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Pitch-Control Predictor-Corrector

and

Neural Network Ascent Guidance

Adam L. Cowling

(ABSTRACT)

A pitch-control predictor-corrector ascent guidance algorithm has been developed and eval-

uated for a rocket-based upper stage of a two-stage-to-orbit launch vehicle. Detailed de-

scriptions of the predictor-corrector algorithm and a neural network loop modification are

given. The mission requirement is insertion into a stable 50 × 100 nmi orbit at 375,000 ft

altitude, coasting toward apogee at a positive inertial flight path angle. Three degree-of-

freedom trajectory analysis is performed using the Program to Optimize Simulated Trajec-

tories (POST2). Results of Monte Carlo simulations including uncertainties in atmosphere,

thrust, aerodynamics and initial state are presented and compared to trajectories optimized

for maximum injected weight.

This thesis was completed to fulfill a graduate research assistantship at the National Institute

of Aerospace under the sponsorship of NASA Langley’s Hypersonics Project and the Vehicle

Analysis Branch.
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Chapter 1

Introduction

1.1 Motivation and Problem Definition

The National Aeronautics and Space Administration (NASA) has a desire to employ Monte

Carlo analysis methods on trajectory simulations for conceptual design of launch vehicles.

Monte Carlo techniques for trajectory analysis require one of two options: targeting and

optimization (T/O) of every Monte Carlo case or a guidance algorithm that steers the vehicle

toward the exit conditions without significant performance degradation. While T/O provides

optimal trajectories, it can be time intensive to produce a full set of optimized cases. A

guidance algorithm provides a more real-world trajectory with guidance impacts. In order to

reach the desired exit conditions, the guidance algorithm must be able to handle uncertainties

in propulsion performance, mass properties, aerodynamics, and atmospheric properties.

The goals of this research are:

• Develop candidate guidance algorithms for use in conceptual design tools.

• Design the algorithms to utilize the Program to Optimize Simulated Trajectories 2
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(POST2) with potential for implementation into the source code.

• Ensure that algorithms employ the framework of real vehicle guidance systems.

• Reduce the computation time associated with traditional Monte Carlo analysis.

• Compare the algorithms to T/O for a two-stage-to-orbit (TSTO) rocket-based upper

stage trajectory simulation.

The trajectory of interest for comparing the algorithms is the ascent of a TSTO upper stage

to a 50 × 100 nmi orbit about Earth, with an optimization objective of maximum injected

weight at orbit insertion. The initial state is defined just after stage separation to be 28.5◦

latitude, 287◦ longitude, and 135,000 ft altitude with a velocity of 6,000 ft/s magnitude,

92.7◦ azimuth, and 7.5◦ flight path angle. Orbit insertion is to occur above a geodetic

altitude of 375,000 ft and at a positive inertial flight path angle for a coast to apogee. The

50×100 nmi orbit is selected as a standard low earth orbit (LEO) phasing orbit, allowing for

circularization or other maneuvers at apogee, though this study only addresses the trajectory

until main engine cut-off (MECO) at insertion.

1.2 Software

Trajectory simulation is a data-intensive field requiring considerable computational ability

and careful selection of software. A focus of this study was to use industry standard programs

in developing a time-efficient simulation. Software was required for trajectory simulation,

optimization, and data transport. In addition, it was desired to have dispersion in the

atmosphere to provide a more realistic simulation. The programs selected for this study are

detailed below.
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1.2.1 Program to Optimize Simulated Trajectories 2 (POST2)

All trajectory simulations were generated using the Program to Optimize Simulated Tra-

jectories 21,2,3,4 (POST2), Version 1.1.6G, a standard within the aerospace field with ex-

tensive use and validation. POST2 is a targeting and optimization (T/O) trajectory sim-

ulation program for generalized point masses in the vicinity of a single rotating, attracting

planet. POST2 has capabilities for 3-degree-of-freedom (3-DOF) translational and 6-DOF

rotational/translational simulations, as well as multiple vehicles. The original 3-DOF POST

was first developed in the 1970s as a Space Shuttle trajectory simulation and optimization

code. The addition of a 6-DOF capability as well as updates to vehicle modeling, target-

ing, optimization and simulation provided the remaining improvements leading to POST2.

More than 1000 input and output variables are available, allowing for many options for the

design trajectory. POST2 is a flexible code that can accommodate a wide range of problem

definitions because the trajectory is decomposed into a sequence of events, or phases. This

sequence can consist of any number of events, which are categorized as primary, secondary,

or roving. Up to ten events are monitored at one time to allow more customization in the

design. Every simulation in POST2 comes from the combination of five basic components:

the planet module, the vehicle module, the trajectory simulation module, the trajectory

auxiliary calculations module, and the T/O module.

The planet module contains both an oblate model with J2− J8 harmonics and a spherical

model allowing special input of spherical harmonic gravitational data. The atmosphere and

wind models are defined by tables of pressure, density, temperature, speed of sound, and

windspeeds. Several available standard atmospheres are programmed into POST2, as well

as a spectral turbulence model.

The vehicle module consists of mass properties, propulsion, aerodynamics, aeroheating, and
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steering models. Mass properties can be defined in several different ways including pro-

pellant weights, multiple stage weights, and payload weights. The propulsion model can

accommodate up to 25 rocket, jet, or ramjet engines per event. Flow-rate and thrust equa-

tions are included for added variability in propulsion design. POST2 defines aerodynamic

characteristics through mono- and multi-variate table input of axial/normal, lift/drag, and

side force coefficients. POST2 has an array of aeroheating calculation options including ta-

ble lookup, Chapman, and maximum centerline. The steering (guidance) model provides a

wide range of options for body rates, aerodynamic angles, inertial Euler angles, and relative

Euler angles. Guidance computation can include table lookup, polynomials, piecewise linear

functions and closed-loop linear feedback. In addition to standard routines, the user can

code models directly into the general open-loop guidance subroutine.

The trajectory simulation module controls the integration of the equations of motion. This

module monitors and executes the event sequence and contains multiple standard numerical

integration methods, including Runge-Kutta and Krogh. The trajectory auxiliary calcula-

tions module includes calculation methods for a broad range of output variables. Keplerian

conic parameters and crossrange/downrange are among the variables calculated in this mod-

ule.

The T/O module contains several methods to perform targeting with or without optimiza-

tion. More than 400 variables are available as independent (control) and dependent (target)

variables. The module determines the set of controls that maximize or minimize an opti-

mization variable such that the target is met. Target, control, and optimization variables

are defined at events specified by the user. POST2 can handle both equality and inequality

constraints. The optimization algorithms available in POST2 are a projected gradient algo-

rithm, an accelerated projected gradient algorithm, and NPSOL, a nonlinear programming

package developed at Stanford University5.
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The generality of the POST2 code provides a foundation for developing a wide range of

problems, thus resulting in a large number of inputs and outputs. The user can control the

level of POST2 output by choosing from a standard print block or specific variables, as well

as echoing the input file and printing event blocks. Basic input/output is text-based, and a

variety of output converters are available to provide compatability with standard programs

such as Microsoft Excel6 and MATLAB7.

1.2.2 Nonlinear Programming Package (NPSOL)

The optimization method of choice is NPSOL5, a nonlinear programming package from the

Systems Optimization Laboratory at Stanford University. NPSOL is made up of a set of

subroutines for minimizing an objective function subject to a set of constraints. Gener-

ically, these constraints may be variable bounds, linear constraints, or smooth nonlinear

constraints. In the POST2 implementation, the constraints for NPSOL are all treated as

nonlinear. NPSOL constraints are defined by lower and upper bounds, as well as a feasibil-

ity tolerance, therefore it is common practice in POST2 to define the target variables with

both a range and a tolerance. The basis for NPSOL is a sequential quadratic programming

method where each search direction is defined by the solution of a quadratic programming

subproblem. The POST2 implementation is limited to a cold start, which means NPSOL

derives the initial working set from the variables and constraints, not a user-defined estimate.

NPSOL operates under the assumption that the objective function and all constraints are

second-order smooth, which is often not the case with a trajectory simulation. However, if

discontinuities exist in isolation at a distance away from the solution, NPSOL will typically

succeed. As a result of this violation of the NPSOL definition, local and global minima

are not readily distinguished. When this situation occurs, NPSOL often requires user in-

tervention to redefine some parameters of the optimization to avoid non-optimal targeted
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solutions. Adjusting the initial values or bounds of independent variables in POST2 often

helps correct such situations.

1.2.3 Global Reference Atmosphere Model 1999 (GRAM99)

The NASA Marshall Space Flight Center Global Reference Atmospheric Model (GRAM99)

serves as a design reference atmosphere offering full global, altitude, monthly, and seasonal

coverage. GRAM99 is a physics-based engineering tool designed to provide dispersions in

typical atmospheric parameters. GRAM99 is a system of three individual models based on

empirical data. Each model represents a different altitude range. For altitudes between

0 and 88,580 ft, the Global Upper Air Climatic Atlas is used. Several sources, including

the Middle Atmosphere Program, are used for the data set from 65,600 ft to 393,700 ft.

Lastly, the region above 295,000 ft is defined by the Marshall Engineering Thermosphere

model. Extensive references regarding the individual models can be found in the GRAM99

manual8. In regions where two models overlap, GRAM99 utilizes fairing methods to ensure

a smooth transition. GRAM99 allows the user to input desired initial latitude, longitude and

altitude values, as well as increments for each. In addition, the user can input a specific date

by year, month, day, hour, minute and second. Output of each randomly seeded GRAM99

run was automatically converted to POST2 table format by a module in written in Adaptive

Modeling Language9. The output consisted of tables of temperature, density, pressure, speed

of sound, and windspeeds as a function of geodetic altitude.

1.2.4 MATLAB and The Neural Network Toolbox

MATLAB7 is used to drive the input/output functions of the guidance algorithms in de-

veloping POST2 input decks and searching POST2 output files. For all neural network
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architectures, training, and simulation, the MATLAB Neural Network Toolbox10 is used.

The Neural Network Toolbox allows the user to create custom networks or select from a

variety of standard network architectures, such as feed-forward and cascade-forward. The

implementation of neural network methodology into simple MATLAB functions provides the

user with several options in selecting the number of layers and neurons, the training methods,

the transfer functions, and the connections between layers. In addition, the toolbox features

an array of training techniques including gradient descent backpropagation and Levenberg-

Marquardt backpropagation. The generality of the toolbox allows simple sensitivity analyses

regarding network structure to be performed.

1.3 Thesis Overview

The remainder of this thesis is organized as follows. First, a literature review is presented

to explain the previous developments made in trajectory analysis, launch vehicle ascent,

predictor-corrector guidance, and neural network algorithms. Next, an overview of the design

trajectory with specific vehicle and simulations descriptions is provided. The simulation

methodology for the optimization, predictor-corrector, and neural network algorithms is

explained next, followed by Monte Carlo results for each.
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Chapter 2

Literature Review

In this chapter, a review of the developments in ascent guidance, predictor-corrector-like

algorithms and neural network control applications is presented. Some introduction to the

possible options available for ascent guidance is given with specific interest in easily repli-

cated, computationally fast methods. In addition, previous trajectory simulation develop-

ments involving predictive control loops are provided, followed by an in-depth review of

neural network applications, architectures, and training methods.

2.1 Ascent Guidance

Ascent guidance has historically been broken down into endo- and exo-atmospheric flight

regimes with the use of multiple guidance algorithms. In the interest of computation time

and conceptual design, a method combining both regimes into one algorithm is preferrable.

Several candidate advanced guidance methods with specific interest in time and cost have

been reviewed by Hanson11 for application in various flight phases. The methods are pre-

sented with special consideration for the X-33 reusable launch vehicle technology demonstra-
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tor. Hanson et al.12 presented specific guidance designs for the X-33, including the Iterative

Guidance Mode (IGM), or linear tangent steering, made popular by the Saturn rocket se-

ries. In addition, the prototype guidance methods for the X-33 were designed to account

for vehicular and atmospheric dispersions. Another step was taken on the X-33 when Calise

et al.13 developed a guidance algorithm for 3-D optimal ascent that held applications for

out of plane steering for optimization. This numerical/analytical hybrid algorithm was also

developed to be customizable and not limited to just launch vehicle applications.

Most space missions are at some point compared to the Apollo missions or the Space Shuttle,

especially when considering the future of launch vehicles. The Apollo program’s Saturn V

rocket utilized the IGM guidance system and proved its optimality and accuracy. Another

major benefit to the IGM method was its generality with regard to other missions. Chandler

and Smith14 described the development of the algorithm with regard to various vehicles

and applications, and Horn et al.15 later applied IGM to more generalized missions. The

Space Shuttle took a different path, utilizing an all encompassing algorithm called Powered

Explicit Guidance16,17 (PEG). The PEG system was designed to include provisions for all

flight regimes of the Space Shuttle, and the ascent portion of PEG used a predictor-corrector

guidance algorithm. In a Masters thesis by Su18, PEG was implemented for comparison with

some advanced optimal-control based algorithms. The trajectory simulations in the thesis

are performed in the Optimal Trajectories by Implicit Simulation (OTIS) code. The results

of the thesis suggest that while computer simulations are feasible, there remains a need for

Monte Carlo simulation with complex atmospheric dispersions.

Selection of a simulation standard requires careful consideration of the techniques and meth-

ods behind the trajectory integration. Since one goal of this thesis is to provide options

that are compatible with POST2, it was chosen as the trajectory simulator. Nelson19 has

performed a study comparing POST and OTIS and has found them to be in correlation
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on many trajectories. POST2 and its predecessors have a long history of use in Monte

Carlo simulations and its generality make it an ideal code for many applications. Queen

and O’Mara20 observed satisfactory results in their implementation of GRAM atmospheres

in Monte Carlo simulations performed with POST. Additionally, Hanson and Hall21 have

performed Monte Carlo simulations on Ares I using POST and provided a comprehensive

list of uncertainties found in all phases of flight.

2.2 Predictor-Corrector Guidance

Predictor-Corrector (P/C) methods are a subset of closed-loop guidance algorithms, with

the basic idea of a loop that predicts the remaining trajectory and corrects the control com-

mand accordingly. Aside from the P/C implementation in PEG, little has been done to

expand the scope of such an algorithm. However, in the 1990s, Powell et al.22,23,24 devel-

oped some algorithms in POST2 for P/C ascent guidance of launch vehicles on Earth and

aerocapture and landing on Mars. The ascent guidance evaluations were for both vertical

and horizontal takeoff launch vehicles. In each, trajectory analysis was performed including

GRAM atmospheres. The predictor-corrector formulation in these papers does not target

an orbit by apsides altitudes for sufficient geodetic altitude and positive flight path angle,

but the basic concepts are readily applicable to different missions. The Mars aerocapture

study was another implementation of a P/C algorithm showing the versatility in addressing

multiple applications.

Additional closed-loop methods have been developed that utilize on-board computational

power in calculating guidance commands. Closed-loop systems for endo-atmospheric flight

have been shown by Lu et al.25 to have significant advantages over typical open-loop systems.

These advantages came from the use of on-board solvers, such as Lu’s two-point boundary

10



value problem solver for the inner guidance loop. Graesslin et al.26 made use of nonlinear

programming methods in the design of a predictive inner loop. Nonlinear programming

methods are the basis for NPSOL, which solves the T/O problem using a sequential quadratic

programming algorithm. In 2004, Jits and Walberg27 presented a P/C algorithm using

both inner and outer external POST2 loops for Mars aerocapture guidance. This P/C

algorithm provided a basic framework for guidance that can be applied to multiple mission

architectures, including ascent guidance.

2.3 Neural Networks

The theory behind neural networks (NN) has a broad range of training methods, architectures

and transfer functions. Much of the research into justifying NN usage came from three papers

by White et al.28,29,30. In the first, it was shown that “multilayer feedforward networks

are universal approximators,” suiting them to a wide range of problems. The second and

third papers further asserted that such networks can learn arbitrary mappings, offering

the potential to approximate a dynamic model given the right training set and network

formulation. These powerful capabilities were the driving force behind the development of

several NN architectures and methods.

The training of NN was born in 1986 from the work of Rumelhart et al.31 in the form of back-

propagation. With the backbone of the backpropagation concept formed, many variations

and applications arose. Yann le Cun32,33,34 helped develop a theoretical backpropagation

framework that views backpropagation as an optimization problem. Additionally, an inves-

tigation into generalization and design strategies using backpropagation and other learning

techniques was performed, resulting in a call for software and computer interface improve-

ments. Battiti35 presented a review on first- and second-order learning methods that showed
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similarities between many algorithms based on backpropagation and other methods. In 1998,

le Cun et al.36 revealed many tricks of the trade regarding backpropagation, including batch

and stochastic training. Among the many options of NN components is the selection of

transfer functions. Sigmoid transfer functions are the most popular because they are typi-

cally continuous and differentiable. Justification of the use of sigmoid transfer functions was

presented by Harrington37 and Duch and Jankowski38. In order to further increase compu-

tation speed, several methods were developed to promote faster learning. Among the meth-

ods was Riedmiller and Braun’s39 RPROP algorithm which evolves based on gradient sign

changes. The RPROP algorithm showed better performance than standard steepest descent

algorithms. Another fast-learning method is an application of the Levenberg-Marquardt

algorithm designed by Hagan and Menhaj40. The Levenberg-Marquardt algorithm is an

alternating approach that shifts between a classic Newton iteration and a gradient descent

method.

The computational advantage and “intelligent” capabilities of artificial NN have made them a

strong candidate for control systems. In 1992, Schaechter and Rauch41 used NN for control

applications in real-time software simulations, with an outlook for hardware implementa-

tion. As an extension of the basic NN control concept, Steinberg42 performed an intensive

literature and simulation review to investigate the potential applications of fuzzy logic and

neural computing to flight control. The resulting paper provided a comprehensive outlook

on future technologies, as well as an excellent bibliography. In 1997, Steck and Rokhsaz43

advanced the idea further with the development of several examples of NN applications in

the modeling of nonlinear aerodynamics and flight dynamics. While the examples showed

excellent generalization and modeling results, control generalization degraded significantly

beyond the training domain. Hagan and Demuth44 later developed a tutorial on basic NN

control system applications, with specific algorithms and concepts that would later be in-
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cluded in the MATLAB Neural Network Toolbox. The tutorial warns against “overfitting” a

training set, which can cause the NN to fail to generalize future input. To avoid training set

complications, Plutowski and White45 developed a process for selecting a concise training

set, and Weller and Avraam46 provided a model for competitive selection of a training set.

Algorithms utilizing NN came to the forefront of flight control design in the early 2000s.

Johnson et al.47,48 produced two papers with applications of NN for launch vehicle control.

The first paper presented a neural network augmentation in the design of a feedback lin-

earization attitude controller for the X-33. The second expanded on this method developing

a more robust system for reusable launch vehicles. An application specifically geared toward

rapid computation and optimization for conceptual design was developed in 2005 by Qazi et

al.49. The study used NN methods to incorporate trajectory optimization and near-real-time

guidance. The results showed promising control characteristics with specific applications to

launch vehicle closed-loop guidance.

Several advancements have been made in guidance and control, specifically in the fields of

endo-atmospheric closed-loop control, predictive loop methods, and neural network appli-

cations. Much of the literature available on these topics was presented above with specific

applications to the predictor-corrector and neural network guidance algorithms developed in

this thesis.
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Chapter 3

Trajectory Overview

In this chapter, an overview of the design trajectory is presented. First, the coordinate

reference frames used in the simulation will be explained. Next, a description of the planet

model, including gravitational and atmospheric properties is included. Then, the vehicle

model and its aerodynamics, propulsion and other features are explained. Lastly, the nominal

initial state and the final target orbit conditions are given.

3.1 Coordinate Frames

In trajectory analysis, the large number of trackable variables requires careful considera-

tion of the frames in which variables are measured. This section presents the coordinate

frames required for the trajectory simulations performed. Considerations for Earth rotation,

geodesy, and body coordinates are included. All images in this section are adapted from the

POST2 manuals2,3.
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3.1.1 Earth-Centered Inertial

The Earth-Centered Inertial (ECI) frame in Figure 3.1 is a Cartesian system where the

Z-axis intersects the north pole, the X-axis lies in the equatorial plane and points toward

the Greenwich meridian at time equal to zero, and the Y-axis completes the right-handed

system. All values measured in the inertial frame are identified by the subscript I. The

translational equations of motion are integrated in the ECI frame.

Figure 3.1: Earth-Centered Inertial frame.

3.1.2 Earth-Centered Rotating

The Earth-Centered Rotating (ECR) frame in Figure 3.2 is a Cartesian system where the

Z-axis intersects the north pole, the X-axis lies in the equatorial plane and points toward

the Greenwich meridian at all times, and the Y-axis completes the right-handed system.

All values measured in the rotating frame are identified by the subscript R. For the state

definition in this thesis, the longitude, λR, is measured east of the Greenwich Meridian.
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Figure 3.2: Earth-Centered Rotating frame.

3.1.3 Geodesy and the Local Horizontal

When considering an oblate planet, geodetic coordinates must be considered. The geodetic

latitude and altitude are defined in Figure 3.3. The geodetic latitude, φgd, is the angle

between the equatorial plane and a vector normal to the surface passing through the vehicle

position. The geodetic altitude is, hgd, is the distance between the surface and the vehicle

along the vector normal to the surface. The local horizontal plane is the plane normal to the

geodetic altitude vector. The local horizontal plane is illustrated in Figure 3.4. Within the

Figure 3.3: Geodetic latitude and altitude definitions.
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local horizontal plane, the velocity vector is defined by the velocity magnitude, v, the velocity

azimuth, ψ, and the flight path angle, γ. The velocity azimuth is measured positive clockwise

from north to the projection of the velocity vector in the local horizontal plane. The flight

path angle is the angle between the local horizontal plane and the velocity vector and is

measured positive above the local horizontal plane. The local horizontal frame is dependent

on the Earth frame, so corresponding subscripts accompany the variables where appropriate.

Likewise, the phrasing “inertial” corresponds to values in the ECI local horizontal, and

“relative” corresponds to values in the ECR local horizontal.

Figure 3.4: Local horizontal plane.

3.1.4 Body/Body Reference

Two sets of axes are associated with the vehicle itself. The body frame and the body refrence

frame are placed on a generic model in Figure 3.5. The body reference frame is a Cartesian

system where the X-axis points along the longitudinal axis of the vehicle, the Y-axis points

out the wing, and the Z-axis completes the right-handed system. The origin is arbitrary, but

for simplicity it is placed at the nose. Within the body reference frame, the center of gravity

(CG), the aerodynamic reference point, and the engine gimbal points are measured. The

body axes are defined with the CG as the origin. This Cartesian system is aligned with the
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Figure 3.5: Body axes and body reference axes on a generic model.

X-axis forward along the longitudinal axis, the Y-axis pointing out the right wing and the

Z-axis completing the right-handed system. The aerodynamic and thrust forces are initially

measured in this frame before being rotated to the ECI frame for integration. The angle

of attack, α, is the angle between the body X-axis and the atmospheric-relative velocity

vector when sideslip and bank angle are both zero. The relative Euler pitch angle, θR is the

elevation angle above the local horizontal frame.
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3.2 Planet Model

The generality of POST2 provides for a broad range of gravitational and atmospheric in-

puts to define the planet model. This section describes the oblate Earth model and the

atmospheres chosen for study.

3.2.1 Oblate Earth Model

This study makes use of an oblate Earth model defined in the POST2 Manuals2,3. The

model consists of the second through eighth harmonics in the gravitational potential function

defined by the WGS 84 Equipotential Ellipsoid model and given in Table 3.1.

Table 3.1: Second through eighth harmonics in the gravitational potential function.

i Ji

2 1.0826393× 10−3

3 −2.53215307× 10−6

4 −1.61098761× 10−6

5 −2.35785649× 10−7

6 5.43169846× 10−7

7 −3.32376398× 10−7

8 −1.77210399× 10−7

The gravitational constant for the Earth is µE = 1.4076539 × 1016 ft3/s2. The equatorial

and polar radii for Earth are REe = 2.092564633 × 107 ft and REp = 2.085554866 × 107 ft,

respectively. The mean perigee altitude, hmp, and mean apogee altitude, hma are measured

relative to the mean earth radius, calculated as

REm =
REe +REp

2
= 2.08905975× 107ft (3.1)
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Lastly, the rotation rate for Earth is ωE = 7.292115× 10−5 rad/s.

3.2.2 Atmosphere

For all nominal cases, the atmosphere is a 1976 US Standard Atmosphere50 with extensions

for the upper atmosphere and no winds. This model is a widely accepted industry standard

for basic atmosphere calculations. The atmosphere is mathematics-based as a function of

altitude. For all Monte Carlo cases, the atmosphere uses tables generated by GRAM99.

These tables are monovariate functions of geodetic altitude. The four tables used by POST2

are atmospheric temperature, density, pressure and speed of sound. In addition to the

GRAM99 atmosphere, GRAM99 winds are included as windspeed tables in a north-east-

down frame. The reference date for GRAM99 was selected as the epoch J2000, or noon

January 1, 2000. The reference location is 287◦ longitude and 28.5◦ latitude.
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3.3 Vehicle Model

The vehicle for this study is the rocket-based upper stage of a TSTO launch vehicle similar

to the model in Figure 3.6. This section gives detailed explanations of the vehicle weight,

propulsion characteristics, aerodynamics, and static trim in the pitch plane.

Figure 3.6: Two-stage-to-orbit upper stage model. Courtesy Jeff Robinson, NASA

3.3.1 Vehicle Mass Properties

The vehicle total weight is calculated as the sum of the dry weight, fuel weight, and oxidizer

weight. The total vehicle weight for all simulations is 304,863 lb. The initial propellant

weights are 67,781.2 lb and 176,231.1 lb. The propellant weights are allowed to go negative

during the simulation because the optimization objective is to maximize the injected weight.

The CG location was fixed, and fuel consumption and slosh were not considered.
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3.3.2 Propulsion

The propulsion system for the vehicle consists of 4 RP-1/LOX rocket engines with typi-

cal51,52,53 performance parameters. Each rocket engine has a specific impulse (Isp) of 346.8 s,

a nozzle exit area (Ae) of 6.644 ft2, and vacuum thrust (Tvac) of 101,643 lb. The oxidizer/fuel

(O/F) ratio is 2.6:1 and is input to POST2 as a mixture ratio of 0.278. The vehicle is initially

set to 90% throttle, though engine throttling is used to limit the acceleration to 3g during

flight.

3.3.3 Aerodynamics

The aerodynamics for the vehicle were developed at NASA Ames Research Center using the

Configuration Based Aerodynamics (CBAERO) software package54, courtesy of Jeff Bowles.

CBAERO is an engineering-level software tool that predicts aero-thermodynamic environ-

ments of general vehicle configurations. The data has been converted to multivariate tables

of CD, CL, and CM . The coefficient values are determined as a function of dynamic pressure,

Mach number and angle of attack. Linear interpolation is used between data points and

linear extrapolation is used beyond the minimum and maximum values. The reference area

for the vehicle is 1364.4 ft2.

3.3.4 Static Trim

All of the vehicle properties described above culminate in the requirement of maintaining

static trim in the pitch plane. Static trim is maintained in this study through engine gima-

baling such that ∑
Mθ = 0 (3.2)
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where Mθ is the moment in the pitch plane. The pitch plane in the body reference axes

is shown in Figure 3.7. The reference length for the static trim calculations is 73.2 ft.

Figure 3.7: Pitch plane in the body reference axes for static trim.

The engine gimbal locations are given in Table 3.2. The engines gimbal about these points

creating thrust at the gimbal angle, θGIM . The fixed CG location is at 60% X and 6% Z,

Table 3.2: Engine gimbal points [ft] for static trim in the pitch plane.

Engine XGIM YGIM ZGIM
1 70.27 0.0 -3.093
2 69.89 6.312 4.368
3 69.89 0.0 10.73
4 69.89 -6.312 4.368

while the aerodynamic reference point is along the longitudinal axis at 67% X. About the

aerodynamic reference point, the CL and CD forces are resolved into axial (CA) and normal

(CN) forces.
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3.4 Trajectory States

3.4.1 Initial State

The nominal initial state is shown in Figure 3.8. The initial state is assumed to be the

point just after stage separation, without any remaining effects from the first stage. The

full vehicle is launched from Kennedy Space Center at (28.5◦N, 279.45◦E)51. At the time of

separation, the nominal initial geodetic latitude and relative longitude for the upper stage

is (28.5◦N, 287◦E). The upper stage nominal initial velocity is 6,000 ft/s at an azimuth of

92.7◦ and a relative flight path angle of 7.5◦. The azimuth assumes a launch along a great

circle with an inclination of 28.5◦; however further investigation of the inclination is beyond

the scope of this thesis. The nominal initial geodetic altitude is 135,000 ft.

Figure 3.8: Nominal initial state.
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3.4.2 Target Orbit

The target orbit is defined by mean perigee and apogee altitudes as 50× 100 nmi. The orbit

is chosen as it is a good phasing orbit for reaching a 100 nmi circular orbit by performing

a burn at apogee. This thesis is only concerned with the trajectory from the upper stage

nominal initial conditions described above to MECO. No consideration of the trajectory

beyond MECO, such as circularization, is included. In addition to the basic size constraints,

it is desired to reach the orbit above 375,000 ft to ensure atmospheric exit with a positive

flight path angle for a coast toward apogee.

3.5 Summary

The trajectory overview has been presented including coordinate frames, an oblate Earth

model, a detailed vehicle model, and initial and target states. The next chapter presents

the methodology for the targeting and optimization problem in POST2 and NPSOL, the

predictor-corrector algorithm, and the neural network modification. Each method is tested

using a nominal case developed using the trajectory overview from Chapter 3.
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Chapter 4

Simulation Methodology

Now that the vehicle, flight environment, initial conditions, and target orbit have been

defined, the algorithm methodologies will be explained. This chapter first looks at the

formulation of the trajectory optimization problem and a nominal optimal case. Next, a

predictor-corrector algorithm is explained and a nominal case is developed. Lastly, an in-

depth explanation of a neural network modification is given.

4.1 Optimization with POST2 and NPSOL

The objective of trajectory optimization is to find the path that minimizes or maximizes a

cost function, such as minimum fuel, using the controls available to the system. For POST2,

the basic translational equations of motion4 are

ṙI = vI

vI = ATI + AAI + AGI

(4.1)
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where ATI is the thrust acceleration, AAI is the aerodynamic acceleration, and AGI is the

gravitational acceleration. The I subscript denotes that the equations are solved in the ECI

frame. The equations of motion fit the general form55,56 of

ẋ(t) = f
(
t, x(t), u(t), ε

)
x(t) ∈ Rm, u(t) ∈ Rn, ε ∈ Rp

(4.2)

where x denotes the state variables, u denotes the controls, and ε denotes the parameter

vector. The equations of motion are integrated forward in time using the 4th Order (4-

Stage) Runge-Kutta57,58 method with the update formula

xi+1 = xi +
1

6
[K1 + 2K2 + 2K3 +K4] (4.3)

where the direction field samples Kj are given by

K1 = ∆t · f
(
ti, x(ti)

)
K2 = ∆t · f

(
ti + 1

2
∆t, x(ti) + 1

2
K1

)
K3 = ∆t · f

(
ti + 1

2
∆t, x(ti) + 1

2
K2

)
K4 = ∆t · f

(
ti + ∆t, x(ti) +K3

)
(4.4)

The targeting problem consists of modification of the controls until the constraints are met.

Next, the optimization objective is approached by changing the controls to improve the

optimization variable without violating any constraints. The search method, NPSOL, pro-

gresses through a series of major iterations. Between blocks of major iterations, the problem

is rescaled to set the maximum magnitude of the elements of the Jacobian to 1. The series of

major iteration blocks used for this thesis was 25, 25, 100, 100, 250. For the T/O problem,
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the controls have simple lower and upper bounds

uiL ≤ ui(t) ≤ uiU , i = 1, 2, ..., n (4.5)

In addition to bounds, the control variables also have associated weights, which were initially

set equal to the initial control guesses. The T/O problem is also defined by a combination

of equality and inequality end conditions

φeq
(
x(tf ), ε

)
= 0 ∈ Rkeq

φin
(
x(tf ), ε

)
≥ 0 ∈ Rkin

(4.6)

where k is the total number of inequality and equality constraints. The optimization variable

is minimized (or maximized) by use of a cost functional

F
(
x(t∗), ε

)
(4.7)

where t∗ denotes the event at which minimization should occur. For NPSOL to solve the

sequential quadratic programming problem, the problem is formulated as

minimize F (η), η ∈ Rl

for lb ≤ β(η) ≤ ub, β(η) ≡


η

Aη

c(η)


(4.8)

where η is a variable set, F (η) is a nonlinear function, A is a k × l matrix, and c(η) is a k-

vector of nonlinear functions. In addition to the bounds, the constraints also have tolerances

τ . Figure 4.1 illustrates the regions of activity for the bounds on β. In region 1 the lower

bound is violated and in region 5 the upper bound is violated. Within regions 2 and 4,
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the corresponding bounds are considered active. Region 3 is the ideal region where the

bounds are satisfied and inactive. The T/O routine is exited when a solution is found that

optimizes the optimization variable at the appropriate event while satisfying the problem

constraints. However, it is important to note that the POST2 implementation of NPSOL

does not distinguish between local and global minima. The responsibility of determining

whether the converged solution is the optimal solution rests solely with the user.

Figure 4.1: NPSOL bounds and tolerances.

4.1.1 Nominal Optimization Case

A nominal case was developed to maximize the injected weight. The target variables chosen

for this trajectory were the final mean perigee and apogee altitudes, the final geodetic alti-

tude, and the final inertial flight path angle. The ranges and tolerances for the constraints

of T/O problem were

50nmi ≤ hmp ≤ 50.01nmi(±0.01)

100nmi ≤ hma ≤ 100.01nmi(±0.01)

375, 000ft ≤ hgd ≤ 380, 000ft(±1000)

0.05◦ ≤ γI ≤ 60◦(±0.01)

(4.9)

Steering was commanded by an angle of attack table as a function of the relative velocity
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Table 4.1: Final angle of attack table for nominal optimization case.

1 2 3 4 5 6 7 8 9 10
vr [kft/s] 6.0 8.5 9.0 9.5 10.0 12.0 16.0 20.0 23.0 26.0
α(vr) [deg] 30.24 26.93 23.37 22.13 20.84 14.81 4.70 -3.84 -9.83 -15.12

of the vehicle. The independent variables for NPSOL were 10 angle of attack table values

with bounds −25◦ ≤ α(vr) ≤ 50◦ at relative velocities of 6.0, 8.5, 9.0, 9.5, 10.0, 12.0,

16.0, 20.0, 23.0, and 26.0 kft/s, and the inertial MECO velocity with bounds 23.0 kft/s

≤ vI,meco ≤ 29.0 kft/s. The angle of attack table used linear interpolation between values

and linear extrapolation beyond. The integration time step for the optimization was set to

10 seconds for the sake of computation time. While this reduction in time came at the cost

of decreased accuracy, the accuracy for the chosen integration step was adequate for the

requirements of this study. The nominal case started from the nominal initial conditions,

and used a 1976 US Standard Atmosphere, 100% thrust, and 100% aerodynamics. The final

angle of attack table is shown in Table 4.1 and the final MECO velocity was 25,752.26 ft/s.

The nominal pitch profile, shown in Figure 4.2, shows a smooth curve with the only hitch

(≈70 sec) due to the higher concentration of control variables between 8.5 and 10.0 kft/s.

Figure 4.3 shows that the geodetic altitude profile follows a smooth path toward the altitude

constraint. The angle of attack table, pitch profile, and geodetic altitude show characteristic

properties of optimal solutions in that there are few major fluctuations that would cause

steering losses. The end conditions were successfully targeted within the tolerances with a

49.996 × 99.993 nmi orbit, geodetic altitude of 374,994 ft, and inertial flight path angle of

0.351◦. The injected weight was 50,435 lb, corresponding to a propellant fraction of 0.835.
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Figure 4.2: Relative pitch profile for nominal optimization case.

Figure 4.3: Geodetic altitude profile for nominal optimization case.
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4.2 Predictor-Corrector

A predictor-corrector (P/C) is a guidance algorithm that uses knowledge of the vehicle state

to project a path toward the exit conditions to determine the next pitch command. The

algorithm “predicts” the path that the vehicle will continue on at the current state and

“corrects” the control command for the vehicle to reach the desired end conditions. The

benefit to a P/C algorithm is its use of computational power to determine the current path

and find the appropriate control to guide the vehicle toward the appropriate end state. The

concept for the P/C algorithm developed here comes largely from the POST2 framework

created by Jits27.

Figure 4.4: Predictor-corrector guidance architecture.

The basic flow of the algorithm can be seen in Figure 4.4. The outer loop of the P/C algo-

rithm is the “vehicle” simulation, which propagates the trajectory at a given pitch command

for a time equal to the guidance interval. The guidance interval, or dtg, is the time between

the execution of consecutive pitch commands. The inner loop is the “guidance computer”

simulation that propagates the trajectory toward the end conditions from the current state.

NPSOL is used to target the final orbit conditions using a pitch control sequence. When

NPSOL converges on the targeted orbit, the next pitch command for the outer loop is de-
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Figure 4.5: Predictor-corrector visual representation.

termined. At the end of each guidance interval, the pitch command is updated by the inner

loop, and the vehicle state is updated by the outer loop. A visual representation of this pro-

cess is given in Figure 4.5. The vehicle deviates from the desired path due to perturbations,

and if left uncorrected, would fly toward an undesirable end state. Using pitch corrections

from the inner loop, the vehicle maintains a path toward the correct end conditions. The

algorithm continues to process until a user-defined time-to-go minimum is reached. The

time-to-go, or tgo, is a guidance commanded variable that represents the remaining trajec-

tory time predicted by the inner loop. After the minimum time-to-go is reached, the vehicle

trajectory is simulated to MECO.

4.2.1 Predictor-Corrector Trajectory Simulation

The inner loop trajectory is a simulation from the current vehicle state toward the end con-

ditions with NPSOL targeting. The current vehicle state is obtained from the outer loop in

the previous guidance interval. Targeting without optimization is chosen to reduce the inner
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loop computation time. The assumption is made that the guidance system has no knowledge

of the “actual” flight atmosphere, thrust performance, or aerodynamic forces. Therefore, the

inner loop uses nominal information in the simulation. The atmosphere used is a 1976 US

Standard Atmosphere, the thrust is assumed to be 100%, and the aerodynamic coefficients

from the CBAERO tables are kept at 100%. These conditions are the “approximate” flight

properties. In order to keep computation time down, the inner loop required a simple event

sequence with few controls. The event sequence chosen provides NPSOL with four controls

to use in targeting the four constraints of the target orbit. The controls are two pitch com-

mands, the time between the two commands, and the MECO velocity. The event sequence

can be described as

1. Fly at current pitch for dtg seconds.

2. Fly at pitch = control 1 for a duration of time = control 2.

3. Fly at pitch = control 3 until velocity = control 4.

The first event exists as an approximation to the outer loop trajectory during the current

guidance interval. Unlike the optimization that steers with angle of attack, the inner loop uses

the first term (constant) of a pitch polynomial as the control. Occasionally, some situations

arose in which POST2 could not correctly target the orbit. A series of checks was developed

to provide the predictor-corrector algorithm with automated solutions to any errors it may

encounter. The flow of the inner loop through these checks is shown in Figure 4.6. When

NPSOL is used for targeting, it receives several blocks of major iterations, between which

a rescale of the problem is performed. The rescale is done to set the largest term in the

Jacobian of the optimization problem equal to one. When the problem targets the correct

orbit just before a rescale is set to occur, POST2 will sometimes rescale the problem before

exiting NPSOL, resulting in an error. If the first check finds this error, it removes the previous
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Figure 4.6: Predictor-corrector inner loop flow.

major iteration block to prevent the unwanted rescale. The second check determines if the

trajectory failed to reach the third event in the sequence. This error occurs when the time

control between the pitch controls is larger than the remaining trajectory time, causing the

vehicle to miss the target. The solution for this error is to reduce the initial guess for the

time control. In some cases, the initial guess for the first pitch control is too high, causing the

vehicle to enter a hyperbolic orbit and burn all of its mass. The correction for this error is to

reduce the initial guess. Lastly, the vehicle may reach a minimum altitude when the second

pitch command cannot go high enough to reach the target. When a minimum altitude error

is encountered, the upper bound on the control is increased. When the orbit is targeted,

the inner loop outputs the time-to-go and the first pitch control as the pitch command.

The initial guesses for the control variables are an important part of the targeting problem.

The first set of initial values were predetermined by an optimal trajectory developed using

the inner loop event sequence starting from the nominal initial conditions. Each guidance

interval, the best initial values are extracted from the previous inner loop output and fed
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back as initial guesses for the next iteration. From one iteration to the next, the bounds

on the pitch controls are updated to approximately ±15◦ of the previous initial guesses for

pitch, and the upper bound for the time control is set to the time-to-go less one guidance

interval.

The outer loop trajectory propagates the vehicle from the current state to the end of the

guidance interval at the given pitch command. The outer loop has unique atmospheric

properties, thrust, and aerodynamics, which are the “actual” flight properties.

4.2.2 Nominal Predictor-Corrector Case

A nominal case was developed using the P/C algorithm, starting from the nominal initial

conditions. A 1976 US Standard Atmosphere with no wind was used for the outer loop,

as well as nominal thrust and aerodynamics. A guidance interval schedule of five seconds

for the first 200 trajectory seconds and 3 seconds for the remaining trajectory was chosen

based on analysis of inner loop computation times. As the remaining trajectory became

smaller (i.e. as trajectory time passed) the computation time reduced as well. The nominal

trajectory showed near-real-time guidance, meaning the inner loop computation time was

approximately equal to the guidance interval. The nominal case proved to be sufficient in

targeting the desired orbit, though the pitch profile is considerably different from the optimal

path as shown in Figure 4.7. The initial pitch is considerably higher for the P/C algorithm

due to the formation of the inner loop control design. With only two pitch controls, NPSOL

tends to converge to a solution with one high pitch and one low pitch. The building of the

nominal pitch profile is shown in Figure 4.8. Each iteration corresponds to one step of the

pitch profile. Figures 4.8(a)-4.8(e) show the pitch profile for individual inner loop iterations

while Figure 4.8(f) shows how they construct the entire profile. While this formation deviates
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Figure 4.7: Relative pitch profile for nominal predictor-corrector case.

far from the optimal pitch profile, it was the only method that produced an inner loop that

ran fast enough for real-time consideration. The step pattern of the pitch profile is a result

of using individual pitch commands at each interval. An attempt was made to use the

second (linear) coefficient of the pitch polynomial to simulate pitch rates. The inner loop

computation time for this attempt was, on average, two to three times longer than the pitch

command case. In addition, the pitch rate case did not target any orbit. The aerodynamic

force changes resulting from the pitch rates caused the vehicle to veer too far off-target to

recover.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.8: Individual inner loop iterations (a-e) make up the entire pitch profile (f) for the
nominal predictor-corrector case.
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The P/C algorithm showed high accuracy in targeting the appropriate orbit, largely due

to the minimal perturbations by aerodynamics and atmosphere at the high altitudes near

the end of the trajectory. The geodetic altitude profile in Figure 4.9 shows that while the

trajectory deviates from the optimal path, it benefits from exiting the atmosphere earlier.

The orbit was targeted at 50.010×100.000 nmi with a geodetic altitude of 379,999 ft and an

inertial flight path angle of 0.357◦. While the P/C algorithm targeted with high accuracy, the

higher initial pitch and subsequent deviations from the optimal path resulted in a significant

loss of injected weight. The final injected weight for the P/C was 49,463 lb, 972 lb less than

the optimized case.

Figure 4.9: Geodetic altitude profile for nominal predictor-corrector case.
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4.3 Neural Network Modification

A neural network (NN) is a set of interconnected artificial neurons that can mimic the

response of a system without the need to design a model. Each neuron is an individual pro-

cessing unit containing weights to modify the input. The most typical network architecture

is the feedforward backpropagation network, which has an input layer, one or more hidden

layers, and an output layer. Each layer receives input from the previous layer, and processes

the data through a series of weights and a transfer function. The concept behind a neural

network is that it may be trained using known data to approximate the output of a system.

Schaechter41 aptly describes a NN “as a special purpose computer which is configured to rep-

resent a nonlinear mapping implied by empirical data.” According to White28, “multilayer

feedforward networks are universal approximators,” making them a suitable fast alternative

to an on-the-fly targeting method.

4.3.1 Neural Network Architecture Selection

A neural network modification for the previous guidance architecture has been developed.

As shown in Figure 4.10, a NN module has replaced the inner loop POST2 run. The NN

module is trained to compute the pitch command and time-to-go given some representation

of the current vehicle state. The greatest benefit of having a NN module as the inner loop

is the computation time of one pitch command from a given state is near-instantaneous, as

it is merely a few steps of matrix multiplication. With a lower inner loop computation time,

the guidance interval can be set smaller than for the predictor-corrector algorithm. Within

the module, a set of separate networks are used to process the vehicle state. Each network

is activated for a different range of time-to-go, as shown in Figure 4.11.

The first NN in the module is the main workhorse for the trajectory steering. This network
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Figure 4.10: Guidance architecture with neural network module.

receives the vehicle’s current relative velocity, geodetic altitude, relative flight path angle

and total weight, and outputs the next pitch command. Selection of the four input variables

came from extensive experimentation into which combination of inputs produced the least

error. This network determines all pitch commands until the predicted time-to-go reaches ten

seconds. While the first network is feasible for use up to the minimum time-to-go, attempts

doing so resulted in final orbits with undesirable accuracy. When time-to-go reaches ten

seconds, this network is only used for approximating the time-to-go, and the second network

is engaged for pitch commands. This network converts the vehicle’s current mean apsides

altitudes into a pitch command. The apsides altitudes were chosen as inputs because they are

the biggest constraints on the final orbit. The network switch time-to-go of ten seconds was

chosen for the behavior of the mean perigee altitude. The vehicle approaches apogee during

flight, so the computed perigee altitude rapidly changes from a few thousand nmi below zero

to the target value of 50 nmi. In the last ten seconds, however, the perigee altitude values

are significantly close to the target value, allowing smoother processing of the NN. The final

network in the module serves to finalize the pitch control and set a MECO velocity for the

remaining trajectory. Like the first network, the closing NN receives the current relative

velocity, geodetic altitude, relative flight path angle and total weight for the vehicle.
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Figure 4.11: Neural network module flow detail.

After each pitch command is output, a feasibility check is made based on a nominal opti-

mization of the trajectory, as shown at the bottom of Figure 4.11. If the command violates

feasibility bounds, the network outputs an approximate nominal pitch value at the current

trajectory time as the pitch command. The feasibility bounds were set to ±10% of a cubic

approximation to the nominal pitch time history. These bounds are implemented to account

for combinations of NN inputs that may be beyond the training domain of the network.

Each network was trained to a specific set of inputs, Pt, and target outputs, Tt, that were

developed from optimization cases. The training set consisted of 100 optimization cases that

had nominal aerodynamics and thrust, a 1976 Standard Atmosphere with no winds, and a

random initial state. The set came from selection of all succesfully optimized cases in a set
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Figure 4.12: Neural network architecture.

of 125 attempts, based on feasibility of the control sequence chosen by the optimizer. For

the first network, the training set consisted of all data points along the trajectories. This

set consisted of approximately 3,000 input-output pairs. At each data point, the state is

used as a training input and the pitch and time-to-go are used as the training targets. The

second network was trained using only data points in the last 10 seconds of the trajectory.

The linear nature of the pitch time histories in the last ten seconds allowed linear interpo-

lation to boost the training set size. The training set for the second network consisted of

approximately 1,000 pairs of apsides altitudes and pitch commands. The closing network

was trained on the last 10 seconds, though the target outputs for this network were the final

pitch and velocity at the end of each trajectory case. This training set also consisted of

approximately 1,000 pairs.

While the inputs and outputs varied by network, the architecture of all three networks was

kept identical, and can be seen in Figure 4.12, with notation adapted from the MATLAB

Neural Network Toolbox User’s Guide10. The basic template for the networks was a cascade-

forward flow, a modification to typical feedforward logic. The cascading effect comes from the

inclusion of terms in each layer’s calculation from all previous layers, while a typical feedfor-
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(a) (b)

Figure 4.13: Tangent-sigmoid (a) and pure linear (b) transfer functions.

ward network has weights only from directly adjacent previous layers. The cascade-forward

architecture provided higher accuracy over basic feedforward implementations. Selection of

the number of hidden layers was critical in network design. The two-hidden-layer design

showed accuracy improvements over a single-hidden-layer design without a major increase

in training time. However, attempts at any more than two hidden layers proved to increase

the training time without a significant improvement in accuracy. The number of neurons

per hidden layer was chosen to be 20 for the same reasons. Below 20, the NN showed larger

errors in calculation, whereas above 20, the network had a higher training cost. The transfer

functions were chosen as tangent-sigmoid for the hidden layers and pure linear for the output

layer. The transfer functions, shown in Figure 4.13, are typical choices for backpropagation

trained networks because they are continuous and differentiable. The functions and their

derivatives are

f1(x) = f2(x) =
2

1 + e−2x
− 1 (4.10)

f ′1(x) = f ′2(x) =
4e−2x

(1 + e−2x)2
(4.11)

f3(x) = x (4.12)
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f ′3(x) = 1 (4.13)

Lastly, the Levenberg-Marquardt Algorithm was selected as the training method. This

method uses an augmented Newton iteration and a modified backpropagation technique to

significantly reduce training time without much loss of accuracy. All network development,

simulation and training was performed using the MATLAB Neural Network Toolbox, and

an explanation of the simulation and training algorithms is presented below.

4.3.2 Neural Network Simulation and Training

Network simulation is the process of passing q number of inputs P through the hidden layers

and output layer to obtain q outputs T . The first layer processes the inputs, producing the

intermediate output

z1 = IW1 · P + b1 (4.14)

where IW1 contains the input weights for the first hidden layer, and b1 is the layer bias. This

output is passed through the tangent-sigmoid transfer function to produce the layer output

a1 = f1(z1) (4.15)

The output from Equation (4.15) becomes the input for the next hidden layer. This layer

processes similarly to the first hidden layer, but a term is added in from the input layer for

a cascading network. The intermediate output is given by

z2 = IW2 · P + LW2,1 · a1 + b2 (4.16)
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where LW2,1 is the layer weight for the second hidden layer corresponding to the output of

the first hidden layer. The output is again passed through the layer transfer function to yield

a2 = f2(z2) (4.17)

The processes is repeated with the addition of another cascading term to the intermediate

output for the output layer to produce

z3 = IW3 · P + LW3,1 · a1 + LW3,2 · a2 + b2 (4.18)

which is passed through the output layer transfer function to give the final neural network

output

a3 = f3(z3) (4.19)

The training objective is to minimize the error between the training set target output and

the neural network output given by

e = Tt − T (4.20)

The basic training concept is backpropagation, which comes in a variety of algorithms. The

backpropagation technique used here is based on the Levenberg-Marquardt algorithm40. The

algorithm is based on a series of epochs, where each epoch consists of processing the entire

training set and updating the weights. Let χ be a vector of length n consisting of all weights

and biases for a given layer in the format χ = [w1, w2, ..., wn, b], concatenating all input

weights and layer weights in the given layer. The critical step in the Levenberg-Marquardt

algorithm is the weight update method

∆χ = −[H + µI]−1g (4.21)
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where H is the Hessian matrix, µ is a performance parameter, I is the identity matrix, and g

is the gradient. When µ is zero, Equation (4.21) becomes Newton’s method. The reasoning

behind µ is to approach Newton’s method as fast as possible by incrementing at each epoch

to improve performance. The Levenberg-Marquardt training algorithm is designed to offer

improved training time without the need to calculate the exact Hessian matrix. The Hessian

matrix is approximated by

H = JTJ (4.22)

and the gradient is calculated as

g = JT e (4.23)

where J is the Jacobian matrix given by

J =



∂e1
∂χ1

∂e1
∂χ2

· · · ∂e1
∂χn

∂e2
∂χ1

∂e2
∂χ2

· · · ∂e2
∂χn

...
...

. . .
...

∂eq

∂χ1

∂eq

∂χ2
· · · ∂eq

∂χn


(4.24)

The Jacobian matrix is computed through an adaptation of standard steepest descent back-

propagation31,59. The first step in the output layer is to determine the sensitivity given

by

δ3 = f ′3(z3) (4.25)

Using this sensitivity, the Jacobian can be populated according to

J =
∂eq
∂χn

≡


∂e
∂w

= [δ3a2; δ3a1; δ3P ]

∂e
∂b

= δ3

(4.26)

Now, the weights for the output layer can be updated using Equation (4.21). For the next
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layer in backwards order, the sensitivy is processed by the weights, yielding

δ∗2 = IW3 · δ3 + LW3,1 · δ3 + LW3,2 · δ3P (4.27)

which is used to find the sensitivity for the layer, given by

δ2 = δ∗2f
′
2([z2]) (4.28)

As before, the Jacobian can be populated as

J =
∂eq
∂χn

≡


∂e
∂w

= [δ2a1; δ2P ]

∂e
∂b

= δ2

(4.29)

The weights for the second hidden layer can be updated using Equation (4.21), and the

backpropagation continues to the first hidden layer with the sensitivity processed by the

weights,

δ∗1 = IW2 · δ2 + LW2,1 · δ2 (4.30)

The layer sensitivity is then calculated as

δ1 = δ∗1f
′
1([z1]) (4.31)

Finally, the first hidden layer Jacobian is constructed to be

J =
∂eq
∂χn

≡


∂e
∂w

= δ1P

∂e
∂b

= δ1

(4.32)

and the weights can be updated with Equation (4.21). The algorithm is exited when a

desired output accuracy is met, the maximum number of epochs is reached, or the algorithm
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determines there is no more appreciable improvement. For the three networks in the NN

module, the number of epochs (500) and the desired accuracy (10−10) were set at values to

force the algorithm to run until it could not improve.

4.3.3 Nominal Neural Network Case

A nominal case was developed using the NN algorithm, starting from the nominal initial

conditions. A 1976 US Standard Atmosphere with no wind was used for the outer loop, as

well as nominal thrust and aerodynamics. A guidance interval of one second was chosen

to reduce the path deviation between pitch commands. The NN method can calculate

much faster than the allotted interval, but this interval allows the end-to-end trajectory to

run faster by having fewer exchanges between MATLAB and the POST2 outer loop. The

algorithm produced a nominal case that follows closely along the optimized nominal case,

as evidenced by the pitch profile in Figure 4.14. The three separate networks in the inner

loop module are clearly defined in the pitch profile. The last ten seconds show the second

network to be lowering the pitch based on current orbit altitudes and the final pitch from the

closing network places the vehicle on the track toward MECO. The geodetic altitude profile

in Figure 4.15 confirms the close correllation between the NN and optimal nominal cases.

This method followed the nominal optimal case tightly because the NN is an approximation

of optimization. The NN nominal case targeted the orbit constraints at 50.012× 99.992 nmi

with a geodetic altitude of 375,850 ft and an inertial flight path angle of 0.352◦. The final

injected weight for the NN algorithm was 50,416 lb, only 19 lb less than the optimized case.
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Figure 4.14: Relative pitch profile for nominal neural network case.

Figure 4.15: Geodetic altitude profile for nominal neural network case.
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Chapter 5

Monte Carlo

In this chapter, an overview of the Monte Carlo simulation is presented with details on

variable variations and random atmospheres. Monte Carlo results are presented for the

POST2/NPSOL optimization, the predictor-corrector (P/C) algorithm and the neural net-

work (NN) modification. Lastly, a brief discussion on the computation time for each method

is presented.

5.1 Monte Carlo Variables

Monte Carlo simulation typically refers to any computational analysis using random sam-

pling. The method used here is the variation of several trajectory simulation inputs to

propagate the uncertainty through the model. The chosen Monte Carlo variables for this

study are multipliers for CD, CL, CM , and vacuum thrust, and variations in initial relative

velocity, initial geodetic altitude, and initial relative flight path angle. The mean values and

standard deviations are shown in Table 5.1 and are used to develop normal distributions

for each variable. Monte Carlo analysis is important in guidance development because
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Table 5.1: Monte Carlo variables with nominal values and standard deviations.

Variable q̄ σ
CD 100% 10%
CL 100% 10%
CM 100% 10%
hgd 135,000 ft 10,000 ft
vr 6000 ft/s 125 ft/s
γr 7.5◦ 1.25◦

Tvac 100% 1.5%

the guidance system must take into account variations in the initial state, thrust properties

and aerodynamics. As a simple survey of the necessity of a guidance method, a set of cases

has been developed for comparison with the nominal case. The initial relative flight path

angle, relative velocity and geodetic altitude were allowed to be one of three values: q̄ + σ,

q̄, or q̄ − σ. All aerodynamic and thrust multipliers were 100%, and a 1976 US Standard

Atmosphere was used. All 27 combinations of the three initial state variables were run with

steering commanded by the optimized nominal angle of attack values given in Table 4.1.

The pitch profiles in Figure 5.1 and the geodetic altitude profiles in Figure 5.2 show the 27

cases with the black line representing the nominal optimization case. While the pitch profile

shows little variation, the geodetic altitude paths are vastly distributed. It is clear that when

the variables are allowed to vary up to 3- and 4-σ variations and aerodynamic, thrust, and

atmospheric variations are also included, the final dispersions may be much larger. There-

fore, it is important to consider such dispersions when designing a guidance algorithm. The

Monte Carlo set for this thesis consisted of 500 cases. The MATLAB “randn” function was

used to develop the normally distributed sets for the variables in Table 5.1. The Monte Carlo

atmospheres and winds were generated by GRAM99 with the initial date as J2000 and the

initial location as the nominal initial longitude and latitude. The actual dispersions used are

displayed in Appendix A.
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Figure 5.1: Pitch profile for trajectory simulations with off-nominal conditions using nominal
angle of attack table.

Figure 5.2: Geodetic altitude profile for trajectory simulations with off-nominal conditions
using nominal angle of attack table.
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5.2 Optimization Results

The 500 Monte Carlo cases were run using POST2/NPSOL optimization. Of the 500 cases,

458 reached acceptable solutions based on visual inspection of the pitch and altitude profiles.

The remaining cases showed non-smooth curves for pitch, corresponding to uncharacteristic

concavities in the altitude profiles. These cases required some adjustment to avoid non-

optimal targeting solutions. Examples of non-optimal pitch and altitude profiles are com-

pared with corrected optimal curves in Figures 5.3(a) and 5.3(b), respectively. While the

two runs both targeted successfully, it is clear that the pitch profile is initially representative

of major steering losses. The injected weight for the non-optimal solution was roughly 600

lb less than the optimal solution.

(a) (b)

Figure 5.3: Relative pitch (a) and geodetic altitude (b) profiles for non-optimal and optimal
targeted solutions.

The process of correcting non-optimal solutions began with adjustment of the angle of attack

table bounds. The bounds were set to approximately ±10◦ of the nominal case. This bound

adjustment helped NPSOL avoid non-optimal solutions and corrected about half of the cases.

Another approach consisted of targeting without optimization first to reach a solution. Then,

the initial control guesses were replaced with the final values from the targeting. Lastly,
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optimization was turned back on to reach an optimal solution. This method worked on the

remaining cases producing the set of 500 optimized cases.

The final collection of pitch and altitude profiles can be seen in Figures 5.4(a) and 5.4(b).

The altitude curves are smooth with very little concavity until the vehicle has exited the

significant atmosphere. The pitch profile shows that most cases tended to decrease in pitch

from start to MECO. The region between 50 and 100 seconds appears to be less smooth than

(a) (b)

(c) (d)

Figure 5.4: Geodetic altitude (a), relative pitch (b), injected weight (c), and propellant
fraction (d) Monte Carlo results.

the remainder of the trajectory. This region is typically where the vehicle reaches the four

closely packed angle of attack table values at velocities of 8.5, 9.0, 9.5, and 10.0 kft/s. The
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injected weight in Figure 5.4(c) shows a mean value within 25 lb of the nominal case with

a range of approximately ±300 lb. Likewise, the propellant fraction distribution is shown

in Figure 5.4(d). The final mean apsides altitudes for the Monte Carlo cases are shown in

Figure 5.5 with a target area reflecting the ranges and tolerances for targeting. All 500 cases

successfully targeted to within the desired target values given in Equation 4.9.

Figure 5.5: Final mean altitude of apsides for optimization Monte Carlo analysis.
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5.3 Predictor-Corrector Results

The same atmosphere profiles and Monte Carlo variable values for state, thrust and aero-

dynamics were used for the corresponding P/C cases (i.e. Optimization case #22 has the

same initial state, multipliers and atmosphere as P/C case #22). All 500 cases reached sta-

ble orbits at sufficient altitude and positive inertial flight path angle. The altitude profiles

(a) (b)

(c) (d)

Figure 5.6: Geodetic altitude (a), relative pitch (b), injected weight (c), and propellant
fraction (d) Predictor-Corrector Monte Carlo results.

in Figure 5.6(a) for the P/C cases show more concavity than the optimized cases because

the initial pitch is higher. The curves also flatten sooner than the optimal cases because
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the pitch typically remains constant for a longer period leading up to MECO. The pitch

profiles in Figure 5.6(b) show that characteristic constant pitch region. Just before MECO,

several cases showed a single pitch-up command coming from the inclusion of the second

pitch control in the final POST2 run. This final pitch command allows the algorithm to

achieve a high accuracy in targeting. The injected weight in Figure 5.6(c) shows a mean

value within 100 lb of the nominal case with a range of approximately ±350 lb. Likewise,

the propellant fraction distribution is shown in Figure 5.6(d), with an average value of 0.838

and a standard deviation of 0.00369. The average weight difference between the P/C and

Figure 5.7: Final mean altitude of apsides for P/C Monte Carlo analysis.

optimized cases is approximately 1,040 lb, which corresponds to a ∆V loss of 232.8 ft/s. The

final mean apsides altitudes for the Monte Carlo cases are shown in Figure 5.7 with a target

area identical to the region for the optimization cases. The target area contains 99.6% of
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the P/C cases, with the only outliers within a double tolerance. While the P/C algorithm

shows desirable accuracy, the performance comes at a cost of decreased injected weight. All

500 cases ran successfully without the need for assistance on any individual case. The P/C

algorithm was robust in handling the given Monte Carlo variables, but no investigation has

been performed to determine the capability to handle conditions far beyond 3-σ deviations.
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5.4 Neural Network Results

For the NN modification Monte Carlo simulation, the same cases were used as in the opti-

mization and P/C. Of the 500 cases, 98.2% reached reasonable orbits, while the remaining

cases diverged until reaching the ±10◦ bounds and following the nominal profile. The alti-

tude profiles in Figure 5.8(a) for the 98.2% NN cases are similar the optimized cases. The

pitch profiles in Figure 5.8(b) are also similar to the optimized cases with the exception of the

last pitch command for each trajectory. The last pitch command is necessary for accuracy

in the targeted orbit.

(a) (b)

(c) (d)

Figure 5.8: Geodetic altitude (a), relative pitch (b), injected weight (c), and propellant
fraction (d) neural network Monte Carlo results for 98.2% of the cases.
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The injected weight in Figure 5.8(c) shows a mean value of 50,380 lb with a range of approx-

imately ±300 lb. Likewise, the propellant fraction distribution is shown in Figure 5.8(d),

with an average value of 0.835 and a standard deviation of 0.00311. The average weight

difference between the NN and optimized cases is approximately 30 lb, which corresponds

to a ∆V loss of 6.6 ft/s. The NN algorithm showed a 1,010 lb (226 ft/s) advantage over

the P/C algorithm. The final mean apsides altitudes for the Monte Carlo cases are shown

in Figure 5.9. The successful cases targeted to within ±0.25 nmi for apogee and ±0.40 nmi

for perigee. The NN algorithm does not provide the accuracy of the P/C method using an

inner targeting loop. However, the NN produced injected weights very close to the optimized

cases, using far less computation time.

Figure 5.9: Final mean altitude of apsides for 98.2% of the cases for neural network Monte
Carlo analysis.
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Figure 5.10: Failed neural network cases.

The cases that violated the boundaries on pitch were constrained to follow the nominal

path. Figure 5.10 shows the failed cases and the divergence toward the upper bound. After

following the nominal path to MECO, the failed cases all reached orbit. The orbits were

considerably more eccentric on the order of 50 × 250 nmi, but wasted a great deal of mass

along the way. Attempts to guide the vehicle back to the near-optimal path were unsuc-

cessful because by the time the divergence was realized, the vehicle was too far from a path

capable of targeting the desired orbit. An attempt was made to retrain the neural networks

to 150%-σ so as to encompass a broader range of cases. The guidance algorithm was able to

make the failed cases reach orbit within ±5 nmi of the apsides altitudes. However, several of

the cases that previously worked failed with the new networks. In addition, the cases that

were successful showed significant reduction in targeting accuracy. The training set selection

and subsequent NN performance shows that the algorithm is successful within most of the

training domain, with a few outliers. The expanded training set showed characteristic in-

crease in generalization within the training domain, though a significant decrease in accuracy

resulted.
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5.5 Computation Time

A goal of this research was to lower the computational cost of performing Monte Carlo

simulations. The first step in comparing run times is to investigate the nominal optimization

case. The variation in run time for this case is shown by the dashed line in Figure 5.11. For

integration steps ≤1, the run time increases significantly. The P/C algorithm is near real-

time with the trajectory. The trajectory time for the nominal optimization is represented

by the solid line (not a function of the integration step). The intersection of the dashed and

solid lines approximates the point at which the current P/C algorithm performs in the same

time as the optimization – at an integration step size of approximately 0.8 sec.

Figure 5.11: Optimization, one-pass, and trajectory times for various integration steps.
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If fully implemented in the POST2 code, the P/C algorithm in the current formulation would

run considerably faster. In an external state, the NN algorithm performs just slower than

the computation time of one trajectory pass in POST2 with the difference coming only from

the MATLAB-POST2 exchange. An implementation of the algorithm into POST2 would

reduce the computation times to one trajectory pass as the network calculations are near-

instantaneous. The run time for one pass of the trajectory is represented by the dotted

line.

Implementation of the P/C algorithm would require considerable time and effort, but holds

opportunities for improvement of the P/C design. Integrating the NN algorithm in to

POST2, however, would not require an extensive process as a NN is basically a set of ma-

trices. For the situation of a batch of 500 Monte Carlo cases, the P/C algorithm shows

minimal computational advantage over the optimization as tailoring the algorithm for the

specific problem can be difficult. A NN batch would require both time to run the Monte

Carlo cases as well as training the networks. Development of 100 training cases is equivalent

to running 100 optimized cases. The computation savings then comes from the ability to

run 500 Monte Carlo cases an order of magnitude faster.

64



Chapter 6

Summary

Two candidate algorithms have been developed and evaluated for near-optimal injection

weight for a rocket-based TSTO launch vehicle upper stage. Detailed descriptions of the

methodologies behind the predictor-corrector (P/C) algorithm and the neural network (NN)

modification were given. The Program to Optimize Simulated Trajectories 2 (POST2) was

used for three degree-of-freedom trajectory analysis. The two algorithms have been compared

to optimal solutions for 500 Monte Carlo cases including uncertainties in atmosphere, thrust,

aerodynamics and initial state.

6.1 Conclusions

The algorithms developed in this thesis are designed for use within conceptual design tools.

While design-oriented, the algorithms maintain the basic concepts of real vehicle guidance

systems in handling uncertainties and generating pitch commands without specific knowledge

of the exact atmosphere, thrust, and aerodynamics of flight. The algorithms drive POST2

externally using MATLAB, though both have potential for implementation into the POST2

65



source code. The P/C algorithm produced promising results for accurate orbit insertion but

showed considerable degradation in injected weight. Computation time for the P/C proved

to be a limiting factor in the algorithm design. The computation time for the external P/C

algorithm was comparable to the trajectory time, which only holds an advantage over target-

ing and optimization for small integration steps. As an alternative to the inner loop targeting,

a NN module was designed as an approximator to optimal cases in an attempt to decrease

computation time. The NN produced pitch commands that closely followed counterpart

optimization cases. Minimal ∆V-losses and rapid near-optimal simulations were highlights

of the NN algorithm. Implementation of the algorithms into the POST2 code would further

improve performance and allow for more complex inner loop designs. In conclusion, this

study has developed two candidate methods for producing near-optimal trajectory guidance

with potential computational savings over traditional targeting and optimization.

6.2 Future Work

The natural extension of the development of these algorithms would be implementation in

the POST2 source code. The P/C algorithm would require special care when converting as

the inner loop requires integration of the equations of motion. The benefit to such imple-

mentation is that the computation times would likely be reduced to allow for new inner loop

control configurations. A general neural network guidance algorithm would not require as

much effort because the NN computation is simple. However, full implementation of training

algorithms would be very time intensive. Another extension of the work would involve the

application of the algorithms to additional vehicle and trajectory formulations. While the

algorithms are tailored toward the specific problem, the basic concepts are applicable to a

broad range of problems.
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Appendix A

Monte Carlo Dispersion Set

This appendix contains the actual distributions for the 500 Monte Carlo cases. The variable

sets are developed using the mean and standard deviation values in Table 5.1 and the “randn”

function in MATLAB. The atmospheric and wind dispersions are generated by GRAM99

with the initial date as J2000 and the initial location as the nominal initial longitude and

latitude in Figure 3.8.
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Figure A.1: Drag coefficient multiplier dispersion for 500 Monte Carlo cases.

Figure A.2: Lift coefficient multiplier dispersion for 500 Monte Carlo cases.

68



Figure A.3: Moment coefficient multiplier dispersion for 500 Monte Carlo cases.

Figure A.4: Thrust multiplier dispersion for 500 Monte Carlo cases.
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Figure A.5: Initial relative flight path angle dispersion for 500 Monte Carlo cases.

Figure A.6: Initial relative velocity dispersion for 500 Monte Carlo cases.
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Figure A.7: Initial geodetic altitude dispersion for 500 Monte Carlo cases.

Figure A.8: GRAM99 atmospheric density dispersion for 500 Monte Carlo cases.
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Figure A.9: GRAM99 atmospheric pressure dispersion for 500 Monte Carlo cases.

Figure A.10: GRAM99 atmospheric temperature dispersion for 500 Monte Carlo cases.
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Figure A.11: GRAM99 speed of sound dispersion for 500 Monte Carlo cases.

Figure A.12: GRAM99 north-south windspeed dispersion for 500 Monte Carlo cases.
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Figure A.13: GRAM99 east-west windspeed dispersion for 500 Monte Carlo cases.

Figure A.14: GRAM99 down-up windspeed dispersion for 500 Monte Carlo cases.
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