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Route planning in real time for short-range aircraft 
with a constant-volume-combustor-geared 
turbofan to minimize operating costs by particle 
swarm optimization
Ramón Fernando Colmenares-Quintero1*, Germán David Góez-Sánchez2 and Juan Carlos 
Colmenares-Quintero3

Abstract: In conventional aviation, flight route planning aims to guarantee security 
and reduce the operating costs of the different types of aircraft that are currently 
available. This paper presents and analyses the results obtained from planning a 
flight route in real time for short-range aircraft fitted with geared turbofans with a 
constant volume combustor to reduce operating costs by optimizing the route in 
terms of less distance traveled. In the analysis, an off-line route obtained from a 
flight profile using the Preliminary Multidisciplinary Design Framework tool is com-
pared with the same route that is run in real time using a route planner optimized 
with a particle swarm optimization algorithm. The average results indicate that the 
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route proposed by the optimization algorithm reduces direct and indirect operating 
costs if compared to the alternative route (traditional approach according to flight 
plan). This is mainly due to the lower fuel consumption and maintenance costs 
when selecting an optimized route. In cases where direct and alternate routes are 
completely obstructed, the planner can find an optimized route based on the lower 
costs. In this way, the pilot and the flight controller on the ground can make the 
decision whether to risk the aircraft with passengers on a route with adverse weath-
er conditions or to have an optimized and safe one. The use of this type of route 
optimizer leads to significant benefits with respect to aircraft environmental taxes 
for emissions and noise, and increases aviation safety. This finding indicates that the 
route planner is a suitable support option when the course of an aircraft must be 
changed to follow a different route than the suggested alternative.

Subjects: Algorithms & Complexity; Aerospace Engineering; Mechanical Engineering 
Design; Power & Energy; Environmental; Novel Technologies; Environmental Health; 
Pollution; Engineering Economics

Keywords: heuristic goal; particle swarm optimization; commercial aviation; innovative 
turbofan; real-time planning

1. Introduction
An aerial system is a network of interconnected systems that includes human resources, operation 
procedures and certifications, routes, no-fly zones and all equipment used to provide safe air naviga-
tion services. The routes that are commonly referred to as airways are nominal routes that have a 
protected area that enables an aircraft to fly along a safe path at a safe altitude. In addition, the 
aviation authority sets the controlled and non-controlled airspace depending on the type of sys-
tems. For example, air traffic services may fully or partially prohibit flying per Visual Flight Rules 
(VFR), which establish the necessary conditions for a pilot to steer an aircraft, navigate and maintain 
a safe distance from any obstacle, only by sight (Anon, 2014; ICAO, 2009).

In this sense, the route planning is one of the most important factors in civil aviation since it is 
directly related to fuel consumption, pollutant emissions to the atmosphere, operating costs and 
aviation safety. A flight route is a set of geographic coordinates that an aircraft must follow to travel 
from a departure point to a destination point. Four key sectors exist in the aircraft world: commercial 
aviation, military aviation, cargo and short- and long-range unmanned aerial vehicles. In this con-
text, the increase in the number of aircraft in operation causes the need to define new routes and to 
optimize flight plans based on aviation safety, the reduction of operating costs and of polluting 
emissions (Mason & Miyoshi, 2009).

The need for new routes and optimizing the flight space, proposes new challenges in the formula-
tion of techniques and algorithms for the planning and optimisation of routes. That is, to find the 
different directions an aircraft must follow to reach its destination. The route planning algorithm 
obtains the points between each coordinate while considering a series of restrictions that are im-
posed by the environment or the mission (Meng & Xin, 2010; Peng & Li, 2012). Route planning algo-
rithms are divided into two groups: algorithms that undertake the planning online and algorithms 
that plan offline (Xue, Cheng, & Cheng, 2014). Offline route planning is a technique that is specific to 
civil aviation, in which pre-established routes exist (Aeronáutica Civil Colombiana, 2015; International 
Civil Aviation Organization, 2006) and course corrections directly depend on flight controllers on the 
ground that transmit data to an aircraft (Jardin, 2003). Route planning in conventional aviation is 
based on optimizing fuel consumption with regard to a shorter distance traveled taking into account 
the cruise altitude (Jensen, Hansman, & Venuti, 2014; Xu, Andrew Ning, Bower, & Kroo, 2014). In 
Wang, Yin, Zhang, and Yu (2014) propose a multi-objective optimization technique to analyze 



Page 4 of 16

Colmenares-Quintero et al., Cogent Engineering (2018), 5: 1429984
https://doi.org/10.1080/23311916.2018.1429984

emissions and the cost of operation during the design stage of the aircraft. In Murrieta-Mendoza, 
Botez, and Félix Patrón (2015) propose a method based on genetic algorithms to analyze the coor-
dinates available in the flight plan to determine the altitudes that minimize the total fuel consump-
tion taking into account the cruising stages, ascend and descend.

This paper proposes a method for route planning using an algorithm inspired by particles swarms, 
in order to reduce the direct operating costs of short-range aircraft powered by turbofan with a con-
stant volume combustor. The selection of the algorithm was based on the good results obtained 
with this method in the solution of multi-objective optimization problems. Its evaluation in terms of 
quality of the solution and execution time on embedded systems of reduced computational capacity 
can be found in (Góez, 2016; Góez et al., 2016; Munoz, Llanos, Coelho, & Ayala-Rincon, 2010; Roberge, 
Tarbouchi, & Labonté, 2013; Tewolde, Hanna, & Haskell, 2009).

With regards to the particle swarm optimization (PSO), there are several works proposing variants 
of this algorithm aiming to improve its performance. Classic PSO variations are focused on introduc-
ing cognitive components to improve personal and social experience, complemented with the intro-
duction of new restrictions. This type of techniques allows to dynamically controlling the PSO 
parameters. As a result, particles speed regulation is observed during the exploration, improving the 
algorithm performance (Jadoun, Gupta, Niazi, Swarnkar, & Bansal, 2015a, 2015b, 2015c). Another 
example of PSO variant is found in Jadoun, Gupta, Niazi, and Swarnkar (2014) where the inertia op-
erator of the PSO is modulated by entering a sinusoidal function. The obtained result shows an im-
proved exploration of the search space.

Moreover, to validate the results found in the literature, this work also integrates the route planner 
taking as basis the search optimization algorithm Cuckoo. Cuckoo search is a relatively new optimi-
zation algorithm showing satisfactory results and low convergence times (Yang & Deb, 2014; Yang & 
Press, 2010).

2. Route planning using the developed algorithm
The proposed method for planning a route involves evaluating each possible path generated by the 
individual waypoints. This evaluation determines the coordinates of the best point obtained by the 
algorithm that evaluates all possible routes, where the new coordinate is employed as a direction 
vector as a basis for determining the new waypoint based on the cruising speed.

Figure 1, shows a block diagram of the route planning algorithm (Góez, 2016), where

Figure 1. Block diagram of the 
route planning algorithm.
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•  X∗, optimum point obtained by the optimization algorithm in iteration i.

•  �(i), the coordinate calculated in iteration i.

The input parameters of the system are listed as follows:

•  Database that corresponds to a matrix of the altitudes for each coordinate point H.

•  Destination coordinates in latitude and longitude.

•  Initial departure coordinates in latitude and longitude, which are updated with each new coor-
dinate delivered by the route optimization algorithm.

2.1. Optimization techniques

2.1.1. Cuckoo (CK) search optimization
Cuckoo Search is a method based on the parasitic behavior of the cuckoos when it comes to deposit-
ing their eggs in other birds’ nests. Each possible solution of the problem is associated with the co-
ordinates of a nest that is occupied. In this way, part of an initial set of nests in which an egg has 
been deposited. Among them, the best eggs will go unnoticed and survive, but the worst eggs will 
have a chance to be discovered by the owner of the nest and will be discarded. For the selection of 
new nests and completing the search space, the behavior of some fruit flies and birds is imitated. 
What shows a random flight that fits the so-called Lévy Flights. When generating new Xg + 1 solu-
tions for an i-th cuckoo, a Lévy flight is generated and given by the following Equation (1):
 

This type of flight is characterized by long straight line routes followed by abrupt changes of direc-
tion with 90 degree turns. The direction of the turn is evenly distributed and the size of the increase 
is established according to the following distribution of lévy, Equation (2).

 

2.1.2. Particle swarm optimization (PSO)
Particle swarm optimization (PSO) refers to numerous methods and heuristic optimization algo-
rithms that are reminiscent of the behaviors of swarms of bees in nature and the movements of 
large groups of insects or schools of fish. In these groups, the movements of each individual search-
ing for an objective are investigated, with the advantage of some form of communication among 
individuals. Thus, each of their movements is driven by three variables: first, the experience of the 
best places visited to date; second, the best place discovered by another member of the swarm; and 
third, an inertia component of the previous movement that buffers the velocities of the particles (Lee 
& Kim, 2013).

Equation (3) expresses the particle velocity, whereas Equation (4) expresses the position of the i-th 
particle (Clerc, 2005; Leonard & Engelbrecht, 2013).

 

Position of the i-th particle:

 

The PSO parameters are as follows (Clerc, 2012):
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•  v(n)
j

, Adjusted velocity.

•  v(n−1)
j

, Inertia from individual movement.

•  �
1
, Particle velocity coefficient [0-1]; for this study it was 1

2 ln(2)
.

•  �
2
, Confidence coefficient from individual experience and experience of the swarm, 1

2
+ ln(2).

•  �j, Best previous position of the particle.

•  �g, Best previous position obtained by the group.

•  x(n)
j

, Current position of the particle.

•  �
2
and �

3
∼  (0, 1), Random variable from a Gaussian

•  Stop method, minimum error reached by each member of the population.Figure 2 shows the 
social and individual behaviors of the particles.

In this algorithm, each solution is associated with the coordinates of a point and the performance of 
each solution or point will be calculated using the objective function. The algorithm will begin with a 
cloud of points that will move in search of the best solutions until the optimum solution is reached.

2.2. Cost function
Route planning systems associate the best route with finding the shortest path. The cost function 
evaluates both the shortest distance to a destination coordinate and the specific air navigation fea-
tures of an aircraft, such as maximum turning radius, true air speed (TAS), and flight altitude. In 
addition, restrictions are established based on the impossibility of flying over certain places due to 
either weather changes or other obstacles that require a new path and a new route.

Figure 3 shows the components of the cost function.

Figure 2. Social behavior of the 
PSO algorithm (Góez, 2016).

Figure 3. Cost function for route 
evaluation (Góez, 2016).
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where,

 

where �
�
, is the angle formed by the vector magnitude defined among coordinate �(i−1), which is the 

departure coordinate, the coordinate indicated by the direction vector �(i−1) that the airplane follows 
at time i, and the coordinate xj proposed by the particle in the i-th execution of the optimization 
algorithm.

3. Methodology
The simulations were performed using a database that encompasses an area from latitude 4.4029° 
N to 5.8860° N, and longitude −74.9069° to −76.3969° W, which corresponds to an altitude matrix 
size of 217*314. Table 1 lists the flight parameters. First step, the route planner is compared using as 
a base PSO and CK separately. The quality of the solutions is compared. Second step, the planner is 
run with the PSO optimizer having as configuration parameters the flight characteristics of an A320. 
Third step, the flight profiles are obtained in direct route, alternate route according to the flight plan 
and the flight profile obtained with the distance traveled in the route delivered by the flight planner 
proposed in this work. The flight profiles and direct operating costs are obtained with the PMDF tool.

The Preliminary Multidisciplinary Design Framework (PMDF) tool was employed to obtain the refer-
ence cruising flight profile, which follows a straight line between two geographic coordinates. Figure 
4 shows a general view of the structure of the PMDF tool.

The PMDF computational tool has several interconnected modules that are linked to an optimiza-
tion and control unit. These modules are briefly described in the next section.

3.1. Engine performance module
The engine performance module enables modeling the performance of a conventional and innova-
tive turbine engine. The cycle analysis is based on a one-dimensional steady state model that com-
bines several configurations of Mach number and altitude.

3.2. Aerodynamic module
This module is based on an empirical estimation technique that uses the “Delta Method” developed 
by “Lockheed” in cooperation with National Aeronautics and Space Administration (NASA).

3.3. Aircraft performance module
The weight and performance data of the engine are entered in this module. A user can program a 
cruise flight from ten options, including optimum altitude and/or Mach number.

3.4. Weight module
This module estimates the weight of an aircraft using empirical correlations. In addition, the weight 
module can calculate the center of gravity of an airplane and the moment of inertia.
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3.5. Takeoff and landing field lengths module
The PMDF tool has an independent module to calculate takeoff and landing distances. The results 
comply with FAR Part 25 and/or MIL-STD-1793 regulations depending on the application.

3.6. Takeoff and climb profiles module
This module can calculate the takeoff and climb profile. Different profiles can be created since differ-
ent power settings can be implemented.

Table 1. Validation results

*Source: Jane’s Aero Engines 21st ed.
†Source: Airbus.
‡Source: Jane’s All the World’s Aircraft ed. 2006–2007.
§Source: ICAO Annex 16 Volume 2.
**Source: CFM International.
††Source: Aircraft Commerce February/March 2007.

Parameter Units PMDF PD
SFCsls lb/lb/hr 0.317 −

SFCcr lb/lb/hr 0.586 0.6001

FNsls lb 27,000 27,000*

FNcr lb 4,288 −

Engine weight lb 5,248 5,250*

Engine length in 108.7 102.4*

Fan diameter in 69.4 68.3*

Design range nm 2,617 2,600†

Block fuel lb 34,774 −

Block time hrs 6.08 −

MTOW lb 172,483 162,920‡

ZFW lb 135,878 134,500‡

Climb time to FL350 min. 19.5 −

Climb distance nm 127.9 −

Climb fuel lb 3,413 −

Descent time min. 22.4 −

Descent distance nm 109.2 −

Descent fuel lb 570 −

Flyover noise EPNdB 82 88*

Sideline noise EPNdB 93.6 94.4*

Combined noise EPNdB 175.6 182.4*

LTO EINOx g/kN 30.8 29.57§

Total RF W/m2 1.27E-05 −

Price CFM56 USD 6.98 6.95**

Price Airbus A320 USD 77.17 76.9†

Total maintenance $ct/ASM 2.02 2.01††

Engine maintenance $ct/ASM 0.68 0.67
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3.7. Noise module
This module calculates the aircraft noise at an airport and the noise radiated to the community in 
compliance with FAR Part 36 regulations. The noise module generates noise footprints for airports.

3.8. Emissions module
The polluting emissions that are calculated in this module are carbon monoxide (CO), carbon dioxide 
(CO2), unburned hydrocarbons (UHC), water vapor (H2O) and nitrogen oxides (NOx). These emissions 
are determined through the Emissions Index (EI).

3.9. Validation and engine data
PMDF is validated with the data of an Airbus A320 mounted with CFM56-5 turbofan engines. A selec-
tion of validation results is listed in Colmenares Quintero et al. (2010) (please, refer to Table 1). The 
data for the validation are obtained from the public domain (PD). The reliability of these data cannot 
be guaranteed.

The main performance parameters for the GTF CVC are given in Colmenares Quintero et al. (2010) 
(refer to Table 2).

Figure 4. General description 
of the PMDF tool (Colmenares, 
Brink et al., 2009; Colmenares, 
Coutinho et al., 2009; 
Colmenares Quintero, 2009; 
Colmenares Quintero et al., 
2010).

Table 2. Main performance parameters for GTF CVC
Parameter Units GTF-CVC
TET °K 1,650

BPR − 8.2

FPR − 1.45

OPR − 38.6

Mass flow lb/s 926.9
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4. Results and analysis
In order to validate the convergence of the particle swarm algorithm and its adaptability to route 
planning, this section presents the routes obtained with the route planner as well as the analysis of 
the quality of the solution in terms of lower distance traveled and how it affects the direct operating 
costs.

4.1. Comparison of algorithms based on PSO and CK populations
Table 3 shows the parameters that were established for the algorithms.

The route planning algorithm is executed separately, using as a basis the swarm optimization al-
gorithms of PSO particles and Cuckoo search.

Table 4 shows the departure and arrival coordinates of the five test routes. In Table 5 the results 
of the route planner are presented using as a base PSO and CK separately.

The results obtained are for five runs per route. Table 5 relates the average of the runs per route in 
terms of distance traveled and number of coordinates found. The results of distance traveled show 
that the PSO-based planner carried out an average of 50% of the distance traveled with the route 
planner but based on CK. In terms of the number of coordinates found, PSO identified an average of 
48% less than CK. The number of coordinates found is an indicative of the stability of the planner 
when finding a route. That is, a smaller number of coordinates show that the route is more direct and 
does not need to take unnecessary directions that represent a greater distance traveled.

Table 3. Simulation parameters
Description Parameter PSO Parameter CK
Population 40 40

Iterations 400 1000

Cruise speed 500 km/h 500 km/h

Roll 35 35

Turning ratio 2.33 g/sg 2.33 g/sg

Table 4. Coordinates of test routes
Route Departure Arrival

Latitude N Longitude Latitude N Longitude
1 5.7899 −75.6105 4.5334 −75.0242

2 4.5677 −75.2173 5.1307 −75.6588

3 5.7075 −74.6931 4.554 −75.2863

4 4.8218 −76.2382 4.9797 −74.5482

5 5.6389 −75.2311 4.4784 −75.3001

Table 5. PSO vs. CK
Route Distance using PSO Points per route 

using PSO
Distance using CK Points per route 

using CK
1 205.54 ± 5.5 76.1 ± 1.9 262.7 ± 25.1 97.6 ± 10.0

2 80.00 ± 0.0 31 ± 0 95.7 ± 2.1 35.2 ± 1.3

3 165.41 ± 15.0 66.4 ± 5.2 498.6 ± 543.5 236.6 ± 303.2

4 197.61 ± 17.2 114 ± 7.3 447.5 ± 333.2 246.4 ± 171.0

5 114.16 ± 2.5 63 ± 8.3 194.0 ± 49.2 103.4 ± 21.3
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4.2. Route planner based on PSO to optimize the flight profile of an Airbus 320
The route planner evaluation using the PSO and the CK allowed validating what was found in the 
literature regarding the versatility of the PSO for the flight routes planning. According to these re-
sults, the route planner is validated by optimizing a flight profile of an Airbus 320 powered by a 
constant-volume combustor turbofan engine simulated using a computational tool that assesses 
the flight profiles in terms of operating costs and polluting emissions to atmosphere. Table 6 lists the 
flight parameters delivered to the route planner, which are taken from the characteristics of an 
A320. Table 6 lists the flight parameters entered into the route planner.

The flight parameters of the A320 define a recommended cruising speed of 828 km/h with a maxi-
mum speed of 871 km/h, and a flight ceiling of 39,370 ft.

Table 7 lists the parameters of the PSO algorithm, which is the basis of the route planner:

Table 7 shows the configuration parameters of the optimization algorithm. The size of the popula-
tion was selected from the non-observation of positive change when increasing the members of the 
population, i.e. the increase of the swarm from 40 particles gave the same solution as if the popula-
tion size were conserved in 40 particles. The search space is defined by the detection distance of the 
radar, which for the case of this work was defined as 20 km. The stop method is defined by the mini-
mum error measured from the concentration of the particles; in addition as a security method a 
number of 400 iterations was established to stop the algorithm in case of not finding a solution that 
concentrates all the members of the population.

The studies consisted of selecting two different departure coordinates and two different destina-
tion coordinates, which generated five routes for testing. In addition, a straight line (black) was 
drawn as a reference route; although it is not feasible due to obstacles, it enables the routes deliv-
ered by the route planning algorithm to be evaluated.

The route planning algorithm was run five times for each route. The route planner delivered the 
coordinates that establish the routes, which enables the maximum distance traveled to be deter-
mined. The distance traveled and flight altitudes were entered in the PMDF tool to obtain the flight 
profile of each route.

4.3. Test scenarios
The different test scenarios and their flight profiles obtained with the PMDF tool are presented here.

Figures 5 and 6 show the direct route in green, the alternate route in black and the route proposed 
by the route planner in red. The yellow color represents the obstruction level of the route. As can be 

Table 6. Flight parameters
Description Parameter
Cruise speed 828 km/h (0.78 Mach)

Roll 35

Turn rate 2.33 °/s

Altitude Varies for each test

Table 7. Optimization parameters of the algorithm
Description PSO parameter
Population size 40

Visibility 20 km

Maximum number of PSO iterations 400
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seen in both cases, both the direct route and the alternate route do not avoid the obstruction at all, 
for this reason the route proposed by route planner is an option that minimizes risks and distance 
traveled. Table 8 shows the results of the simulation for five runs per route.

Figure 5. Route 1 analyzed in a 
contour map.

Figure 6. Route 2 analyzed in a 
contour map.

Table 8. Simulation results in terms of distance traveled
Direct flight Alternate route Optimization algorithm

Route 1

Range[miles] 219.9 249.2 235.57

Flight time [h] 0.98 1.08 1.02

Fuel [lbs] 3,993.0 4,656.9 4,311.3

Route 2

Range [miles] 219.9 249.2 245.9

Flight time [h] 0.98 1.08 1.07

Fuel [lbs] 3,993.0 4,656.9 4,511.3
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4.4. Simulation results
The results of the simulation of different profiles and flight segments in terms of operating costs are 
listed here. To provide a future perspective, the direct operating costs are presented with a 30-year 
forecasting horizon.

Tables 9 and 10 list the results of the operating costs of the test routes. Two test routes were es-
tablished with three possible paths for each route. The three test paths consisted of a direct route 
without obstacles following the flight plan, an alternate route following the flight plan, and a route 
proposed by the optimization algorithm developed in this study. Alternate routes are an option when 
the direct route has obstacles that require a different route.

The simulated flight conditions were under adverse weather conditions, which in the case of the 
direct and alternate route according to the flight plan were completely obstructed by storms that 
would affect the safety of a flight. Under these conditions, the proposed route planner delivered 
optimized routes based on a safe flight route without obstacles.

The results showed that in route 1, when the density of the obstruction is high and the obstruction 
area is low, as presented in Figure 5, the route proposed by the planner is 11 km shorter than the 
alternate route based on a flight plan. The direct operating cost is 1.16% and the total operating cost 
is 0.14% lower in the route obtained with the route planner with respect to the alternate route (refer 
to Table 9).

The route 2 has particularities in its result, that is, the alternate route presents better results in 
operating costs (see Table 10). But the alternate route has total obstruction with high density cover-
ing a very large area as can be observed in Figure 6. The analysis of these results will allow the pilot 
and the flight controller to make the decision of whether to risk the aircraft and passengers when 
selecting a route with high obstruction due to adverse weather conditions or to take an optimized 
route that presents no risk, but increases the operating costs.

Table 9. Optimized route vs alternate route: route 1
30-year operating cost Optimized route M$ Alternate route M$
Engine direct operating cost 121.7 123.14

Total direct operating cost 255.32 255.68

Total indirect operating cost 278.18 283.02

Noise fees 2.52 2.61

Emissions fees 1.72 2.06

Fuel cost 90.65 93.03

Total maintenance cost 75.92 74.34

Life cycle cost 578.64 582.76

Table 10. Optimized route vs alternate route: route 2
30-year operating cost Optimized route M$ Alternate route M$
Engine direct operating cost 128.73 123.14

Total direct operating cost 259.53 255.68

Total indirect operating cost 267.28 283.02

Noise fees 2.33 2.61

Emissions fees 1.84 2.06

Fuel cost 99.26 93.03

Total maintenance cost 73.17 74.34

Life cycle cost 571.0 582.76
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5. Conclusion
This study evaluated the behavior of an online route planning system. This system provides flight 
crews and traffic controllers on the ground with possible alternate routes that were not considered 
in the pre-planning of the route at the time of delivering the flight plan. Within the recommenda-
tions and suggestions made by International Civil Aviation Organization (ICAO) to maintain air safe-
ty, note that procedures were established for circumstances that require drastic changes to the 
primary flight route and the alternate route. Because these drastic changes are not considered in the 
flight plan, proposing and providing tools to help reduce operating costs by route optimization, when 
these tools are not considered in the original flight plan, will reduce pollutant emissions to the at-
mosphere while reducing fuel consumption and the direct costs of operation and maintenance.

This study proposes a technique that is intended to help route planning in real time and provide 
options in the design of a new route that maintains the shortest travel distance compared with the 
direct route.

The results have demonstrated the potential for the evaluation of routes that were not previously 
considered, and their cost relative to a reference route can be evaluated. It demonstrates in one of 
the scenarios that the proposed route planner reduces the engine direct operating cost in 1.16% 
with respect to the alternate route (i.e. according to the flight plan) when the direct route needs to 
be changed due to weather or other circumstances.

For future work the algorithm proposed will be used to optimize the main segments of an aircraft 
flight profile (i.e. take-off, climb-out, cruise, decent and landing).

Subscripts

c   Combustor

cr   Cruise condition

sls   Sea Level Static

Nomenclature

BPR    ByPass Ratio

CO    Carbon Monoxide

CO2    Carbon Dioxide

EI    Emission Index

FAR    Federal Aviation Regulations

FN    Net thrust

FPR    Fan Pressure Ratio

GTF    CVC Constant Volume Combustor Geared Turbofan

H2O    Water Vapor

LTO    Landing and Take-Off

MTOW   Maximum Take-Off Weight

NASA   National Aeronautics and Space Administration

NOx    Nitrogen Oxides

OPR    Overall Pressure Ratio

PD    Public Domain

PMDF   Preliminary Multidisciplinary Design Framework

PSO    Particle Swarm Optimization

RF    Radiative Forcing

SFC    Specific Fuel Consumption
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TAS    True Air Speed

TET    Turbine Entry Temperature

UHC    Unburned HydroCarbons

VFR    Visual Flight Rules

ZFW   Zero Fuel Weight
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