itinerant GA operations by the three aircraft types is
1,774 for HOU, 2,328 for PDK, 831 for DTS, and 379 for SSI.

Table 7 presents the comparison between the estimated
percentages and the sampled ones from the ETMS sample.
For airport HOU, the paired dependent 𝑡-test fails to detect
any significant differences between the estimated percentages
of operations under IFR and the sampled ones for piston
and turbofan. However, the estimated percentages of IFR
operations for turboprop tend to be slightly higher than the
sampled ones. For airport PDK, the estimated percentages
of piston operations under IFR are slightly higher than the
sampled ones, and those for turboprop and turbofan are
slightly lower than the sampled ones. For airports DTS
and SSI, the paired dependent 𝑡-test does not detect any
significant differences between the estimated and sampled
percentages for the three aircraft types.

We believe that the estimation errors for airports HOU
and PDK are possibly due to the following two reasons. First,
the specifications of model constraints do not adequately or

correctly capture all the situations at the airports. This is
mainly due to the fact that necessary information at the two
airports is not completely available to our study. Second, it is
possible that the operation counts at airports HOU and PDK
in the ETMS sample days do not sufficiently represent their
operation counts during the year. One of the criteria used to
select the sample days from the ETMS is the statistics (e.g.,
traffic counts) at the core US airports [53, 61]. However, none
of the airports are among them, and the sample rate is also
relatively low (16 out of 365, about 5%).

Airport DTS’s Airport Master Plan [62] contains the
number of itinerant GA operations at the airport from
1994 to 2006 in terms of single-engine aircraft, twin-engine
aircraft, turboprop, turbofan, and helicopter. The airport
was included in the TAF in 1998, and its historical data
about its based aircraft is available from this year. Therefore,
our comparison is focused on the period of 1998–2006. In
addition, its Master Plan provides little information about
the definitions of single-engine and twin-engine aircraft. To
avoid misunderstanding, we compared the combination of
single-engine aircraft, twin-engine aircraft, and helicopter in
the airport’s Master Plan with the combination of piston and
the other aircraft in our model.

Table 8 shows the comparison.Though the paired depen-
dent 𝑡-test suggests that a significant difference may exist
between our estimations and the sampled ones, it can be
observed that, from 1998 to 2004, the model estimates for
piston and turboprop are relatively close to the sampled
ones. Our model underestimates the percentage of turbofan
for this period. However, for 2005 and 2006, the estimated
percentages of piston operations are about 13% higher than
the sampled ones.The estimated percentages of operations by
turboprop and turbofan are about 5% and 8% lower than the
sampled ones, respectively. It is worthwhile to point out that
the sampled percentages in 2005 are significantly different
from those in the other years. More specifically, compared
with 2004, there is a 9% drop in the percentage of piston
operations and a 5% increase in the percentages of operations
by turboprop and turbofan in 2005. The statistics in the TAF
also shows that there is an increase (about a 50% increase)
in the number of based aircraft in this year. These seem to
suggest that some significant changes happened at the airport
in 2005. These changes might not be sufficiently captured
in the model formulation, which could lead to the relatively
large estimation errors.

4.3. Application to Airports in the TAF. In this section, we
applied the model to the airports in the TAF to estimate the
percentages of itinerant GA operations by aircraft type and
flight rule. There are 3,335 airports in the TAF and 512 of
them are towered airports. For simplicity, we categorized the
airports into three groups and used the same model setup for
airports in the same group. A summary of themodel setups is
presented in Table 9. For large andmedium hubs (66 towered
airports), the model setup is similar to the one for airport
HOU. The model setup for the rest of towered airports is
similar to the one for airport PDK. For nontowered airports,
the model setup is similar to the one for airport DTS and SSI.
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Table 7: Observed and estimated percentages of IFR operations at the four airports.

HOU Piston Turboprop Turbofan
Observed Estimated Observed Estimated Observed Estimated

2004 16.56% 9.73% 18.88% 26.92% 64.56% 63.35%
2005 17.15% 10.2% 21.54% 27.19% 61.31% 62.61%
2006 11.96% 10.63% 24.85% 27.44% 63.2% 61.93%
2007 10.14% 10.41% 23.06% 27.31% 66.8% 62.28%
2008 10.64% 9.72% 22.86% 27.82% 66.5% 62.46%
2009 11.7% 9.77% 24.63% 27.96% 63.67% 62.27%
2010 10.78% 9.9% 25.22% 27.02% 64% 63.08%
2011 8.22% 10.76% 20.72% 27.51% 71.06% 61.72%
2012 9.5% 11.26% 21.45% 27.8% 69.05% 60.94%
A significant difference is detected by dependent 𝑡-test No Yes No

PDK Piston Turboprop Turbofan
Observed Estimated Observed Estimated Observed Estimated

2004 31.74% 37.97% 21.44% 18.94% 46.82% 43.09%
2005 35.43% 37.23% 20.87% 19.4% 43.7% 43.37%
2006 34.4% 37.72% 20.85% 19.09% 44.75% 43.19%
2007 28.61% 38.37% 23.84% 18.7% 47.55% 42.93%
2008 32.24% 38.63% 22.56% 18.55% 45.2% 42.82%
2009 30.42% 38.15% 24.02% 18.83% 45.56% 43.02%
2010 31.08% 38.88% 23.64% 18.4% 45.28% 42.72%
2011 27.27% 39.73% 27.01% 19.33% 45.73% 40.94%
2012 30.23% 39.54% 21.79% 18.09% 47.97% 42.37%
A significant difference is detected by dependent 𝑡-test Yes Yes Yes

DTS Piston Turboprop Turbofan
Observed Estimated Observed Estimated Observed Estimated

2004 46.02% 46.56% 25.82% 24.72% 28.16% 28.72%
2005 44.64% 46.22% 26.96% 24.87% 28.4% 28.9%
2006 40.78% 46.97% 30.29% 24.53% 28.93% 28.51%
2007 47.71% 46.42% 27.18% 24.78% 25.1% 28.8%
2008 49.65% 43.13% 28.64% 26.32% 21.71% 30.56%
2009 53.07% 43.26% 28.5% 26.26% 18.43% 30.49%
2010 53.63% 43.41% 26.49% 26.18% 19.87% 30.41%
2011 52.88% 45.98% 25.13% 24.99% 21.99% 29.04%
2012 49.94% 45.99% 24.63% 24.98% 25.42% 29.03%
A significant difference is detected by dependent 𝑡-test No No No

SSI Piston Turboprop Turbofan
Observed Estimated Observed Estimated Observed Estimated

2004 45.29% 57.9% 24.85% 19.47% 29.86% 22.63%
2005 57.22% 57.73% 17.59% 19.55% 25.19% 22.72%
2006 48.55% 57.72% 20.75% 19.55% 30.71% 22.73%
2007 48.77% 54.31% 25.06% 21.13% 26.17% 24.56%
2008 44.59% 49.64% 28.14% 23.29% 27.27% 27.07%
2009 56.98% 53.85% 19.77% 21.34% 23.26% 24.81%
2010 52.38% 53.34% 20.24% 21.58% 27.38% 25.09%
2011 42.11% 52.91% 23.16% 21.77% 34.74% 25.31%
2012 47.69% 53.22% 20% 21.63% 32.31% 25.15%
A significant difference is detected by dependent 𝑡-test No No No
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Table 8: Observed and estimated percentages of itinerant operations at airport DTS.

DTS Piston Turboprop Turbofan
Observed Estimated Observed Estimated Observed Estimated

1998 78.57% 83.16% 10.5% 8.42% 10.93% 8.42%
1999 79% 81.06% 10.22% 9.47% 10.78% 9.47%
2000 78.69% 81.75% 9.91% 9.13% 11.4% 9.13%
2001 76.67% 79.62% 10.49% 10.19% 12.84% 10.19%
2002 76.16% 79.71% 10.55% 10.15% 13.29% 10.15%
2003 75.66% 79.79% 11.44% 10.1% 12.89% 10.1%
2004 73.73% 79.37% 11.9% 10.31% 14.37% 10.31%
2005 64.7% 78.92% 16.25% 10.54% 19.04% 10.54%
2006 67.81% 79.89% 14.44% 10.05% 17.76% 10.05%
A significant difference is detected by dependent 𝑡-test Yes No Yes

Table 9: Summary of model setups.

Airport type Large and medium hubs The other towered airports Nontowered airports

Model setup Similar to the setup for HOU Similar to the setup for PDK Similar to the setup for DTS and
SSI

𝑀IFR
Calculated using their statistics

in OPSNET
Calculated using their statistics

in OPSNET
Estimated using the logistic

regression model
𝑀𝑃,𝑀𝐵,𝑀𝐽, 𝐼𝑃, 𝐼𝐵, 𝐼𝐽 Same as HOU Same as PDK Same as DTS and SSI
Constraints Same as HOU Same as PDK Same as DTS and SSI

Similar to the comparison in Table 7, we also compared
the estimated percentages of IFR GA operations by piston,
turboprop, and turbofan with the observed ones from ETMS
sample data.The comparison is focused on 1,953 airports that
are in both TAF and sample data. For each of the airports,
we compared its estimated percentages of IFR GA operations
by the three aircraft types with the sampled ones from 2004
to 2012 with paired dependent 𝑡-test. For piston, the test
does not detect any significant differences between themodel
estimates and the sampled ones at 938 airports (about 48% of
the airports in the comparison). The corresponding statistics
for turboprop and turbofan are 1,140 airports (about 58.3%)
and 789 airports (about 40.4%), respectively.

TheTAF contains historical annual total number of itiner-
ant GA operations at airports. With estimated percentages of
itinerantGAoperations by turbofan at TAF airports, we could
estimate the annual total number of itinerant GA operations
by turbofan at TAF airports. The TAF covers almost all
the airports that could support the operations of turbofan
aircraft. Therefore, the annual total number of itinerant GA
operations by turbofan at US airports could be estimated
by summing up the corresponding statistics at each of TAF
airports.

The FAA provides business jet activities in its Business Jet
Report [5, 51]. The statistics in the report are derived from
flight database in the ETMS. In Table 10, we compared the
annual total number of itinerant GA operations by turbofan
at US airports from our model estimates with the business jet
activities from the FAA’s report.The comparison suggests that
our estimates are generally lower. One possible explanation
for this is that some business jet activities in FAA’s report
are not for GA purposes. For example, we investigated the

Table 10: Comparison of itinerant GA operations by turbofan at US
airports with business jet activities.

Year Statistics from
FAA’s report

Total number from
model estimates Error

2001 3,826,564 4,017,607 4.99%
2002 4,198,012 3,625,190 −13.65%
2003 4,285,420 3,497,194 −18.39%
2004 4,606,122 3,414,436 −25.87%
2005 4,727,826 3,457,646 −26.87%
2006 4,745,746 3,213,646 −32.284
2007 4,824,960 3,279,068 −32.04%
2008 4,291,104 3,469,796 −19.14%
2009 3,449,204 3,181,971 −7.75%
2010 3,842,314 3,002,607 −21.85%
2011 3,955,400 3,116,261 −21.22%
2012 3,982,236 3,007,729 −24.47%

activities of three typical business jets in FAA’s report: C56X,
C560, and H25B. In the ETMS sample data for 2012, about
40%, 80%, and 80% of their operations are classified as GA.
The rest of their operations are classified as commercial and
air taxi, which are not GA.

5. Summary and Conclusion

Historical airport-level GA activity plays an important role
inmany airportmanagerial and operational decision-making
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Objective function

Estimates of itinerant operations by aircraft
type and flight rules in terms of percentages

Estimates of the number of itinerant
operations by aircraft type and flight rule

Optimization model

A logistic regression model (in Section 3.2) is
developed using data in the TAF and OPSNET to
estimate this target percentage if it is not cost-
beneficial to calculate.

Target percentage of itinerant IFR operations

The target percentage could be obtained by using, for
example, survey or historical statistics at airports, or
estimates made based on airport characteristics.
In this study, this target percentage is obtained by using
statistics from OPSNET for towered airports and the
logistic regression model for non-towered airports.

Constraints

Constraints could be created based on airport
characteristics (e.g., the availability of a control tower).
In this study, they are created based on the airport’s 
classification in NIPAS.

Target percentage of itinerant IFR operations by
each aircraft type

The target percentage could be obtained by using, for
example, survey or historical statistics at airports, or
estimates made based on airport characteristics.
In this study, this target percentage is estimated by using
GA survey and ETMS sample data from 2004 to 2012.
The estimation process is given in Figure 2.

Target percentage of itinerant operations by each
aircraft type

The target percentage could be obtained by using, for
example, survey or historical statistics at airports, or
estimates made based on airport characteristics.
In this study, this target percentage is estimated by
using GA survey and ETMS sample data from 2004 to
2012. The estimation process is given in Figure 2.

Total number of itinerant GA operations at
the airport

The total number could be from local airports,
FAA’s database, or GA demand models.
In this study, the total number is from the TAF

Figure 3: Model summary.

processes. Detailed historical data would be important in
making appropriate decisions.

In this study, we presented an optimization model to
estimate historical airport-level itinerant GA operations by
four aircraft types and two flight rules. A flowchart that
provides a summary of the model and its application is given
in Figure 3. This study is a contribution to the literature in
that it provides researchers and practitioners with a method
to estimate airport-level itinerant GA operations in more
detail. We would like to point out a specific application
of our method. The FAA has been collecting aeronautical
data on public-use airports in the US via Form 5010 [63]
and making the data available to the general public. The
number of itinerant GA operations is one of the statistics
that the FAA collects.The number could be collected by local
airports using the methods introduced in Section 1. These
numbers are used in the TAF as the itinerant GA operations
for nontowered airports [6]. However, the number being
reported is the combination of all aircraft types and flight
rules. Using our method, local airports or the FAA could
provide more detailed estimates for the general public by
separating the total number of itinerant operations into the
number of itinerant operations by aircraft type and flight rule.

The model in this study belongs to the type of estimation
methods that use posterior observations. In general, they are
less expensive than deploying traffic counters at airports to
directly count the operations year-around. For the compar-
ison of the model in this study with the existing methods
of the same type, we would like to point out the following.
First, the existing methods mainly estimate the total number
of operations (i.e., the combination of aircraft type and
flight rule) at an airport. In contrast, the method in this
study estimates the percentages of itinerant GA operations
by aircraft type and flight rule at an airport. By applying
the percentage estimates to the estimate of total number, the

number of GA operations by aircraft type and flight rule
at an airport could be estimated. From this point of view,
the method in this study is complementary to the existing
methods. Second, since the model in this study estimates
GA operations in more detail, intuitively the accuracy of its
estimation may be lower than some existing methods. Muia
and Johnson [11] studied the estimation accuracy (in terms
of total number) of three statistical estimation methods with
data from 16 small, towered airports. They concluded that
statistical extrapolation using two-week sample counts per
season generates the best estimates with the estimation errors
ranging from −11.6% to 15.8%.We investigated the estimation
accuracy of our model at four airports, which cover both
towered and nontowered airports. The results show that
model estimates are generally consistent with observations.
Third, for some posterior observations, it could be expensive
or time-consuming to collect on a large-scale basis. For
example, using statistical extrapolation requires sample traffic
counts over a period (e.g., two weeks per season), which is
usually collected by using traffic counters. If the cost of using
traffic counters is high, it could be prohibitively expensive to
apply the method to a large number of airports. In contrast,
we have shown that it is possible to apply the method in this
study to a large number of airports (e.g., all the airports in the
TAF) without a significant cost.

Lastly, we summarize several limitations of this study and
potential future work. The target percentages are introduced
to keep percentage estimates within reasonable ranges. They
should vary among airports and years. However, due to data
unavailability, target percentages𝑀 and 𝐼 (given in Table 6)
are estimated using statistics from the GA survey and the
ETMS sample at national level. They are assumed to be the
same for all airports for all years. In addition, a logistic
regression model is developed to estimate target percentage
𝑀IFR for nontowered airports. The model’s goodness-of-fit
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is low. We performed a sensitivity analysis of estimation
accuracy with respect to 𝑀IFR. Different error levels (e.g.,
±5%, ±20%, and ±50%) are introduced into the𝑀IFRs used
in Section 4.3, and the comparison between the estimation
results and the statistics from the ETMS sample at 1,953
airports is repeated for each error level. We observed that
the estimation accuracy for turbofan shows relatively low
sensitivity while the estimation accuracy for piston and tur-
boprop deteriorates as the underestimation error increases. A
possible futurework is to considermore explanatory variables
to improve the goodness-of-fit and hence reduce estimation
error. Furthermore, a sensitivity analysis for the other two
target percentages is needed to determine their impact on
estimation accuracy. It is also important to clarify that this
paper only provides a way to estimate the target percentages
at an airport. Other methods (e.g., a survey of pilots at an
airport) could also be used to estimate the percentages. The
estimation results are validated on four airports with the
data from ETMS sample and airport Master Plan. We suggest
that the validation be performed on more airports. Since the
cost of collecting very accurate historical data at airport level
could be high, it is also important that collection/estimation
methods are cost-effective [64]. Therefore, studies that eval-
uate and compare existing collecting/estimation methods in
terms of cost, accuracy, and efficiency should be developed
to, for example, select cost-effective options for airports with
different needs and constraints.
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