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Abstract

This research evaluated a process to improve aircraft stability derivative estimation results.
The Have Derivatives process used overla}p ensemble averaging in the frequency domain to
minimize noise on the original time domain signals. The process estimated average complex
frequency response functions that were then transformed back into the time domain as a set of
discrete pulse responses with far less noise than the original signals. These ‘clean’ signals were
used in a parameter estimation program to estimate better stability derivatives than were
estimated with the original noisy signals. |

Both simulation and flight test data were used to study the effects of various noise levels on
stability derivative estimation results and to evaluate the Have Derivatives process to improve
those results. The simulations demonstrated dramatic improvement using the Have Derivatives
process. The flight test results were not as conclusive.

The ensemble averaging step of the Have Derivatives process was not effective enough at
reducing noise on the flight test data due to non-uniform frequency content of the flight test input.
The overall recommendation was to further evaluate the Have Derivatives process using a

broadband flight test input, similar to the input that worked well in simulation.
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AN EVALUATION OF FREQUENCY DOMAIN ENSEMBLE AVERAGING

TO IMPROVE AIRCRAFT STABILITY DERIVATIVE ESTIMATION

1. Introduction

1.1 Overview

Process noise and measurement noise are always present to varying degrees on aircraft input
and response signals measured by onboard sensors and recorded by a data acquisition system.
The noise makes it difficult for parameter estimation routines to correlate aircraft responses with
the input(s) that forced those responses. This can reduce the accuracy and precision of the
aircraft stability derivatives estimated by those routines.

The body .of this introductory chapter opens with a discussion of the general parameter
estimation process. This discussion is followed by a presentation of three methods that have
been developed to accomplish aircraft parameter estimation as a subset of the general process.
The primary difference between these methods is how they account for process and measurement
noise. Of the three discussed, the output-error method is the most widely used and accepted.

Next the motivation for this research effort is presented, an opportunity to improve stability
derivative estimation results using the Have Derivatives process with the output-error method.

Finally, the objectives of this research effort and the approach taken to satisfy those

objectives are outlined.
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1.2 General Parameter Estimation Process

Parameter identification is a subset of a larger field of study known as system identification.
System identification techniques have been used widely in attempts to answer the inverse
question, ‘Given the answer, what is the question?’ (Hamel and Jategaonkar, 1996:9). Through
time, humanity has attempted to understand and master the environment through observing and
characterizing the systemé that compose that environment. The system identification problem
views physical systems as ‘black boxes’ with no specified form. This nonparametric approach
has many useful applications but its shortcoming is that it provides the investigator no
information about the internal system structure (Maine and Iliff, 1985:3). Spectral analysis is
one nonparametric system identification method that was used in this research to estimate system
frequency responses (Ljung, 1995:1-3). This application will be explored more in Chapter 2,
Theoretical Development.

Rather than viewing physical systems as black boxes, the parameter identification approach
assumes a general form of the physical system based on knowledge of the system (Maine and
11iff, 1985:4 to 5). In the realm of aircraft parameter identification this form becomes the aircraft
equations of motion. The equations of motion describe the bare airframe response to control
surface deflections, changes in thrust and atmospheric disturbances. The equations are
composed of scalar terms, based on the aircraft physical properties and flight condition, and
stability derivatives, variables that rﬁodel the aircraft aecrodynamics. The derivatives describe the
change in aerodynamic forces and moments with changes in aircraft attitude, angular rates, or
control surface deflections. Given the scalar values, current aircraft states, and control surface
deflections, parameter identification algorithms attempt to determine the stability derivative

values.
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However, because of modeling errors, measurement errors, and noise, the algorithms can
only estimate the stability derivative values, not identify them exactly. For that reason, the
algorithms are more appropriately referred to as parameter estimation methods (Iliff, 1987:2).

A general parameter estimation process is presented in Figure 1.1.

Process Noise Measurement Noise

Control + ++
Input + Measured Responses

T ' Aircraft
+ +

Measurement +

Noise i
Aircraft Computed Responses - 4
Equations of

—> Motion

Iterate

Minimization
Algorithm < Cost Function <€

Errors

Maximum Likelihood Estimates of Aircraft Parameters
(Best Stability Derivative Estimates)

Figure 1.1. General Aircraft Parameter Estimation Process (Iliff, 1987:18)

The estimation process shown in Figure 1.1 is straightforward. Responses are computed
from the equations of motion using the same control input made to the aircraft. These computed
responses are compared with the measured aircraft responses. The difference between the
measured and computed responses is quantified by the cost function. If the cost function does

not satisfy convergence criteria, the process continues with the minimization algorithm. The
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minimization algorithm searches for parameter values that minimize the cost function and
updates the equations of motion with the new parameter values. New responses are computed
from the updated equations of motion and the original control input. The process iterates,
updating the parameters each time, until the cost function convergence criteria is met (Iliff,
1987:6). The parameter values upon convergence are the maximum likelihood, or best,

estimates of the aircraft parameters, including the stability derivatives (Iliff, 1987:2).

1.3 Parameter Estimation Methods

The most widely used parameter estimation methods can be classified into three broad
approaches which are variations of the general process shown in Figure 1.1. The choice of
which method to use depends upon model formulation and assumptions made regarding the
measurement and process noise (Hamel and Jategaonkar, 1996:13). The three methods are
known as filter-error, equation-error and output-error.

The filter-error method is the most general approach and takes the form shown in Figure 1.1.
The filter-error method accounts for both process and measurement noise but is not widely used
due to the computational complexity of implementing the method. To simplify computations
when using the filter-error method, non-linear systems with both process and measurement noise
are typically linearized. This approach makes the computations tractable but gives less accurate
results for non-linear systems (Maine and Iliff, 1985:95).

One subset of the filter-error method is the equation-error approach which accounts for
process noise but ignores measurement noise. The equation-error method uses linear regression
to estimate stability derivatives. The linear regression based equation-error approach greatly

simplifies the problem but its weakness is that relatively small amounts of measurement noise
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can cause significant bias errors in the estimates (Maine and Iliff, 1985:105; Hamel and
Jategaonkar, 1996:13).

The other subset of the filter-error method is the output-error method. In contrast to the
equation-error method, the output-error method accounts for measurement noise on the aircraft
response signals but does not account for process noise on the responses or measurement noise
on the control input signal. The output-error method greatly simplifies computations while being
applicable to both linear and nonlinear systems (Klein, 1989:53). The nonlinear capability was
an improvement over earlier maximum likelihood implementations (Murray and Maine, 1987:1).

The output-error method has been the most widely accepted and used of the three methods
since its introduction in the 1970’s. The output-error method is also the algorithm coded in the
parameter estimation software currently used throughout the National Aeronautics and Space
Administration (NASA) Dryden Flight Research Center and the Air Force Flight Test Center

(AFFTC) (Flying Qualities Branch, 1992:24-8).

1.4 Research Motivation

The output-error method will be discussed in more detail in Chapter 2 but its major
shortcoming has already been addressed. The output-error method does not account for process
noise (Maine and Iliff, 1985:88; Maine and Iliff, 1986:2). Process noise is the random excitation
of the system from unmeasured sources. The standard example of process noise for aircraft
parameter estimation applications is atmospheric disturbances, or turbulence (Iliff, 1987:4).
Turbulence affects the aircraft responses directly and randomly. Because the output-error
method does not account for process noise, the algorithm is unable to correlate the random
variations of the aircraft responses, due to turbulence, with the control surface deflections, which

are not affected the same by the turbulence. Consequently, reliable stability derivatives cannot
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be estimated from data gathered in turbulence. Even light turbulence has been shown to have a
noticeably - deleterious effect on derivative estimate accuracy and uncertainty level (Flying
Qualities Branch, 1992:24-30 to 24-31). The current way of dealing with this deficiency in the
output-error method is to accomplish parameter estimation flights in calm air.

This shortcoming of the output-error method was the motivation for this research. Previous
research showed the effectiveness of ensemble averaging in the frequency domain to reduce
random signal variance (Welch, 1967; Porat, 1994:112 to 114; Kay, 1988:63 to 94). The goal
of this research was to evaluate the effectiveness of ensemble averaging to reduce signal
variance caused by both measurement and process noise. It was expected that reducing signal
variance would improve stability derivative estimation accuracy and precision using the
output-error parameter estimation method.

The output-error algorithm is coded in the parameter estimation software, Personal
Computer Parameter Identification (PCPID), currently used by the USAF Test Pilot School
(TPS) (Quartic Engineering Inc., 1997:1). Consequently, a new method to improve output-error
results would provide a tangible benefit to the Test Pilot School by upgrading existing parameter
estimation capabilities. This secondary research goal provided additional motivation.

The challenée was that ensemble averaging is accomplished in the frequency domain while
PCPID required aircraft input and response data in the time domain to perform parameter
estimation using the output-error algorithm. The Have Derivatives process was developed to
transform time domain data into the frequency domain, where ensemble averaging could be
accomplished, followed by transformation back into the time domain for PCPID parameter

estimation. The details of the process will be covered in Chapter 2.
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1.5 Research Outline

1.5.1 Research Objectives. An overall research objective and several specific objectives

were defined to reach the goals expressed in the previous subsection. The overall objective was

to perform a limited evaluation of the Have Derivatives process to reduce aircraft stability

derivative estimation errors caused by process and measurement noise.

The overall objective was further defined by the following specific research objectives:

1.

Establish a simulation baseline set of estimation results from simulated data with no
process or measurement noise, using a doublet input and PCPID alone.

Demonstrate the degrading effects of process and measurement noise in simulation using
a doublet input and PCPID alone.

Compare stability derivative estimation results from simulated data with no process or
measurement noise, using different input functions, to the simulation baseline results.
Determine the optimal combination of section overlap, section length, and maneuver
length, from simulated data with various noise levels, ﬁsing the Have Derivatives
process with PCPID.

Establish a flight test basis data set of stability derivative estimation results from calm
air flight test data using a doublet input and PCPID alone.

Compare stability derivative estimation results from calm air flight test data, using the
Have Derivatives process with PCPID, to the flight test basis data set results.

Compare stability derivative estimation results from turbulent air flight test data, using
PCPID alone, and using the Have Derivatives process with PCPID, to the flight test basis

data set results and to each other.
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1.5.2 Research Approach. The following approach was developed to satisfy each of the

research objectives:

1.

10.

11.

12.

13.

Develop a basic aircraft model for computer simulation from the longitudinal short
period approximation equations of motion.

Augment the basic aircraft model with the capability to simulate variable levels of '
process noise, in the form of turbulence, using the Dryden vertical disturbance form.
Develop a measurement noise model and include the capability to add variable levels of
measurement noise to the simulation input and response signals.

Accomplish a baseline simulation with no noise, using a doublet input.

Accomplish simulations with increasing levels of turbulence and measurement noise,
using a doublet input.

Accomplish simulations with no noise, using different input functions.

Accomplish simulations with various noise levels, using the Have Derivatives process,
with different combinations of section overlap, section length, and maneuver length.
Process simulation data with PCPID to produce stability derivative estimation results.
Compare results from subsequent simulation runs to the simulation baseline results.
Process calm air flight test data using PCPID alone and create a basis data set of results.
Process calm air flight test data using the Have Derivatives process with PCPID and
compare the results to the flight test basis data set.

Process turbulent air flight test data using PCPID alone and compare the results to the
flight test basis data set.

Process turbulent air flight test data using the Have Derivatives process with PCPID and
compare the results both to the flight test basis data set and to the turbulent air results

found using PCPID alone.
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1.6 Summary

This chapter first introduced ti)e general parameter estimation process and discussed three
methods which are variations of that general form.

The motivation for this research was presented next as an opportunity to improve stability
derivative estimation results using the Have Derivatives process with PCPID, a parameter
estimation software package that uses the output-error parameter estimation method.

Finally, a research outline was given, including objectives and an approach to meet those

objectives.

1.7 Preview

Chapter 2 covers the theoretical background necessary to understanding the information
presented in subsequent chapters.

The program used to evaluate the Have Derivatives process in simulation is developed in
Chapter 3, Simulation Development.

Simulation results from the program developed in Chapter 3 are discussed and analyzed in
the fourth chapter. These results include both simulation products and the stability derivative
estimation results from PCPID alone and from the Have Derivatives process with PCPID.

Chapter 5, Flight Test Development, outlines a flight test program to evaluate the Have
Derivatives process using flight test data.

Stability derivative estimation results, from the flight test program outlined in Chapter 5, are
presented and analyzed in Chapter 6.

The final chapter summarizes conclusions from the first six chapters and offers

recommendations for continued research.
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2. Theoretical Development

2.1 Overview

This chapter introduces the theoretical background necessary to understanding the
information presented in subsequent chapters. A build-up approach is taken by starting with the
component parts and developing to the complete processes that were used in this research.

The output-error parameter estimation method, introduced in Chapter 1, will be examined in
greater detail in the first main subsection. The main comp(')nents of the output-error method are
the aircraft equations of motion, the cost function, and the minimization algorithm. Each of
these components are described as implemented by the parameter estimation program at the
heart of the Personal Computer Parameter Identification (PCPID) software used during this
research. '

The next subsection presents an overview of PCPID and its five subroutines designed to aid
the user in accomplishing parameter estimation.

The theory behind ensemble averaging is explained in subsection 2.4 to lay groundwork for
the subsequent Have Derivatives process development in which the ensemble averaging step
plays a central role.

The final main subsection presents the complete Have Derivatives process. The process
transforms input and response time histories into the frequency domain to estimate average
complex frequency response functions using an ensemble averaging technique. The process then
transforms the average frequency responses back into the time domain as discrete pulse
responses. The final step of the process is to create a simulated ideal impulse input function to

be saved with the discrete pulse responses for PCPID processing.
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2.2 The Output-Error Parameter Estimation Method

The output-error form of the general parameter estimation process is presented in Figure 2.1.

Measurement Noise

Control + +
Input + Measured Responses
y Aircraft
* +
» Aircraft Computed Responses - *
Equations of
—> Motion
Iterate
Minimi.zation Errors
Algorithm @——]  Cost Function  ——e

Y

Maximum Likelihood Estimates of Aircraft Parameters
(Best Stability Derivative Estimates)

Figure 2.1. Output-Error Parameter Estimation Method

The only differences in Figure 2.1 from the general parameter estimation process, presented
in Figure 1.1 of Chapter 1, are the absence of a process noise input to the aircraft block, and the
absence of additive measurement noise on the control input signal path leading to the equations
of motion block. These changes reflect the fact that the output-error method accounts only for
the measurement noise added to the aircraft response signals.

Blocks in Figure 2.1 illustrate the main components of the output-error method; the aircraft

equations of motion, the cost function, and the minimization algorithm. The minimization
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algorithm can be further subdivided into the minimization method, gradient computation method
and convergence bound. These are user selected options that define the iterative execution of the
output-error method.

The operaﬁon of the output-error method is straightforward. The program computes aircraft
responses from the aircraft equations of motion using the aircraft control input. The computed
responses are compared to the actual aircraft responses using a quadratic cost function. If the
percentage of cost function change is too large, the program changes the vector of unknown
parameters in the equations of motion according to a minimization algorithm. The process
repeats in an iterative fashion until the agreement between the computed and measured responses
satisfies convergence criteria.

Following are descriptions of the main output-error components as implemented by the

parameter estimation program in the PCPID software used during this research.

2.2.1 Equations of Motion. The most general aircraft model solved by the program are a
vector set of time-varying, finite-dimensional, ordinary differential equations of motion. The
equations are composed of a continuous-time state equation and a discrete-time response
equation (Murray and Maine, 1987:3). Although the program has the capability to model an
aircraft with the full six-degree-of-freedom nonlinear equations of motion, a subset is usually
selected by the user (Murray and Maine, 1987:18). A longitudinal two-degree-of-freedom subset
of state equations was selected for the iterative process in the current study.

Either an Euler or a fourth-order Runge-Kutta algorithm may be selected by the user to
integrate the equations of mqtion. The Euler algorithm is faster but the Runge-Kutta algorithm is
more accurate and has a larger region of stability (Murray and Maine, 1987:17). .The

Runge-Kutta algorithm was chosen for this research.
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2.2.2 Cost Function. The cost function computes a scalar that quantifies the level of
agreement between the computed responses and the aircraft’s measured responses (Murray and
Maine, 1987:2).

The cost function is given in Equation (2.1) as:

n:
1) = 5o Blatt) - 2l Wiatt) - 2 @1

where

& = vector of unknown parameters

n, = number of response variables

n, = number of time history points

t = time (sec)

z = measured aircraft response

Z = response computed by integrating the equations of motion

T = denotes transpose

W = response weighting matrix

2.2.3 Minimization Algorithm. The parameters are varied to minimize the cost function
during each iteration of a parameter estimation run according to user selected options. The
minimization method, gradient computation method, and gradient computation step size dictate
how the parameters are varied in the equations of motion. There are six minimization méthods
available in PCPID’s parameter estimation program. Levenberg-Marquart is the most robust of
the six and was selected for this research. A single-sided gradient computation method with a
step size of 0.00001 are program defaults and were used for all PCPID runs (Quartic Engineering

Incorporated, 1997:C-4 to C-5).
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The convergence bound defines when the iterative process can terminate. If the percentage
change in the cost function value drops below the user specified bound, convergence is declared,
and the iterative process terminates (Murray and Maine, 1987:16). The default value of 0.01

percent was used in this research.

2.3 Personal Computer Parameter Identification (PCPID)

The PCPID software is composed of five programs that aid the user in accomplishing
parameter estimation post-flight. The heart of the software is its parameter estimation program
which implements the output-error parameter estimation method as previously described. The
four other programs in the software package are designed to prepare data for input to the
parameter estimation program and to produce output using the results from the parameter
estimation run. Each of the five programs are now briefly described (Quartic Engineering
Incorporated, 1997:1 to 4).

1. The PCPID Control Shell provides a centralized program for control of the parameter

estimation process.

2. Estimation runs are initialized using the Program Status File Manager. Here
parameter values are initialized, constant data is entered and user options are selected.

3. The Time History Editor displays aircraft input and response time histories for input
into the parameter estimation program. Within the Time History Editor, the user is able
to select which section of the time histories are to be used for parameter estimation.

4. The Parameter Estimation program at the heart of PCPID implements the output-error
method to accomplish parameter estimation using input from the Program Status File

Manager and Time History Editor.
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5. Results from the Parameter Estimation program are displayed by the Output Generator.
Stability derivative estimates are presented in text and plots for analysis. Measured and
computed time histories are displayed on the same axes to evaluate the final matches.

The Output Generator can save or print the results.

2.4 Ensemble Averaging

While high frequency measurement noise can usually be minimized with low-pass filters,
process noise is typically a low frequency phenomenon that cannot be easily separated from the
system responses which are usually in the same low frequency range. This property of process
noise prevents the use of simple filters to minimize it.

One property that is common to both process and measurement noise, however, is they are
random phenomena that manifest themselves as random variations on the measured signals.
Referring to Figure 1.1 of Chapter 1, notice that process noise affects only the measured aircraft
responses through an extraneous input to the aircraft. Because the control input contains none of
the process noise variations, there is no correlation between the process noise caused variations
on the aircraft response signals and the control input. Also note that the measurement noise
caused random variations on the input and response signals are different for each signal and are
assumed to be uncorrelated. In fact, the output-error method, presented in Figure 2.1, shows the
measurement noise adding only to the response signals because the method assumes that the
input is known exactly (Maine and Iliff, 1985:88). Because measurement noise variations are
always present on the input signal, even with the best instrumentation system, this assumption is

another source of stability derivative estimation errors. These observations are motivation for a
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technique known as ensemble averaging which seeks to minimize the random variations caused
by process and measurement noise while preserving the true system dynamics.

The basic mechanics of ensemble averaging are straightforward. Given the input and
response time histories of a system, a set, or ensemble, of equal length time history sections is
created by dividing the full time histories into equal parts, typically using a rectangular window
(Flying Qualities Branch, 1992:25-59). Next, the estimated auto-spectral density is calculated
for each input section by squaring the magnitude of the Fourier transform of the section and
scaling the result (Porat, 1994:106). The estimated cross-spectral density between each input
and response section pair is computed by scaling the product of the Fourier transformed input
section and the complex conjugate of the Fourier transformed output section (Krauss and others,
1994:2-67). The scale factor in both cases is equal to the inverse of the section length and is
included to ensure that the estimated spectral densities, or periodograms, are asymptotically
unbiased estimates of the true spectral densities (Porat, 1994:106 to 107; Kay, 1988:65 to 66).
The respective spectral densities are summed at each frequency and divided by the number of
sections in the ensemble. The result is ensemble averaged auto-spectral density and
cross-spectral density function estimates (Flying Qualities Branch, 1992:25-57).

There are several variations of the basic ensemble averaging technique. Welch’s method of
modified periodogram averaging was determined to be the most effective and easily
implemented (Porat, 1994:112 to 114). Welch’s method incorporates several features that
address problems with the basic ensemble averaging technique. One of the problems, created by
sectioning a time history with a rectangular window, is the resulting discontinuities at the edges
of each section. These discontinuities translate into spectral leakage in the frequency domain
(Rameriz, 1985:102 to 109). One way to reduce the edge discontinuities and, consequently, the

amount of leakage, is to use a non-rectangular window that tapers smoothly to zero at the edges
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(Rameriz, 1985:138-145). The modified periodogram is created by applying a non-rectangular
window to the time history sections before computing the periodograms as before (Welch,
1967:70 to 71). The modified periodogram is scaled by the norm of the data window to ensure
that the estimate is asymptotically unbiased (Krauss and others, 1994:1-64).

The other main feature of Welch’s method is the use of overlapping sections from the
original long input and response time histories. This produces more sections to be averaged,
resulting in less variance on the average spectral densities (Welch, 1967:71 to 72). A common
choice for the amount of overlap is 50 percent of the section length (Porat, 1994:112). There is a
practical limit to the amount of overlap that can be used. The ensemble averaging technique
assumes that each of the sections in the ensemble is independent. As the amount of overlap
increases so does the dependence between sections, violating the assumption. The adopted
practice at the Air Force Flight Test Center has been to restrict the amount of overlap to no more

than 66 percent (Flying Qualities Branch, 1992:25-60).

2.5 The Have Derivatives Process

As mentioned in Chapter 1, the motivation for this research was the inability of the
output-error method to address process noise. The challenge was to develop an approach to
minimize process noise before importing the signals into PCPID. The approach, if successful,
could augment PCPID to improve parameter estimation results. The approach developed in this
research became known as the Have Derivatives process.

The Have Derivatives process can be broken into three interrelated steps. First, input and
response time histories are measured and ensemble averaged using the Welch method described

earlier. The average complex frequency response function for each input and response
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combination is estimated from the average spectral density estimates. The second step of the
process is to create full average complex frequency response function estimates by folding and‘
flipping the real and imaginary components of the functions about the Nyquist frequency. The
final Have Derivatives process step is to inverse fast Fourier transform (IFFT) the full average
complex frequency response function estimates back into the time domain as discrete pulse
responses. The Have Derivatives process then creates a simulated ideal impulse input time
history that correlates with the discrete pulse responses. The discrete pulse responses and
simulated ideal impulse input are saved together for PCPID processing. Each of the three Have

Derivatives process steps are now described in detail.

2.5.1 Average Frequency Response Estimation. The first step of the Have Derivatives
process is to estimate the average complex frequency response function for each aircraft
response to input. Using ensemble averaging, the average complex frequency response functions -

can be estimated by Equation (2.2) (Krauss and others, 1994:1-72).

A Pyy (@)
H(o) = ﬁxx @) 2.2)
where
H(w) = average complex frequency response function estimate
ﬁxy (w) = average cross-spectral density estimate between the input and response
13xx (») = average auto-spectral density estimate of the input
® = angular frequency (rad/ sec)

The routine, TFE.M, in MATLAB’s® Signal Processing Toolbox® employs Welch’s method

to compute the average complex frequency response estimate (Krauss and others, 1994:1-72).
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The routine assumes that the system is linear and time invariant. Given the measured input and
response signals, the routine uses a four-step algorithm (Krauss and others, 1994:2-218 to
2-221).

1. It detrends sections and then multiplies them by the specified window function.

2. It fast Fourier transforms (FFT) each detrended and windowed section.

3. It estimates the average auto-spectral density of the input and the average cross-spectral

densities of each input and response combination, as described earlier.

4. Tt estimates the average complex frequency response function for each input and

response pair as shown in Equation (2.2).

The user dictates the specific operation of TFE through several optional settings. First, the
user can select from several detrending options. Mean detrending removes the mean from
prewindowed sections and was selected during this research to improve the amplitude resolution
of the transformed waveforms (Rameriz, 1985:126 to 127).

Several basic and generalized cosine window functions are available to choose from. The
user can select both the window type and length. The Hanning window has been used for many
years at the Air Force Flight Test Center and provided a good balance between main lobe width
and side lobe height (Flying Qualities Branch, 1992:25-62; Rameriz, 1985:139 to 143). A
Hanning window with the same length as the FFT was selected for this research.

The user determines section length by specifying the length of the fast Fourier transform.
Fastest execution is achieved with a power of 2 FFT length.

The user can also select the number of samples that each section overlaps. The number of

sections that will be averaged is then determined by Equation (2.3).

Total Signal Length — Overlap Length
Section Length — Overlap Length

Number of Sections = 2.3)
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2.5.2 Mirroring. Fourier transform properties dictate that to achieve a real function in the
time domain the complex frequency response function must be composed of an even real part
and an odd imaginary part (Brigham, 1988:47). Because the average complex frequency
response function estimates calculated in the first step do not satisfy these properties, they must
be modified before they are inverse transformed back into the time domain.

To make the real part of the average complex frequency response function estimates even,
the functions are sampled up to the Nyquist frequency and the values are folded about the
Nyquist frequency.

To make the imaginary part of the average complex frequency response function estimates
odd, the imaginary parts are both folded and flipped about the Nyquist frequency.

By folding about the Nyquist frequency the mirroring step produces average complex
frequency response function estimates the same length as.the original time history sections. The
functions are now ready for the final Have Derivatives process step, inverse transforming back

into the time domain.

2.5.3 Inverse Transformation. It has been shown that the impulse response function of a
linear system is related to the frequency response function of the system by the Fourier integral
(Newland, 1993:60 to 62). A discrete approximation of this relationship is achieved by inverse
fast Fourier transforming the frequency response function to produce a discrete pulse response
function.

The last Have Derivatives step begins by inverse fast Fourier transforming the full average
complex frequency response function estimates back into the time domain to give the aircraft’s

responses to a discrete pulse input. The discrete pulse responses are multiplied by the sampling
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rate in samples per second to give a correct approximation to the continuous inverse Fourier
transform results (Brigham, 1988:197).

A set of aircraft responses and the corresponding input are required to estimate stability
derivatives using PCPID. Because the inverse transform produces only the responses, an
appropriate input is simulated as part of the Have Derivatives process to be saved with the
responses fot PCPID processing. A simulated ideal impulse, one time step wide and one over
one time step in amplitude was found to be an appropriate input. The justification for choosing
this input will be discussed in Chapter 4, Simulation Results, and Chapter 6, Flight Test Results.

The Have Derivatives process was incorporated into a simulation program that will be
presented in Chapter 3, Simulation Development. The process was also incorporated as part of

the flight test data reduction routine discussed in Chapter 5, Flight Test Development.

2.6 Summary

The theoretical background necessary to understanding information presented in subsequent
chapters was presented in this chapter using a build-up approach.

In particular, the output-error parameter estimation method was examined in the first main
subsection through a description of the main components of the method as they are implemented
in PCPID.

The five subroutines that comprise PCPID were presented in the next subsection.

Ensemble averaging was developed in subsection 2.4 as a technique to minimize the random
variations caused by process and measurement noise while preserving the true system dynamics.
The motivation for using this technique was the inability of the output-error parameter

estimation method to account for process noise or measurement noise on the input signal.
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The final main subsection presented the complete Have Derivatives process. The process
can be broken into three interrelated steps.

Input and response time histories are measured and ensemble averaged using Welch’s
method. The average complex frequency response function for each input and response
combination is estimated from the average spectral density estimates.

Full average complex frequency response function estimates are created by folding the real
components and by folding and flipping the imaginary components of the functions aboui the
Nyquist frequency.

The full average complex frequency response function estimates are inverse fast Fourier
transformed back into the time domain as discrete pulse responses. A simulated ideal impulse
input time history is created to correlate with the discrete pulse responses. The discrete pulse
responses and simulated ideal impulse input are saved together for PCPID processing.

The Have Derivatives process was incorporated into both a simulation program and a flight
test data reduction program. The simulation program will be described completely in the next
chapter, Simulation Development. The description and implementation of the flight test data

reduction program are presented in Chapter 5, Flight Test Development.
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3. Simulation Development

3.1 Overview

The program used to evaluate the Have Derivatives process in simulation is developed in this
chapter. A build-;xp approach is followed as before, starting with definitions of the sign and
units convention, continuing with development of the state space model used in the simulation
program, and concluding with a description of the complete program.

The sign and units convention used in simulation and flight test during this research are
graphically presented in the first subsection.

The basic model is developed next from aircraft short period approximation equations of
motion. The equations are presented along with assumptions made in their derivation.

The modeling of process noise as turbulence, using the Dryden form of the spectra for
vertical disturbance, is discussed in the chapter’s second main subsection. Variable process
noise is added to the model through the aerodynamic terms of the basic equations of motion.

Next, variable measurement noise is modeled by passing pseudo-white noise through a
high-pass Butterworth filter and then scaling the noise appropriately for each input and response
signal. Measurement noise is added to the input and response signals before saving them for
parameter estimation processing.

In the final main subsection the process and measurement noise models are incorporated into
the basic aircraft state space model. The complete state space model is presented along with a
description of its integration into the simulation program HD_SIM.M. Finally, the various

operations performed by HD_SIM.M are described.
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3.2 Sign and Units Convention

The sign convention used throughout this research is shown in Figure 3.1. Forces, moments
and angular rates were all referenced to the aircraft body axes, which have their origin at the
aircraft center of gravity. This is the convention followed by the USAF Test Pilot School (TPS)

and the Personal Computer Parameter Identification (PCPID) software used in this research.

Relative Wind

J

z,
Figure 3.1. Simulation and Flight Test Sign Convention

To be consistent with USAF TPS data processing convention and parameter estimation

software, English units were used throughout simulation and flight test.
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3.3 Basic Model Development

Due to limited flight test time and resources, derivatives from only one axis of motion were

evaluated to satisfy the research objectives stated in Chapter 1. It did not matter which axis was

chosen as long as the same axis and its associated derivatives were studied throughout. This was

because the evaluations were based on relative comparisons of results from subsequent

simulation and flight test runs to their respective basis results. The longitudinal axis was chosen

because it was the simplest to model and analyze.

The basic state space model was developed from the two degree of freedom longitudinal

equations of motion given as Equations (3.1a) and (3.1b).

a =q —%(CNaa + Cnse O€) — g‘(;toa
q = f‘———s—c(cma @ + =——Cmg 4 + Cmse 5€)
Iyy 2V, 1
where

o = angle of attack

o, = angle of attack at timet=10

q = pitch rate

a = derivative of angle of attack with respect to time

q = derivative of pitch rate with respect to time

-(i = dynamic pressure

V, = true velocity

g = acceleration due to gravity (32.174)
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m = aircraft mass (slugs)

I, = aircraft moment of inertia about the Y, axis (slugs / ft?)
S = wing area (ft)

c = aircraft reference chord (ft)

de = elevator or horizontal stabilator deflection (deg)

Cao = coefficient of normal force due to angle of attack (per deg)
Cee = coefficient of normal force due to elevator control (per deg)
Coo = coefficient of pitching moment due to angle of attack  (per deg)
Coo = coefficient of pitching moment due to pitch rate (per rad)
Cos. = coefficient of pitching moment due to elevator control (per deg)

Equations (3.1a) and (3.1b), commonly referred to as the short period approximation
equations of motion, were developed following the treatment found in the USAF TPS Flying
Qualities Phase Text with two notable exceptions (Flying Qualities Branch, 1992:1 to 136).
First, angle of attack was used as an approximation for pitch angle in the gravity term of
Equation (3.1a). The pitch angle equation was omitted in the development of the short period
approximation equations because it added little information while making the simulations more
complicated (Maine and Iliff, 1986:28). Although the pitch angle does change during
longitudinal maneuvers, the effect of the motion on the short period dynamics is small.
Therefore, the gravity term in Equation (3.1a) is well approximated by setting pitch angle equal
to angle of attack (Maine and Iliff, 1986:23).

The only other difference from the derivation in the text was the combining of C, 4 with C.
This is common practice in flight test because the resulfs from estimating the derivatives

separately have been poor while the results from estimating a combined pitch damping derivative
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have been much better (Nagy, 1976:17, Maine and Iliff, 1986:4 to 5; Flying Qualities Branch,

1992:145).

Several assumptions were made in the derivation of Equations (3.1a) and (3.1b) that are

worth repeating (Flying Qualities Branch, 1992:1 to 136).

1.

2.

The aircraft has constant mass during the maneuver.

Propulsion and rotating mass effects are negligible during the maneuver.

The aircraft is a rigid body.

A flat-earth inertial reference frame is suitably inertial during the maneuver.

The atmosphere is at rest relative to a flat-earth inertial frame.

Gravitational acceleration is constant during the maneuver.

The X,Y, plane of the aircraft is a plane of symmetry, with I, =1,=0.

True airspeed is constant during the maneuver.

The maneuver causes only small perturbations about a trimmed flight condition with

angle of attack remaining less than 20°.

10. The trimmed condition is straight and level flight.

11. The X, axis speed component is constant during the maneuver.

These assumptions had no impact on the research findings because the same model was used

for all simulations, with results then compared relative to each other.

The basic state space model, formed from Equations (3.1a) and (3.1b), are presented as

Equations (3.2a) and (3.2b).

% = Ax + Bu (3.2a)

y =Cx + Du (3.2b)
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= center of gravity distance from reference along X, (positive aft)

= conversion factor (~57.3)

3.6

angle of attack sensor distance from reference along X, (positive aft)
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3.4 Process Noise Model Development

Because the output-error parameter estimation method does not account for process noise,
the main focus of the re;earch was to evaluate the Have Derivatives process to reduce errors
caused by process noise. Turbulence is the standard example of process noise (Iliff, 1987:4).

Guidance found in MIL-STD-1797A, APPENDIX A, was used to model turbulence. The
Dryden form of turbulence spectra was used because no comparable structural analyses were to
be accomplished in this research (Department of Defense, 1995:657). To first order, only
turbulence along the Z, axis affected the short period responses through the equations of motion
so only the vertical component of turbulence was developed.

The development began with the Dryden form of the vertical component turbulence spectra
as given in MIL-STD-1797A, APPENDIX A (Department of Defense, 1995:657). A linear angle
of attack disturbance filter was developed to take white noise as an input and produce a signal
\1vith the same power spectral density as the Dryden spectra. The output from the angle of attack
disturbance filter, when divided by the average forward velocity of the aircraft, gave the
incremental change in angle of attack due to turbulence.

In a similar manner, a pitch rate disturbance filter was developed that took the output from
the angle of attack disturbance filter as an input and produced the incremental change in pitch
rate due to turbulence. Detailed derivation of turbulence shaping filters can be found in
references (Stevens and Lewis, 1992:503 to 504; Roskam, 1979:867 to 897).

The angle of attack and pitch rate disturbance filters were combined in state space form as

shown in Equations (3.3a) and (3.3b).
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X4 = Agxq + Bgn

ya = Cgxgq + Dgn

where
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1 = zero mean, Gaussian distributed, band-limited white noise
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V, = aircraft true velocity (ft / sec)
L = turbulence scale length (ft)
6 = root-mean-square (rms) turbulence intensity (ft/ sec)
b = wingspan (ft)

[0]

(3.3a)

(3.3b)

A turbulence scale length of 875 feet was chosen for the AT-37B simulations to model

assumed isotropic turbulence found higher than 2,000 feet above ground level (Department of

Defense, 1995:658 to 661). Turbulence level was set in simulations by adjusting the

root-mean-square turbulence intensity term inside the simulation program.
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3.5 Measurement Noise Model Development

Measurement noise was simulated by passing zero mean, Gaussian distributed, band-limited
white noise through a high-pass Butterworth filter and then multiplying the high frequency noise
by a different gain for each signal.

A 4th order Butterworth filter was created with a cutoff frequency of 100 radians per second,
well above any dynamics of interest. This would help to discern the degrading effects due to the
high frequency simulated measurement noise from the estimation errors due to the low frequency
simulated process noise. The 100 radian per second cutoff frequency was approximately 50
percent of the Nyquist frequency with the 67 samples per second sampling rate used in
simulation and flight test. This cutoff frequency provided a good simulation of actual
measurement noise which is generally minimized with a low-pass anti-aliasing filter at 40
percent of the Nyquist sampling frequency (Maine and Iliff, 1986:104).

The gain for each signal was chosen based on historical measurement uncertainty of USAF
TPS instrumentation. The measurement uncertainties for the AT-37B and F-16B are given in

Table 3.1.

Table 3.1. AT-37B and F-16B Approximate Measurement Uncertainties

Parameter AT-37B! F-16B°
Measurement Uncertainty | Measurement Uncertainty

Angle of Attack (deg) 0.15 0.20

Pitch Rate (deg / sec) 1.50 0.10

Normal Acceleration (g) 0.15 0.04

Elevator/Stabilator Deflection (deg) 0.60 0.15

'(Instrumentation Branch, 1996a:1 to 2)
(Instrumentation Branch, 1996b:4-15 to 4-17)
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The measurement noise for each parameter was scaled by multiplying the output of the
Butterworth filter by a percentage of the associated measurement uncertainty. The measurement
noise level was controlled by adjusting the percentage in the simulation program.

Figure 3.2 illustrates the measurement noise model.

.
|

| K [— Vi

zero mean, Gaussian distributed, band-limited white noise

high-pass Butterworth filter (4th order, 100 rad / sec cutoff frequency)
measurement uncertainty scale factor (percentage of measurement uncertainty)
= scaled measurement noise (i =a, q or d¢)

LR
It

Figure 3.2. Measurement Noise Model

The scaled measurement noise for angle of attack, pitch rate and normal acceleration is
added to the associated signal in the output equation of the complete state space model that is
developed in the next chapter subsection. The scaled measurement noise for elevator or
stabilator deflection is added to that signal separately in the simulation program, after the input
signal has been used in the linear simulation and before it is saved with the response signals for

PCPID processing.
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3.6 Complete Model and Simulation Program

The basic equations, augmented with process and measurement noise terms, were formed

into a linear, continuous, time-invariant state space model given as Equations (3.4a) and (3.4b).

_Se_
X A GCq || x B 0 0
= + n (3.4a)
Xd 0 Ad Xd 0 Bd 0
-~ v -
3¢
X
y = [C 0] [ j| + [D 0 111 n (3.4b)
Xd
v
where
- - - —V(l-
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- th CN(Z 0
G=| _ _ v=|vg
chC q802 C
Iyy ma Iyy2Vt mq_
[ Ve

The G matrix was formed from the aerodynamic terms of the basic state space model A
matrix. The process noise affected angle of attack and pitch rate response only through these
terms. The v vector was the measurement noise signals produced by the model in Figure 3.2.

The complete model was coded into a MATLAB® script file entitled HD_SIM.M. AT-37B
flight data were obtained from the USAF TPS to complete the model. These data included flight
conditions, aircraft dimensions, aircraft mass distribution and stability derivative estimates from

previous parameter estimation test flights.
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In addition to the aircraft model and flight conditions, various elevator input functions were
created in HD SIM. The user could then select which input to use in a linear simulation.
HD_SIM used the aircraft model along with the selected input in LSIM.M, a linear simulation
utility in MATLAB’s® Control System Toolbox® (Grace and others, 1992:2-106 to 2-107). The
output from LSIM were angle of attack, pitch rate and normal acceleration time responses due to
the specified input. Initial conditions were set to zero for all simulations. The input and
response signals and flight conditions for the simulation run were saved for PCPID processing.

Process and measurement noise levels were individually varied as previously described.
This allowed the user to run simulations with no noise, or at any noise level desired.

Also contained in HD_SIM was code to accomplish the Have Derivatives process described
in Chapter 2. The code first took the input and response signals from the linear simulation and
estimated average complex frequency 'response functions using the MATLAB® routine, TFE.M,
from the Signal Processing Toolbox® (Krause and others, 1994:2-218 to 2-221). The epsemble
averaging step of the Have Derivatives process was accomplished by TFEMM. Ensemble
averaging variables, including section length, amount of overlap and the window function to be
applied to each section before averaging, were user specified in HD_SIM and given to TFE.M as
additional inputs. After invoking TFE.M, HD_SIM mirrored the average complex frequency
response function estimates returned by TFE.M and transformed them back into the time domain
as discrete pulse responses. Finally, HD_SIM saved the discrete pulse responses and a simulated
ideal impulse input in the GetData format required for PCPID processing (Barnicki, 1996).

The last operation HD_SIM performed was to plot various time and frequency domain
results including input and response time histories, frequency responses and coherence functions.

Complete HD_SIM.M code is found at Appendix A, Simulation Program Code.
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3.7 Summary

The simulation program, HD_SIM.M, was developed in this chapter. The following steps

were used in a build-up approach which started with the sign and units convention and concluded

with the complete simulation program.

1.

2.

The sign and units convention used in simulation and flight test was defined.

The basic aircraft model was developed from the short period approximation equations
of motion. Assumptions made in the development of the model were given.

The process noise model was developed from the Dryden vertical component turbulence
spectra. Angle of attack and pitch rate noise filters were represented as a combined
disturbance filter state space model. The filter took pseudo-white noise as an input and
produced noise shaped according to the Dryden model. The process noise model was
later incorporated into the basic aircraft model through the aerodynamic terms.
Measurement noise was simulated by passing pseudo-white noise through a high-pass
Butterworth filter. The high frequency noise was then individually scaled and added to
the input and response signals after the linear simulation and before saving them for
PCPID processing.

The process noise and measurement noise models were incorporated into the basic
aircraft state space model.

The various operations accomplished by the complete simulation program, HD_SIM.M,

were described.

Simulation results are presented and analyzed in the next chapter. The results were produced

by PCPID using simulated data from runs made with HD_SIM, the simulation program

developed in this chapter.
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4. Simulation Results and Analysis

4.1 Overview

This chapter presents representative results of the computer simulations run using the
simulation program, HD_SIM.M, developed in the last chapter. These results, which include
simulation output and stability derivative estimation results from PCPID, are analyzed and
appropriate conclusions are drawn. Complete results can be found in Appendix B.

The first main subsection presents simulation results using the current method of parameter
estimation at the USAF Test Pilot School. The input and response signals were imported directly
into PCPID to estimate stability derivatives. Because the data were not operated on by the Have
Derivatives process, no ensemble averaging was accomplished. Runs were performed with no
noise and with various levels of process and/or measurement noise using a doublet‘ input. No
noise simulations were also accomplished with input functions other than a doublet.

The results of the simulations that incorporated ensemble averaging are presented in the
second main subsection of this chapter. A broadband input was used for all of these runs. The
input and response signals were pre-processed using the Have Derivatives process as descr_ibed
in Chapter 2. The discrete pulse responses produced by the Have Derivatives process were
imported into PCPID along with a simulated ideal impulse elevator input. This input correlated
with the discrete pulse responses, allowing PCPID to estimate stability derivatives. Simulations
were performed using a parametric analysis methodology to assess the effects of changing each
of the ensemble averaging variables discussed in Chapter 2. Stability derivative estimation
results from simulations where overlap length, section length, and maneuver length were varied

are compared to simulation baseline results reported in subsection 4.2.
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4.2 Simulation Results From PCPID Alone

Simulations were accomplished to examine the degrading effects of process and
measurement noise on parameter estimation results and to provide a basis for comparison when
evaluating the effectiveness of the Have Derivatives process in minimizing those effects.

Because the stability derivative values given by PCPID are estimates, it is not possible to
calculate their absolute accuracy. In this research, however, that was not a hindrance as absolute
accuracy was not necessary, but rather, the relative accuracy of the estimates as compared with a
common benchmark across runs.

The relative accuracy was assessed by differencing the stability derivatives estimated from a
given simulation with the actual values of those derivatives used to build the aircraft simulation
model. A weighted root-sum-of-squares (rss) of those differences was then used to compare one
run versus another.

The stability derivative weights used in the rss calculations were based on the derivatives’
relative importance in determining the dynamic characteristics of an aircraft. Composite weights

were derived from the three references shown in Table 4.1. .

Table 4.1. Stability Derivative Weights

"Derivative Roskam! FQ Branch? Nagy* Composite
[Cra (per deg) 10 “Strong” 8-9 9
|[Cste (per deg) not rated “Moderate” 2-3 4
IIC,,“z (per deg) 10 “Very Strong” 7-8 9
IC.., (per rad) 9 “Moderate” 1-2 5
||(73m,se (per deg) notrated | “Very Strong” 10 10

Y(Roskam, 1982:235 to 236)
*(Flying Qualities Branch, 1992:302)
3(Nagy, 1997)
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The root-sum-of-squares magnitude for each run was calculated from Equation (4.1).

1
RSS Magnitude = { X [ derivative weighting * (estimate value — actual value)2 1312 @4.1D

where the summation was over the five derivatives.

4.2.1 Process Noise Only Simulation Results. Process noise was simulated as turbulence
from the Dryden form as discussed in Chapter 3. Process noise level was adjusted through the
rms vertical turbulence intensity term. To determine the effects of increasing process noise on
stability derivative estimation results, simulations were accomplished using a doublet input and
zero measurement noise at rms turbulence intensities of 3, 6 and 9 ft/sec. These intensities
roughly correspond to light, moderate and heavy turbulence levels (Hoh and others, 1982:712).

For purposes of this research, the rms vertical turbulence intensity of 3 ft/sec was defined as
calm air while 9 ft/sec was defined to be turbulent afr. While it is possible that a flight could
encounter occasional 6 ft/sec rms vertivcal turbulence intensities and still accomplish many of its
objectives, it is unlikely that the same flight would begin or continue if 9 ft/sec turbulence was
forecast or encountered. However, in order to discern the degrading effect of increasing process
noise and the effectiveness of the Have Derivatives process at minimizing those degradations, it
was necessary to select cases that would provide the required contrast. Therefore only rms
vertical turbulence intensitiesv of 3 and 9 ft/sec were used to evaluate the effectiveness of the
Have Derivatives process in later simulations.

The impact of increasing process noise on aircraft response can be seen in Figures 4.1 and
4.2. The ideal response in these figures corresponds to an elevator doublet control input of +/- 1
degree deflection and no noise while the measured time histories include both the aircraft

response to the elevator doublet and the variations due to process noise.
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Figure 4.1. Doublet Responses, Ideal and Measured with 3 ft/sec Turbulence Intensity
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The simulated measured time response deviates more from the ideal (no noise) time response
as the rms vertical turbulence intensity increases. The consequence of increasing process noise

is greater stability derivative estimate deviations, as shown in Figure 4.3.

16

RSS
Magnitude

0 ft/sec 3 ft/sec 6 ft/sec 9 ft/sec

Root-Mean-Square Vertical Turbulence Intensity

Figure 4.3. Root-Sum-of-Squares Magnitude versus Root-Mean-Square Turbulence Intensity

Notice that there were stability derivative deviations for even the ideal case with no noise.
This was due to the fact that the derivative values produced by PCPID are estimates based on the
match between the computed and measured time histories as discussed in Chapter 2. The slight
deviations are a byproduct of the parameter estimation process. The important result for the
purposes of this research is not the absolute derivative accuracy, but rather, the relative

comparison between runs.
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4.2.2 Measurement Noise Only Simulation Results. In a manner similar to the process
noise only simulations, runs were made to assess the effects of increasing measurement noise on
stability derivative estimate accuracy. A +/- 1 degree elevator deflection doublet input was again
used for these runs. Root-mean-square turbulence intensity was fixed at 0 ft/sec, to isolate the
effects due to measurement noise.

Measurement noise was simulated as described in subsection 3.5 of Chapter 3. The
measurement noise level in these simulations was defined by the percentage of measurement
uncertainty used to scale the high frequency noise. For the purposes of this research, a
measurement noise level of 10% was defined as calm while 30% was considered a turbulent
noise level that would likely contribute to degraded results. These definitions were chosen to
coincide with the calm and turbulent air conditions described earlier for process noise. A 20%
measurement noise level was used in the baseline runs to quantify the effects of measurement
noise on stability derivative estimate accuracy but was not used in the evaluations of the Have
Derivatives process in subsequent simulations.

The effects of increasing measurement noise on the angle of attack time history
measurements can be seen in Figures 4.4 and 4.5 on the following page. The ideal response in
these figures corresponds to an elevator doublet control input of +/- 1 degree deflection and no
noise while the measured time histories include both the aircraft response to the elevator doublet

and the variations due to measurement noise.
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Figure 4.4. Doublet Responses, Ideal and Measured with 10% Measurement Noise
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Figure 4.5. Doublet Responses, Ideal and Measured with 30% Measurement Noise
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Although it appears that the measurement noise had little effect on the angle of attack time
histories, the effect on stability derivative estimate accuracy was as degrading as from increasing

rms turbulence intensity. This is illustrated in Figure 4.6.

RSS
Magnitude

0% 10% 20% 30%

Measurement Noise Level

Figure 4.6. Root-Sum-of-Squares Magnitude versus Measurement Noise Level

Besides the deviations due to uncorrelated random variations on the response signals, an
additional cause of the increasing deviations can be found in Figure 2.1 of Chapter 2. The
output-error parameter estimation method implemented in PCPID does not account for
measurement noise on the control input signal. The parameter estimation program had difficulty
correlating the responses to the input, resulting in poorer time history matches and greater

stability derivative deviations.
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42.3 Combined Process and Measurement Noise Simulation Results. In addition to
the runs made where rms turbulence intensity or measurement noise level were varied
individually, simulations were accomplished with the same elevator doublet input as before, but
with various combined rms turbulence intensity and measurement noise level settings.

The first run was made with rms vertical turbulence intensify set to 0 ft/sec and measurement
noise level set to 0%. These were defined as ideal conditions with the PCPID stability derivative
estimation results from this run representing a theoretical best possible from the current flight
test techniques and data processing methods.

The next simulation had rms turbulence intensity set at 3 ft/sec and measurement noise level
set to 10%. As mentioned previously, these conditions were defined as what might be
encountered on a typical parameter estimation test fliglit in calm air.

The final combined conditions simulation was made using what was defined as turbulent
conditions. Root-mean-square turbulence intensity was set to 9 ft/sec and a measurement noise
level of 30% was used.

The runs with calm and turbulent conditions demonstrated the capabilities of PCPID to
handle degraded flight test data and provided a basis for comparing the subsequent results when
the Have Derivatives process was incorporated.

Figures 4.7 and 4.8 illustrate a representative time history as affected by calm and turbulent
combined conditions respectively. In both figures the dashed line is the ideal conditions time
history (no process or measurement noise) while the solid line shows the angle of attack time

history response as degraded by the indicated combined conditions.
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Figure 4.7. Doublet Responses, Ideal and Measured with Calm Conditions

3 T T 1 ¥ ¥ T i T T
------------- Ideal
2r A Measured 7
/ \ Turbulence =9 ft/sec
] \‘ Measurement Noise = 30%

0 1 2 3 4 5 6 7 8 9 10
Time (sec)

_3 1 ]

Figure 4.8. Doublet Responses, Ideal and Measured with Turbulent Conditions
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The results of the combined conditions simulations are presented in Figure 4.9.
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Figure 4.9. Root-Sum-of-Squares Magnitude versus Combined Conditions

Again, as expected, the stability derivative errors, estimate deviations from actual values,

grew as conditions worsened.

4.2.4 No Noise Simulation Results Using Different Input Functions. The last set of
PCPID only simulations were accomplished using ideal conditions and elevator inputs other than
the standard doublet. While not specifically investigating the concept of an optimum input, these
runs were made to assess the effects that different inputs had on stability derivative estimate
accuracy. The input amplitudes were +/- 1 degree elevator deflection except for the simulated

ideal impulse.
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The simulated ideal impulse was constructed one time step wide and one-over-one-time-step
in amplitude to have unity area according to linear systems theory (Brigham, 1988:386 to 393).
This equated to a signal 0.015 seconds wide and 67 degrees in amplitude based on the 67
samples per second rate used in all of the simulations. The time histories of the responses from a
linear simulation using the simulated ideal impulse were nearly identical to the theoretical ideal
impulse responses. This validated the simulated ideal impulse as a good approximation of the
theoretical ideal impulse.

Figure 4.10 compares the different inputs to the doublet that is commonly used in flight test.
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0 | | | | 1 | 1 | |
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I
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Elevator T T T T T T T T T
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Figure 4.10. Elevator Deflection versus Time for Various Input Functions

4.12




The surprising results of these simulations are presented in Figure 4.11.
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Figure 4.11. Root-Sum-of-Squares Magnitude versus Input Function

The real shock about these results was that while the standard doublet gave better results
than the 3211 and broadband, the impulse input resulted in significantly better estimates, nearly
identical to the actual values of the derivatives! The only problem is that a true impulse is
impossible to produce in flight test due to lags and rate limiting in the flight control system.

The closest input to an impulse in flight test is a pulse. The problem with a pulse is that the
resulting response is usually moving the aircraft away from the trim flight condition, possibly
violating maneuver tolerances. Also, linearity assumptions could be violated by using a pulse.

Doublets are typically used in flight test because they are easy to accomplish and because the

resulting response from the doublet input is usually symmetric about the trim flight condition.
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This makes it easier for the pilot to remain within the maneuver tolerance and simplifies
subsequent analysis as linearity assumptions are not violated.

The excellent results for the simulated ideal impulse input were exciting because, as
explained in Chapter 2, the Have Derivatives process returns the discrete pulse response when
the average frequency response function estimates are transfqrmed back into the time domain.
When plotted on the same figure, the discrete pulse responses were nearly identical to the
impulse responses produced by the simulated ideal impulse input of Figure 4.11. Therefore, it
was reasonable to expect that stability derivative estimation results, similar to those found for the
simulated ideal impulse input of Figure 4.11, could be achieved by importing the discrete pulse

response time histories into PCPID along with the simulated ideal impulse input time history.

4.3 Simulation Results From The Have Derivatives Process With PCPID

Although a doublet is commonly used as the stability derivative estimation flight test input,
it was found that the best discrete pulse responses produced by the Have Derivatives process
were achieved using a broadband elevator input. This is because the high frequency content of
the broadband input best approximates the frequency content of an impulse. Consequently, the
discrete pulse responses, which were shown to correlate with the simulated ideal impulse, also
contained the high frequency content. Also, ensemble averaging is most effective when the input
has uniformly distributed frequency content (Flying Qualities Branch, 1992:25-60 to 25;61).
The broadband input function possesses uniformly random frequency content making it the
optimal input to use with the Have Derivatives process as compared to the other input functions

of Figure 4.10. For these reasons, all subsequent simulations that incorporated the Have
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Derivatives process used the broadband input shown in Figure 4.10 and the results were
compared against the baseline runs made with a doublet input.

Other than the choice of a particular window function, there are three parameters that can be
varied to affect performance of the ensemble averaging step of the Have Derivatives process.
Those parameters are the percent of section overlap, the section length, and the total maneuver
length. A parametric analysis approach was taken to assess the impact that independently
changing each of these parameters had on the accuracy of the stability derivative estimates. The
assessment was made by comparing the rss magnitude of the simulation results from the Have
Derivatives process with PCPID to the baseline doublet results from PCPID alone. The
simulations incorporating the Have Derivatives process were made using the same conditions of
rms turbulence intensity and measurement noise as the associated baseline simulations.

As mentioned in Chapter 2, a nonrectangular window can be applied to each section prior to
ensemble averaging to reduce the amount of sidelobe leakage. A Hanning window was
recommended, found to work well, and was therefore used for all Have Derivatives process

simulations (Flying Qualities Branch, 1992:25-62; Rameriz, 1985:139 to 143).

4.3.1 Overlap Percent Simulation Results. The percentage of section overlap affects the
number of sections that can be averaged for a given maneuver length according to
Equation (2.3).

Total Signal Length — Overlap Length
Section Length — Overlap Length

Number of Sections =

2.3)

where overlap length is equal to the product of percentage of section overlap and section length.
In theory, the more sections that are averaged, the more the variance is reduced (Krauss and

others, 1994:1-64 to 1-67). However, the amount of overlap has a practical limit as discussed in
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Chapter 2. Fifty percent overlap has been shown to be very effective at minimizing signal
variance (Krauss and others, 1994:1-66; Porat, 1994:112; Welch, 1967:72). Simulations were
made using 0% and 50% overlap to investigate the effects of overlapping sections.

The maneuver length was set to 2048 points for these tests. Calm conditions of 3 ft/sec rms
turbulence intensity and 10% measurement noise level were used for both the PCPID alone
simulation and the Have Derivatives process with PCPID simulation. A sample length and
window length of 1024 points was used for these runs. Figure 4.12 presents the results of the

overlap percent simulations.
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Figure 4.12. Root-Sum-of-Squares Magnitude versus Percent Overlap

Clearly, 50% overlap provided the best results and was used throﬁghout the remainder of the

simulations using the Have Derivatives process with PCPID.
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4.3.2 Section Length Simulation Results. The next parameter varied was the section
length. As with percent of overlap, section length affects the number of sections that can be
averaged for a given maneuver length. A shorter section length results in more sections to be
averaged, theoretically reducing the variance of the signal (Porat, 1994:126).

Section length also affects the resolution of the frequency response function. A longer
section length gives better resolution. The tradeoff is that longer section lengths also give less
sections to average. With these considerations in mind, section lengths of 512 and 1024 points
were chosen for the simulations. The maneuver length for these runs was again set to 2048
points (~30 sec) and 50% overlap was used.

Simulations were accomplished under all three combined conditions of rms turbulence

intensity and measurement noise level with the results given in Figure 4.13.
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Figure 4.13. Root-Sum-of-Squares Magnitude versus Section Length
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The results from the section length tests clearly indicate that 1024 points provided superior
estimates to 512 points. This finding contradicted the expected outcome that 512 points would
decrease the variance in the signals more than 1024 points, resulting in more accurate stability
derivative estimates, and hence, lower rss magnitude. The explanation is found in the ensemble
averaging algorithm.

Because the sections being averaged are not completely independent, there is some bias
introduced with the averaging. In fact, there is a tradeoff between increasing bias and decreasing
variance as the number of sections averaged for a given maneuver length are increased (Porat,
1994:126; Kay, 1988:73 to 74).

The recommended technique is to start with a small section length and make several runs
with successively longer sections until there is no further improvement in estimation accuracy
(Kay, 1988:73 to 74). This guidance explains the outcome and validates the selection of 1024

points as the best section length in this case.

4.3.3 Maneuver Length Simulation Results. The final parameter varied was maneuver
length. For a given section length, the number of sections that can be averaged increases as '
maneuver length increases. By properly adjusting the combination of section length and
maneuver length, smaller variances can be achieved without significantly increasing the bias in
the averaged signal. The net result is better estimates with increasing maneuver length.

The maneuver length simulations were run at increasing maneuver lengths of 4096 and 8192
points. These approximately equated to one and two minutes, respectively, or double and
quadruple the baseline maneuver length of 2048 points, or about 30 seconds, at a sampling rate
of 67 sample per second. To isolate the effects of increasing maneuver length on estimate

accuracy, the section length was kept at 1024 points with 50% overlap for both runs. Turbulent
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conditions of 9 ft/sec rms turbulence intensity and 30% measurement noise were used for both
simulations to provide a more challenging test of the averaging method.

The results of the maneuver length tests are shown in Figure 4.14.
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Figure 4.14. Root-Sum-of-Squares Magnitude versus Maneuver Length

As expected, increasing maneuver length did improve the stability derivative estimates.
However, there is another tradeoff. Longer maneuver lengths cost more money, especially when
talking about flight test time. Therefore, the prime consideration is to use the minimum
maneuver length possible to achieve the required level of stability derivative estimate accuracy.
A reasonable maneuver length for extracting stability derivatives related to the short period
mode of most aircraft was determined to be around 30 seconds, or 2048 sample points at a

sampling rate of 67 samples per second.
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4.4 Summary

The following conclusions can be drawn from the simulation results using PCPID alone and
using the Have Derivatives process with PCPID:

1. Increasing process and/or measurement noise levels resulted in less accurate stability

derivative estimates.

2. The output error parameter estimation algorithm in PCPID performed best when given

the impulse response.

3. The optimum amount of section overlap was found to be 50% for the given conditions of

1024 point section length and 2048 point maneuver length.

4. For a maneuver length of 2048 points and 50% section overlap, best results were

achieved with a section length of 1024 points.

5. A maneuver length of 2048 points provided the best balance of accuracy and economy.

As a final illustration of the effectiveness of the Have Derivatives process to reduce signal
variance, a run was made using a simulated ideal impulse elevator input and turbulent
conditiops. A plot of angle of attack versus time from this run is shown in Figure 4.15.

The same conditions were used for the simulation whose results are presented in Figure 4.16.
The only difference was that a broadband signal was used as the input instead of a simulated
impulse. The time history, however, became the discrete pulse response after using the Have
Derivatives process. The marked decrease in signal variance was due to the use of ensemble
averaging within the process.

Excellent results were achieved by the Have Derivatives process in simulation. The next
logical step was to evaluate the process with flight test data. The next chapter outlines a flight

test program to gather data necessary to satisfy the research objectives of Chapter 1.
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S. Flight Test Development

5.1 Overview

A flight test program with the short title of Project HAVE DERIVATIVES was planned to
evaluate the Have Derivatives process using actual flight data. More specifically, the plan was
devised to evaluate the capability of the ensemble averaging step of the Have Derivatives
process to reduce stability derivative estimation errors caused by turbulence.

The first main subsection of this chapter will be an introduction to the flight test plan,
including a description of the F-16B test aircraft and definition of the main and specific flight
test objectives. The planned flight test procedures are presented in the next main subseétion

followed by planned data reduction procedures in the last main subsection.

5.2 Introduction

The flight test program was planned for up to 12 sorties, at 1.2 hours each, in a modified
Block 15 F-16B aircraft. The flight test assets, including the test aircraft, instrumentation and
data reduction capabilities, were provided by the USAF Test Pilot School (TPS). All flights
were planned to be launched from and recovered at Edwards AFB, CA and conducted within Air

Force Flight Test Center (AFFTC) airspace using AFFTC facilities.

5.2.1 Test Aircraft Description. The planned test aircraft was a modified Block 15
F-16B. The F-16B was chosen because it had the best instrumentation fidelity of any TPS
aircraft. Also, the TPS F-16B aircraft were used for parameter estimation demonstration rides in

the TPS curriculum so there was already considerable experience and an adequate data base
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established with the aircraft. Finally, the F-16B was used for a previous TPS flight test program
aimed at evaluating in-house parameter estimation capability. The final report from that
program was to be used for comparison for the Flight 1 validation step of Project HAVE
DERIVATIVES. More detailed information about the standard Block 15 F-16B can be found in
the F-16A/B Flight Manual, Technical Order 1F-16A-1 (Lockheed Fort Worth Company, 1997).

The planned test aircraft incorporated several modifications from the standard Block 15
F-16B configuration. External modifications were a yaw, angle of attack, pitot-static flight test
noseboom mounted to the F-16B radome and an additional total temperature probe mounted at
approximately the wing root, leading edge intersection. The external modifications had no
impact on the flight test results.

Cockpit modifications were a sensitive airspeed indicator mounted in place of the production
airspeed indicator and a modified altimeter, adjusted and calibrated for better accuracy, mounted
in place of the production altimeter.

Finally, an airborne test instrumentation system (ATIS) data acquisition system (DAS) was
installed on the aircraft. Although sampling rates of 100 to 200 samples per second are desired
for parameter estimation, the ATIS DAS sampling rate of 67 samples per second was expected to
be adequate (Maine and Iliff, 1986:105). A description of the ATIS DAS can be found in the
USAF TPS Instrumentation Handbook (Instrumentation Branch, 1996). A complete description
of all modifications to the test aircraft can be found in the F-16A/B Modification Flight Manual

_ (Operations Branch, 1996).

5.2.2 Flight Test Objectives. An overall flight test objective and three specific flight test
objectives were defined in accordance with the overall research objectives. The overall flight

test objective was to perform a limited evaluation of the Have Derivatives process to reduce
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stability derivative estimation errors caused by turbulence. The evaluation was limited due to
time and resource constraints. Only errors due to process noise (turbulence) were to be
investigated as the output-error parameter estimation algorithm within the Personal Computer
Parameter Identification (PCPID) software did not account for process noise.

The overall flight test objective was further defined by the following three specific flight test

objectives:

1. Establish a flight test basis data set of results against which to compare results of
subsequent tests.

2. Compare calm air stability derivative estimation results using the Have Derivatives
process with PCPID to the flight test basis data set results.

3. Compare turbulent air stability derivative estimation results using PCPID alone and
using the Have Derivatives process with PCPID to the flight test basis data set results
and to each other.

The next subsection outlines the flight test procedures planned to produce the flight data

required to satisfy the flight test objectives.

5.3 Flight Test Procedures

Planned flight test procedures included the test aircraft configuration, flight test inputs and

test point flight conditions.

5.3.1  Test Aircraft Configuration. Although there was not a requirement for a specific
aircraft configuration, it was considered mandatory that the same configuration be used for the
entire flight test program to ensure a fair comparison between data sets. The planned

configuration was chosen to be similar to the aircraft configuration used in the previous
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parameter estimation flight test program, AFFTC-TLR-92-12, F-16B Parameter Estimation

(PEST) (Stambaugh and others, 1992:1). The planned configuration is presented in Table 5.1.

Table 5.1. Project HAVE DERIVATIVES
Test Aircraft Configuration

Component Configuration
Landing Gear RETRACTED
Leading Edge Flaps Switch AUTO
Alternate Flaps Switch NORM
Speedbrakes CLOSED
Altimeter Setting 29.92 in Hg (PNEU)
Engine Air Source Knob NORM
Air Conditioning Knob AUTO
EEC/BUC Switch EEC
Probe Heat Switch ON
Anti-Ice Switch AUTO
Loading Category Switch I
Center of Gravity Range 35.88 - 37.38 pct MAC
Stations 1 and 9 (Wingtips) 16S210 Missile Rails
Station 5 (Centerline) 300 Gallon Fuel Tank
Notes: 1. AUTO - automatic

2. NORM - normal

in Hg - inches of Mercury

PNEU - pneumatic

EEC - electronic engine control

BUC - back up control

pct MAC - percent of mean aerodynamic chord

NS L AW

The only deviation from the previous flight test program was the external centerline fuel tank
that was planned to be carried for Project HAVE DERIVATIVES test flights. The tank was
included to increase flight time and because that was the normal configuration for TPS F-16B’s.
If the original test aircraft could not be used for the full test program, the centerline tank

configuration made it easier to transition to another TPS F-16B while maintaining the same
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configuration. And because the external fuel tank was located along the aircraft centerline and

near the aircraft center of gravity, the short period dynamics were not affected appreciably.

5.3.2 Flight Test Inputs. Each 1.2 hour test flight was planned to consist of
approximately 15 data collection passes. A pass ‘was defined as a 10-second trim shot, followed
by a series of three pitch doublets, followed by a second 10-second trim shot, followed by a pitch
frequency sweep of approximately 60 seconds in duration.

The trim shots were included to assess the level of turbulence prior to a particular data
collection pass. Table 5.2 presents turbulence level definitions used during the HAVE

DERIVATIVES flight test program.

Table 5.2. Project HAVE DERIVATIVES
Turbulence Level Definitions

Turbulence Level A Normal Acceleration (Ag)'
Calm Air |An,| <0.1
Turbulent Air 03< | An,

'Change in normal acceleration from 1-g at a
frequency of 1 radian per second

The turbulence level was defined based on the average normal acceleration deviation at the
test aircraft’s short period undamped natural frequency, predicted to be approximately 1 radian
per second. Throughout this report, turbulence refers only to vertical disturbances, which were
expected to have primary influence on the longitudinal stability derivative estimation results.
The delta normal acceleration was to be measured at the test aircraft’s estimated short period

undamped natural frequency since it was reasoned that turbulence at that frequency would have

5.5




the greatest impact on the aircraft's longitudinal response, and consequently, the stability
derivative estimation results.

The values in Table 5.1 were chosen based on simulation results and previous flight data.
Normal acceleration typically varied only 0.05 g from 1 g trim flight in previous F-16B calm air
data collected during early morning flights at low altitude. The maximum calm air normal
acceleration deviation value of 0.1 g was chosen to allow for slight differences that might be
observed during flight testing, but that would not have had an appreciable effect on the accuracy
of stability derivative estimation results. The turbulent air value was chosen to ensure that there
would be enough turbulence to see an effect on the aircraft responses, and consequently greater
errors in the derivative estimates, while not being so large that the turbulence level might not be
encountered during the test program.

Trim shots were planned to be approximately 10 seconds, hands-off, with the aircraft

straight, level and unaccelerated, within trim shot data bands and tolerances defined in Table 5.3.

Table 5.3. Project HAVE DERIVATIVES
Trim Shot Data Bands and Tolerances

Parameter Data Band! Tolerance?
Altitude (ft) + 1000 + 100
Mach Number +0.02 +0.01

'Maximum acceptable deviation about the desired test
parameter

?Maximum acceptable deviation about the initial trim
shot data point value for the current trim shot

The requirements in Table 5.3 were chosen based on stability derivative sensitivity to
variations in altitude and Mach number in previous F-16 flight test programs (Pape and Garland,

1979:181 to 195; Kelleher and Milam, 1982:225 to 238). The data band was the maximum
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acceptable deviation about the desired test parameter while the tolerance was the maximum
acceptable deviation about the initial trim shot data point value for the current trim shot.

Following the trim shot, the pilot was to accomplish three successive pitch doublets. The
pilot was expected to perform a pitch doublet, wait for the aircraft response to subside, and ‘then
repeat a second and then a third pitch doublet. The control room, if available, would monitor
angle of attack (AOA) and pitch rate to ensure the aircraft stayed within +5 degrees of trim AOA
and within +20 degrees per second pitch rate. These limits were set to ensure that the responses
did not violate linearity assumptions used in developing the Have Derivatives process. The
control room, if available, would advise the pilot of maneuver quality following each set of three
pitch doublets.

After the pitch doublets, the pilot was to accomplish a second straight, level and
unaccelerated trim shot aiming for the same target flight condition for the same reasons as the
first trim shot. The data bands and tolerances in Table 5.3 also applied for the second trim shot.

Following the second trim shot, the pilot was to perform a pitch frequency sweep laéting
approximately 60 seconds. The sweep was planned to be initiated at a frequency well below the
test aircraft predicted short period undamped natural frequency of approximately 1 radian per
second, and progress slowly to a frequency well above 1 radian per second. To ensure
consistency between passes, and between pilots, a system of counting during the inputs was
devised. The first input would be increasing stick aft for 3 seconds followed by increasing stick
forward for 6 seconds followed by increasing stick aft for 6 seconds. Because the first input was
equal to one-quarter of the first cycle, the rest of the cycles were expected to be nearly
symmetric about the trim flight condition. This would aid the pilot in keeping the aircraft about
the trim flight condition during frequency sweeps, thereby minimizing chances that linearity

assumptions would be violated. Subsequent frequency sweep cycles were to be decreased by one
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count each cycle. The input was planned to be terminated after collection of 60 seconds of data
over a frequency range from approximately 0.5 radians per second to 10 radians per second.

As with the doublets, the control room, if available, was to monitor angle of attack and pitch
rate and inform the pilot if the limits of +5 degrees AOA or +20 degrees per second pitch rate
were exceeded.

The parameters shown in Table 5.4 were to be tape recorded in-flight using the F-16B ATIS
DAS. The same parémeters were also to be recorded real-time to a computer file using the ATIS
telemetry system installed aboard the test aircraft to provide a backup to the DAS. In addition,
the flight test engineer in the rear cockpit of the test aircraft was expected to record true airspeed,
Mach number, pressure altitude and total fuel quantity from rear cockpit gages during each trim

shot.
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Table 5.4. Project HAVE DERIVATIVES Parameters Recorded During Flight

Parameter Name Type Source Range Resolution | Samples
per Sec
Time Digital | Data Bus 0to ,99:5 9:5 9_'99 1 milsec 66.67
hr:min:sec.milsec
Right Horizontal | opajoe [ LvDT™ +23.15 deg 0.2 deg 66.67
Stabilator Position
Angle of Attack | Analog | AOA + 60 deg 0.04deg | 66.67
Vane?*?
Pitch Angle 16 Bit INS +110 deg 0.005deg | 66.67
Digital
Pitch Rate 14 Bit HUD +45deg/sec | 0.022 deg/sec | 66.67
Digital
Normal 12Bit | Hups +10g 0.008 g 66.67
‘Acceleration Digital
True Airspeed 15 Blt CADC 70 to 1700 KTAS 0.125 KTAS 8.33
Digital (118.3 t0 2873 fps) | (0.211 fps)
Mach Number | !3Bit [ capC 0.1t03.0 0.0002 833
Digital
Pressure Altitude | 16Bit | caDC | -1500 to 80,000 ft 25 ft 8.33
Digital
Total Fuel Quantity | Analog | Transducer 0to51001b 111b 8.33
Notes: hr:min:sec.milsec - hour(s):minute(s):second(s).millisecond(s)

LVDT - Linear variable displacement transducer
deg - degree(s) '
AOA - Angle of attack

HUD - Heads up display
CADC - Central air data computer
KTAS - knots true airspeed

10.

fps - feet per second
ft - foot / feet

11. 1b - pound(s)

1.
2
3
4.
5. INS - Inertial navigation system
6
7
8
9

'Transducer was calibrated once before first test flight
?Five pole low-pass Butterworth filter with 9.5 Hertz cutoff frequency applied

No corrections were made for upwash, boom bending or location from reference cg
‘Angle of attack vane was calibrated once before first test flight
sFive pole low-pass Butterworth filter with 9.5 Hertz cutoff frequency applied
‘Normal accelerometer was located at 6.87 feet aft of flight station 0.0, 0.64 feet left
of centerline and 8.13 feet above ground

No corrections were made for location from reference cg
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Incompressible dynamic pressure, q, was to be computed by the TPS Aydin processor

post-flight using the following equation:

q =0.7[2116.22 (1 - 6.87558 x 10% H, ) ] M? 6.1

where H, and M were measured in-flight.

5.3.3 Test Point Flight Conditions. Passes one through four of the first test flight were
planned to be flown in calm air at 8,000 feet pressure altitude (PA) and 0.60 Mach number (M)
to validate the test instrumentation and data reduction processes. The stability derivatives
estimated from those four passes would be compared to stability derivatives previously estimated
from data taken at the same flight condition, using a TPS F-16B and using the same flight test

input. The previous results were presented in AFFTC-TLR-92-12, F-16B Parameter Estimation

(PEST) (Stambaugh and others, 1992:8).

The remaining four passes from the first flight along with all other test flights were planned
to be flown at 4,000 feet PA and 0.65 M. This test flight condition was chosen based on a
tradeoff between the desire to fly as low to the ground as possible to encounter turbulence and
the safety concerns associated with low altitude flight. Four thousand feet PA would provide at
least 1,000 feet above ground level clearance along all routes expected to be flown during the
test program. Also, this flight condition represented a ‘heart of the envelope’ point for the F-16B
that would avoid the transonic region and allow data to be collected at an angle of attack‘that

would result in a nearly linear aircraft response.

5.10




The first three flights were planned early in the day to gather calm air data. In contrast,
Flights 4 through 12 were scheduled in the afternoon to gather data in turbulent air caused by
winds and thermal convection.

The location of each test flight within AFFTC airspace was to be chosen by the aircrew
based primarily on the level of turbulence desired for a particular flight. Every attempt would be
made to remain sufficiently close to Edwards AFB to allow constant telemetry reception from
the test aircraft. If a particular type of turbulence level, turbulent air or calm air, was initially
encountered in a particular area, but part way through the test flight, that turbulence level no
longer existed, the pilot was expected to maneuver to find the desired turbulence level.

Testing was planned to terminate when the test aircraft had the minimum amount of fuel

necessary to return to base with required normal reserves.

5.4 Data Reduction Procedures

This subsection describes the steps planned to accomplish post-flight data processing. The
first step in the data reduction process was to transfer flight data from the ATIS DAS tape to
computer files using the TPS Aydin processor. Next, the TPS Flight Test Analysis Software
(FTAS) could be used to convert the files from the Aydin processor’s format to tab-delimited flat
American Standard Code Information Interchange (ASCII) format (Data Processing Br;lnch,
1996). The files could then be opened using MATLAB® software on a personal computer.

An interactive MATLAB?® script file, entitted HDPROCES.M, was written by the Project
HAVE DERIVATIVES team to automate the data reduction process. First the user would be
asked to select the desired data pass file and ensure that its columns were correctly defined.

Each data pass, consisting of the trim shots, the set of three pitch doublets and the pitch
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frequency sweep was planned to be processed individually. Once the data pass file was loaded,
the user would be prompted to define the bands to be used to identify erroneous data points that
were clearly inaccurate in magnitude or sign. All data associated with the same time step as the
erroneous data point would be removed, shortening the complete data file by one line each time
that data were removed.

After removing bad data, HDPROCES would ask the user to identify a trim shot period on a
plot of normal acceleration versus time. The program would calculate the power spectral density
of normal acceleration for this period using the power spectral density routine (PSD.M) in the
MATLAB?® Signal Processing Toolbox® (Krauss and others, 1994:2-169 to 2-172). From the
power spectral density, HDPROCES was written to calculate and return the value of normal
acceleration deviation from 1 g at a frequency of 1 radian per second. The value of delta g given
by HDPROCES was used to categorize the results of that particular pass based on the turbulence
level definitions given in Table 5.2.

The user would then be pfompted by HDPROCES to divide the data pass into two separate
files, one containing the doublets and the other the pitch frequency sweep. HDPROCES would
save the doublet input and response signals in GetData format as required by PCPID (Barnicki,
1996). The doublets were then ready to be processed by PCPID to estimate stability derivatives.

The pitch frequency sweep input and response signals would be further processed through
the Have Derivatives process as described in Chapter 2. The Have Derivatives process would
produce discrete pulse responses for angle of attack, pitch rate, normal acceleration and pitch
angle. Those responses would be saved in the GetData format along with a simulated ideal
impulse response that was independently created within HDPROCES. The simulated ideal

impulse input and discrete pulse responses would then be ready for PCPID processing.
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To achieve best results with PCPID it was important to update the aircraft mass and inertia
model for each pass. The results presented throughout this report were for the cg locations
specified for each pass and were not standardized to a particular cg location. The mass and
inertia values for a particular pass were computed by a FORTRAN program called
MASSCALC.EXE, written by Mr. Chris Nagy of Quartic Engineering Inc. (Nagy, 1997). Given
the total fuel weight of the test aircraft it returned the mass, cg location, and moments and
products of inertia. These values would then be hand recorded by the user and input into PCPID
with the corresponding aircraft time histories.

No boom upwash or pitch rate effects corrections were made within HDPROCES to the
angle of attack signal, however, corrections were made within PCPID for the location of the
angle of attack and normal acceleration sensors relative to the aircraft cg for a given pass.

The complete code for HDPROCES.M and MASSCALC.EXE is presented in Appendix C,
Data Reduction Programs.

After a data pass had been run through HDPROCES, parameter estimation would be
accomplished using PCPID as described in Chapter 2. The output from PCPID would include
stability derivative estimates, Cramer-Rao bounds that had been multiplied by a factor of 10 and
matches of the PCPID computed response time histories to the measured response time histories.

Graphical output from HDPROCES would be copied and pasted into Microsoft® (MS) Word
as a bitmap for report presentation. PCPID numerical results would be compiled in MS® Excel
tables and figures and imported into MS® Word while the time history matches from PCPID

would be saved as a bitmap file and imported into the report as well.
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5.5 Summary

A flight test program with the short title of Project HAVE DERIVATIVES was planned to

evaluate the Have Derivatives process using actual flight data. More specifically, the plan was

devised to evaluate the ensemble averaging step of the Have Derivatives process to reduce

stability derivative estimation errors caused by process noise, in the form of turbulence.

The test plan is summarized as follows:

1.

The flight test program was planned for up to 12 sorties, at 1.2 hours each, in a modified
Block 15 F-16B aircraft.

All flights were to be launched from and recoyered at Edwards AFB, CA and conducted
within Air Force iFlight Test Center (AFFTC) airspace using AFFTC facilities.

An overall flight test objective and three specific flight test objectives were defined in
accordance with the overall research objectives.

The planned aircraft configuration was chosen to be similar to the configuration used in
a previous parameter estimation flight test program.

Each test flight was planned to consist of approximately 15 data collection passes with
each pass composed of a 10-second trim shot, followed by a series of three pitch
doublets, followed by a second 10-second trim shot, followed by a pitch frequency
sweep of approximately 60 seconds in duration.

Passes one through four of the first test flight were to be flown in calm air at 8,000 feet
pressure altitude (PA) and 0.60 Mach number (M) for the purpose of validating the test
instrumentation and data reduction processes.

The remaining four passes from the first flight along with all other test flights were to be

flown at 4,000 feet PA and 0.65 M.
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8. The first three flights were planned early in the day to gather calm air data while Flights
4 through 12 were scheduled in the afternoon to gather data in turbulent air.

9. Flight data was to be tape recorded by an onboard DAS with backup recording via
telemetry and by hand by the flight test engineer in the test aircraft rear cockpit.

10. Data would be transferred post-flight from the DAS tape to computer files which could
then be processed on a personal computer using MATLAB® software.

11. An interactive, automated data processing routine called HDPROCES.M was written to
remove wild points, calculate the turbulence level, run frequency sweep data through the
Have Derivatives process, calculate aircraft niass, cg location, moments and products of
inertia and save the pitch doublet and discrete pulse input and response signals in the
correct format for PCPID input.

12. Output from HDPROCES was input for PCPID which would accomplish parameter
estimation, returning stability derivative estimates, Cramer-Rao bounds multiplied by a
factor of 10, and time history matches.

13. Graphical output from HDPROCES and PCPID would be presented in MS® Word as
bitmap images for report presentation.

14. Numerical output from PCPID would be compiled in MS® Excel tables and figures
which would be imported into MS® Word for reporting. |
The flight test plan developed in this chapter was executed successfully by the Project
HAVE DERIVATIVES team. Extensive data were gathered and reduced using the HDPROCES
program described in this chapter. The flight test results and analysis produced by this effort are

presented next in Chapter 6.
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6. Flight Test Results and Analysis

6.1 Overview

A flight test program was executed in accordance with the Project HAVE DERIVATIVES
flight test plan presented in the last chapter. The program consisted of 11 sorties, totaling 15.2
hours, in F-16B, S/N 80-0635. All sorties were flown at the Air Force Flight Test Center
(AFFTC), Edwards AFB, California, between 15 September and 7 October 1997.

Flight test results presented in this chapter include:

1. A validation of data reduction processes and test aircraft instrumentation using calm air

results from Personal Computer Parameter Identification (PCPID) alone

2. The establishment of a flight test basis data set using calm air results from PCPID alone

3. A comparison of calm air results from the Have Derivatives process with PCPID to the

flight test basis data set

4. A comparison of turbulent air results from PCPID alone to the flight test basis data set

5. A comparison of turbulent air results from the Have Derivatives process with PCPID to

the flight test basis data set and to turbulent air results from PCPID alone

These results are analyzed and appropriate conclusions are drawn.

6.2 Calm Air Results From PCPID Alone (Validation)

The first four passes of Flight 1 were accomplished to validate the data reduction processes

and test aircraft instrumentation. Pitch doublets were performed, as described in Chapter 5, at
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8,000 feet pressure altitude (PA) and 0.60 Mach number (M), in calm air. The stability
derivative values estimated using PCPID alone were compared to estimates of the same stability

derivatives as presented in AFFTC-TLR-92-12, F-16B Parameter Estimation (PEST)
(Stambaugh and others, 1992). The stability derivative estimates presented in that report were
calculated using data taken at the same flight condition, using the same flight test technique and

using PCPID alone. The comparison is presented in Table 6.1.

Table 6.1. Validation of Data Reduction Processes and F-16B Test Aircraft Instrumentation

Stability Derivative | AFFTC-TLR-92-12 Mean Value' Flight 1 Mean Value?
Cy. (per deg) 0.0623 0.0662
C... (per deg) -0.0005 0.0006
C.., (per rad) -1.6064 -4.5858
C.se (per deg) 0.0117 -0.0122

Notes: 1. Flight Condition: 8,000 ft PA, 0.60 M, Calm Air

2. AFFTC-TLR-92-12, F-16B Parameter Estimation (PEST)
(Stambaugh and others, 1992:8)

3. cgrange: 36.76 to 36.50 percent mean aerodynamic chord

'Based on 5 samples
?Based on 4 samples

Although the mean value of C,, estimated from the validation passes was of a different sign
than the mean C,_, from AFFTC-TLR-91-12, the fact that C_, was so close to zero in both cases
indicated that this sign difference was not significant. The low positive value of C,, for the
validation passes did indicate that the unaugmented F-16B possessed nearly neutral static
longitudinal stability at that flight condition, as expected.

The difference in C,, was accepted when it was noted that C,, showed high sensitivity to
data processing in previous studies and had less effect on the aircraft short term response than

the other three stability derivatives shown in Table 6.1 (Nagy, 1997:1).
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The opposite sign for C,;, was due to the fact that an opposite sign convention for horizontal
stabilator deflection was used in AFFTC-TLR-9.1-12, while the sign convention used for this
research was in accordance with the current USAF Test Pilot School (Tl"S) and National
Aeronautics and Space Administration (NASA) sign convention.

A value for C,, was calculated for these test passes but was not presented as there was no
value given in previous reports against which to compare. The validation of Cy; was based on
the good consistency of the values for that derivative for each of the four test passes as well as
the small Cramer-Rao bound for the estimate of Cy;, for each of the four test passes.

Overall, the derivative values presented in Table 6.1 were sufficiently close to each other to

validate the data reduction processes and test aircraft instrumentation.

6.3 Calm Air Results From PCPID Alone (Flight Test Basis Data Set)

A flight test basis data set of calm air stability derivative estimation results was developed
using PCPID alone on aircraft pitch doublet input and responsé data. This was considered the
‘truth source’ against which later results were compared.

Results from Flights 1, 2, and 3 were used to develop this data set. Table 6.2 presents the
mean stability derivative estimate values for the flight test basis data set and the associated
confidence levels for the desired confidence intervals. Also presented in Table 6.2 are the actual
confidence intervals based on a 95% confidence level. The equation used to calculate 95%
confidence level intervals is given at Appendix D, Calm Air Stability Derivative Estimation
Results. The mean stability derivative estimate values for the flight test basis data set were the
result of averaging 32 separate estimates. Stability derivative estimates for each pass in calm air

are presented in Table D.1 of Appendix D.
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Table 6.2. F-16B Calm Air Mean Estimate Values and
Confidence Measures From PCPID Alone

Stability Mean Desired Confidence Actual
Derivative Estimate Confidence Level! Confidence
Value Interval (percent) Interval?
Cy. (per deg) 0.0714 +2.5E-03 100.0 + 8.9E-04
Cys. (per deg) 0.0132 +2.0E-03 100.0 + 6.8E-04
C.. (per deg) 0.0008 +2.5E-04 66.1 +5.3E-04
C,, (per rad) -3.1380 +4.0E-01 86.3 +5.3E-01
C..s. (per deg) -0.0114 +4.0E-04 70.6 + 7.7E-04

Notes: 1. PCPID - Personal Computer Parameter Identification
2. Calculations based on 32 samples
3. Flight Condition: 4,000 ft PA, 0.65 M, Calm Air
4. cgrange: 37.38 to 36.15 percent mean aerodynamic chord

IConfidence level based on desired confidence interval
2Actual confidence interval based on 95 percent confidence level

The desired confidence intervals were chosen prior to flight tést based on previous
experience which indicated that stability derivative values that fluctuate less than the chosen
confidence interval will not significantly affect the characteristics of the aircraft response (Nagy,
1976:70 to 71; Roskam, 1979:235 to 236; Flying Qualities Branch, 1994:302). Since the
desired confidence intervals for C,, and C,,, were very small, it was difficult to meet them based
on a 95 percent confidence level. The actual C,, and C,, confidence iﬁtewals were still
considered very tight. Performing more passes could have decreased the C,, and C,,, confidence
intervals to their desired values.

The confidence interval for C,, was not met due to the inherent difficulty in estimating C,,
from flight data. Despite that, the actual confidence interval for C,, was considered acceptable.

Table 6.3 provides a quantitative description of the variation and confidence in the stability

derivative estimates of the flight test basis data set. This table presents the average Cramer-Rao
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bound for each of the five stability derivatives as well as the standard deviation for each
derivative based on 32 estimates.

The Cramer-Rao bound was a measure of PCPID confidence in each stability derivative
estimate. The smaller the Cramer-Rao bound, the more confidence in the estimate. .The
Cramer-Rao bound values presented throughout this report were the actual bounds multiplied by
a factor of 10. This was based on common practice to more closely match the size of the bounds
to the scatter of the estimates and to account for the fact that real noise is not white as assumed
by estimation theory (Maine and Iliff, 1986:135 to 137). Cramer-Rao bounds for each flight test
basis data set run are presented in Table D.1 of Appendix D, Calm Air Stability Derivative

Estimation Results.

Table 6.3. F-16B Calm Air Standard Deviations and
Mean Cramer-Rao Bounds From PCPID Alone

Stability Derivative Standard Deviation Mean Cramer-Rao Bound'
Cy. (per deg) 0.0025 +4.4E-03
Cys. (per deg) 0.0019 +4.8E-03
C.,. (per deg) 0.0015 +5.7E-04
C,, (per rad) 1.4808 +1.1E-00
C..s. (per deg) 0.0021 19.9E-04

Notes: 1. PCPID - Personal Computer Parameter Identification
2. Calculations based on 32 samples
3. Flight condition: 4,000 ft PA, 0.65 M, Calm Air
4. cgrange: 37.38 to 36.15 percent mean aerodynamic chord

ICramer-Rao bounds have been multiplied by a factor of 10

The small mean Cramer-Rao bounds in Table 6.2 indicated high PCPID confidence in the

stability derivative estimates.
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Figure 6.1 graphically depicts information similar Table 6.3. Instead of presenting the
average Cramer-Rao bound for each stability derivative, as given in Table 6.3, Figure 6.1
presents the Cramer-Rao bound for each individual stability derivative estimate of C,, in the

basis data set. The estimate scatter can be seen as well in Figure 6.1.
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Notes: Flight Condition: 4,000 ft PA, 0.65 M, Calm Air

1.
2. cgrange: 37.38 to 36.15 percent mean aerodynamic chord
3. Cramer-Rao bounds have been multiplied by a factor of 10
4. PCPID - Personal Computer Parameter Identification

Figure 6.1. Example F-16B Calm Air Stability Derivative Estimates
and Cramer-Rao Bounds From PCPID Alone

The scatter of points along the x-axis was due to varying angle of attack during flight as fuel
was used and the center of gravity shifted.
Large scatter along the y-axis indicated less precision, and hence, less confidence in the

estimate values. Associated with that scatter was the size of the Cramer-Rao bound as displayed
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by bars for each estimate. In general, the scatter and Cramer-Rao bounds of the flight test basis
data set were small, leading to high confidence in the precision and accuracy of the estimates.
Figure 6.2 presents a representative comparison between the test aircraft actual responses to

the given doublet input and the PCPID computed time histories.
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Notes: 1. PCPID - Personal Computer Parameter Identification
2. Flight Condition: 4,000 ft PA, 0.65 M, Calm Air
3. cglocation: 36.50 percent mean aerodynamic chord

Figure 6.2. Example F-16B Calm Air Time History Matches From PCPID Alone

The closer the computed time histories were to the actual responses, the higher the

confidence in the final PCPID stability derivative estimates. The excellent time history matches
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shown in Figure 6.2 were typical for the flight test basis data set and were qualitatively judged to
indicate high confidence in the derivative estimates used to create the computed time histories.

Complementing the qualitative time history matches were the cost function values. The cost
funiction values were a quantitative indication of how closely the PCPID computed time histories
matched the measured time histories. The derivative estimates for a run with smaller cost
function values were considered more accurate than those estimates associated with larger cost
function values. The values of the cost functions were equalized at unity for the first 10 calm air
passes by varying response parameter weightings within PCPID. These weightings were then
used for all subsequent PCPID processing.

Table 6.4 presents the average cost function value for each response parameter used to

develop the flight test basis data set along with the associated weightings used in PCPID.

Table 6.4. F-16B Response Weighting and Calm Air
Mean Cost Function Values From PCPID Alone

Response Parameter ‘Weighting Value | Mean Cost Function Value'
Angle of Attack (deg) 23 3.24
Pitch Rate (deg / sec) 3 2.11
Pitch Angle (deg) 14 1.85
Normal Acceleration (g) 60 3.48

Notes: 1. PCPID - Personal Computer Parameter Identification
2. Flight condition: 4,000 ft PA, 0.65 M, Calm Air
3. cgrange: 37.38 to 36.15 percent mean aerodynamic chord

'Based on 32 samples

The small mean cost function values for the flight test basis data set correlated with the

excellent time history matches shown in Figure 6.2.
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6.4 Calm Air Results From the Have Derivatives Process With PCPID

This section presents the calm air stability derivative estimation results found using the Have
Derivatives process with PCPID. Results from simulations using an F-16B computer model are
presented first to lay the foundation for the flight results that follow.

The HD_SIM program described in Chapters 3 and 4 was modified and used to validate the
Have Derivatives process with an F-16B model prior to flight test. The flight condition in the
program was changed to the desired Have Derivatives test condition of 4,000 feet PA and
0.65 M. Another modification included changing the aircraft model in the program to that of the
F-16B test aircraft. The longitudinal stability derivatives were changed to the mean values from
the flight test basis data set, as presented in Table 6.2, rounded to one significant digit. Finally,
the mass and inertia properties of the program model were changed to reflect the test aircraft’s
weight and balance condition midway through a test mission, assuming standard fuel burn.

The first simulation resulted in divergent angle of attack, pitch rate and normal acceleration
responses to a simulated ideal impulse input. This was due to the positive C,, value of 0.0008
per degree. To produce a dynamically stable longitudinal response, C,,, was changed to -0.0001
per degree and the simulation was repeated. It should be noted that although the mean value of
C.., from the basis data set of 32 samples was 0.0008 per degree, there were 11 passes where C,,,
was estimated to be equal to or more negative than -0.0001 per degree, with the most negative
being -0.0012 per degree. The results of the second simulation, presented in Figure 6.3, were
much better. Simulated ideal impulse responses are presented as dotted lines while the discrete
pulse responses are solid lines. The simulated ideal impulse responses were generated by

MATLAB’s® LSIM.M routine as described in Chapter 3 using the stabilator simulated ideal
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impulse input shown in Figure 6.3. The discrete pulse responses were produced from running a

broadband input and responses through the Have Derivatives process.
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——— F-16B Discrete Pulse Response From Simulated Data

Notes: 1. Flight Condition: 4,000 ft PA, 0.65 M
2. cg location: 36.76 percent mean aerodynamic chord
3. No process or measurement noise

Figure 6.3. F-16B Simulated Ideal Impulse Responses and
Discrete Pulse Responses From Simulated Data

Figure 6.3 showed that the matches of the discrete pulse responses to the simulated ideal
impulse responses were excellent, as with the AT-37B simulations.
The horizontal stabilator simulated ideal impulse input and the discrete pulse responses from

the Have Derivatives process were entered into PCPID. The time history matches are presented
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in Figure 6.4. The solid lines are the measured time histories while the dotted lines are the

PCPID computed time histories.
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Figure 6.4. Matches of PCPID Computed Time Histories to F-16B

Discrete Pulse Responses From Simulated Data

PCPID matched the simulated discrete pulse response time histories almost perfectly as with

the AT-37B simulations. The numerical results are presented in Table 6.5 which contains the
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actual derivative values used in the simulation model along with the PCPID estimates and their

Cramer-Rao bounds.

Table 6.5. F-16B Noise Free Simulation, Actual and Estimated Derivative Values and
Cramer-Rao Bounds From Have Derivatives Process With PCPID

Sta.bili.ty Actual Value Estimated Value Cramer-Rao Bound!
Derivative
Cy. (per deg) 0.0700 0.0714 19.6E-04
Cys. (per deg) 0.0100 0.0106 +6.9E-04
C... (per deg) -0.0001 -0.00005 +2.3E-05
C.,., (per rad) -3.0000 -3.3600 +1.3E-01
C..z. (per deg) -0.0100 -0.0102 +1.1E-04

Notes: 1. PCPID - Personal Computer Parameter Identification
2. Flight condition: 4,000 ft PA, 0.65M
3. cglocation: 36.76 percent mean aerodynamic chord
4. No process or measurement noise

ICramer-Rao bounds have been multiplied by a factor of 10

The very small Cramer-Rao bounds indicated the high confidence PCPID had in the
accuracy of the F-16B simulation estimates which were very close to the actual estimate values
used to build the simulation model. The minor deviations were due to estimation errors induced
by the Have Derivatives process as well as the nature of the parameter estimation problem. The
deviations were acceptable and the Have Derivatives process was validated with the F;16B
model. The calm air flight data results from the Have Derivatives process with PCPID are next.

Pitch frequency sweep ini)ut and response time histories were processed post flight using the
MATLABS® script file HDPROCES.M as discussed in Chapter 5. The coherence and frequency
response of each longitudinal response to the frequency sweep input was qualitatively evaluated
for data quality during processing. Most calm air frequency responses were excellent up to

about 10 radians per second before deteriorating due to high frequency noise. Calm air data
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coherence was generally above 0.8 up to 10 radians per second. A typical set of calm air discrete

pulse responses, rendered by the Have Derivatives process, are shown in Figure 6.5.
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Notes: 1. Flight Condition: 4,000 ft PA, 0.65 M, Calm Air
2. cglocation: 37.03 percent mean aerodynamic chord

Figure 6.5. F-16B Calm Air Discrete Pulse Responses From the Have Derivatives Process

The high frequency noise noted in the average frequency responses was transformed into the
time domain and degraded the discrete pulse responses shown in Figure 6.5. Although the
responses were generally of the correct shape, the high frequency noise in the signals made it

difficult for PCPID to estimate derivatives.

6.13




The responses shown in Figure 6.5 were imported into PCPID along with a simulated ideal

impulse input. The resulting time history matches are shown in Figure 6.6.
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Notes: 1. PCPID - Personal Computer Parameter Identification
2. Flight Condition: 4,000 ft PA, 0.65 M, Calm Air
3. cglocation: 37.03 percent mean aerodynamic chord

Figure 6.6. Matches of PCPID Computed Time Histories to F-16B Calm Air Discrete
Pulse Responses From the Have Derivatives Process

Note that the simulated ideal impulse is located at the first time step to align with the first

point of the discrete pulse responses. PCPID attempted to match the underlying responses by
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disregarding the high frequency components and computing time histories that matched the
general shape of the measured time histories. The resulting derivative values and Cramer-Rao

bounds are given in Table 6.6, along with associated mean values from the basis data set.

Table 6.6. F-16B Calm Air Results From the Have Derivatives Process With PCPID
and Associated Flight Test Basis Data Set Results

Basis Data Set Results Calm Air Results
Stability - Calm Air, PCPID Alone! Have Derivatives Process with PCPID?
Derivative Mean Mean ) Cramer-Rao | Deviation
i Cramer-Rao | Estimate ]
Estimate Bound Bound from Basis®

C. (per deg) 0.0714 +4.4E-03 0.0452 +1.1E-02 10.48
Cus. (per deg) 0.0132 +4.8E-03 0.0417 +6.6E-03 15.00
C.. (per deg) 0.0008 +5.7E-04 0.0007 +4.2E-04 0.07
C., (per rad) -3.1380 +1.1E-00 -6.4184 +1.2E-00 2.22
C..:. (per deg) -0.0114 +9.9E-04 -0.0166 +2.0E-03 2.48

Note: 1. PCPID - Personal Computer Parameter Identification
2. Flight condition: 4,000 ft PA, 0.65 M, Calm Air
3. cglocation: 37.03 percent mean aerodynamic chord
4. Cramer-Rao bounds have been multiplied by a factor of 10

'‘Based on 32 samples
?Based on 1 sample
SNumber of standard deviations from basis data set mean estimate

Although the estimate for C,,, appeared to be accurate, based on its small Cramer-Rao bound
and small deviation from the basis data set mean estimate for C__, the results for the other four
derivatives were not acceptable. All four had a larger Cramef—Rao bound than the basis data set
values for the same derivatives and each was at least two standard deviations from the basis data
set mean estimate for their associated derivative. The results for C,, and C,;, were ‘particular]y
poor. Also, the Have Derivatives results were very sensitive to response weighting in PCPID,

requiring considerable effort to achieve the results shown in Table 6.6.
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The poor calm air Have Derivatives results led to the conclusion that the high frequency
content on the discrete pulse responses had to be minimized if acceptable PCPID results were to
be achieved.

One idea to minimize the noise was to append frequency sweep data from several passes to
artificially increase the maneuver length, thereby increasing the number of sections that would
be averaged within the Have Derivatives process. This approach required excessive flight data
and produced only marginal improvement over processing one pass so it was not adopted.

The source of the problems appeared to be the lack of uniformly distributed frequency
content in the frequency sweep flight test input. Recall that a broadband input was used in
simulation with excellent results. Because the broadband input possessed nearly uniform
frequency content, the ensemble averaging was effective at minimizing variance (noise). As
more sections were averaged, the random components in the sections were minimized while the
repetitive components, which defined the frequency responses of the aircraft, were amplified. In
contrast, the frequency sweeps used in flight did not have uniformly distributed frequency
content. The sweeps produced good frequency responses up to about 10 radians per second but
were not effective with ensemble averaging. A uniformly distributed frequency content input
could be applied through a programmed test input test set and should give better results with the
ensemble averaging step of the Have Derivatives process.

Other‘ approaches were investigated to minimize the noise when it was determined that the
ensemble averaging was not effective enough with the frequency sweep flight test input.
Because the contamination of the discrete pulse responses was due mainly to high frequency
measurement noise, low-pass Butterworth filters were applied to the response signals prior to

putting them through the Have Derivatives process.
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A Butterworth type filter was chosen for its desirable property of being maximally flat in the
pass-band and because it had been widely used for anti-aliasing in flight test instrumentation
systems (Flying Qualities Branch, 1992:12-27).

Various combinations of filter order and frequency cutoff were examined. It was found that
higher order filters could be used without noticeable increases in computation time. A ﬂinth
order filter was chosen as a good tradeoff between steep rolloff and filter complexity.

The cutoff frequency needed to be high enough so as not to distort the low frequency
responses while being low enough to minimize the higher frequency noise. A cutoff frequency
of 20 radians per second was determined to be the optimal choice for this research.

To avoid adding phase lag to the signals, the filters were applied both forward and reverse in
time using the FILTFILT.M routine in MATLAB’s® Signal Processing Toolbox®. Given all of
the signal samples, the algorithm used information from the sample before and after each current
sample to accomplish filtering with zero-phase distortion (Krauss and others, 1994:1-16). In
addition to performing zero-phase digital filtering, the algorithm minimized startup transients by
adjusting initial conditions to match the direct current component of each signal (Krauss and
others, 1994:2-102). |

The best results were achieved by filtering only the responses and not the frequency sweep
input signal prior to Have Derivatives processing. However, there was concern that the
simulated ideal impulse input would no longer correlate with the discrete pulse responses that
had been shaped by the filters. That concern was validated with PCPID results when it was
noted that the C,_;, estimates were about half of the magnitude of the basis data set mean estimate
of C ..

To achieve a better match between the simulated ideal impulse input and the filtered discrete

pulse responses, the same Butterworth filter was applied to the simulated ideal impulse signal
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using the FILTFILT.M routine. The PCPID results from the filtered input and discrete pulse

responses were noticeably better than without filtering. Typical time history matches are

presented in Figure 6.7.
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Figure 6.7. Matches of PCPID Computed Time Histories to Filtered F-16B Calm Air
Discrete Pulse Responses From the Have Derivatives Process

The time history matches presented in Figure 6.7 were very good with the only exception

being the initial few points of the normal acceleration response. Figure 6.7 clearly shows that
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the low-pass filters were able to eliminate most of the high frequency noise that was present on
the same signals, shown unfiltered in Figure 6.6. Table 6.7 provides a comparison of the filtered

Have Derivatives results along with the associated flight test basis data set results.

Table 6.7. F-16B Filtered Calm Air Results From the Have Derivatives Process With PCPID
and Associated Flight Test Basis Data Set Results

Basis Data Set Results Filtered Calm Air Results
Stability Calm Air, PCPID Alone'? Have Derivatives Process with PCPID?*
Derivative Mean Mean Estimat Cramer-Rao | Deviation
Estimate Cr%n:lrr;;(ao sumate Bound from Basis®
Cy. (per deg) 0.0714 +4 4E-03 0.0661 +4.2E-03 2.12
Cow. (per deg) 0.0132 +4.3E-03 0.0182 £5.1E-03 2.63
C... (per deg) 0.0008 +5.75-04 0.0007 T1.1E-04 0.07
C,, (per rad) -3.1380 +1.1E-00 -7.0223 +3.9E-01 2.62
C.. (perdeg) | -0.0114 +9.9E-04 200132 | 53E-04 0.86

Notes: 1. PCPID - Personal Computer Parameter Identification
2. Flight condition: 4,000 ft PA, 0.65 M, Calm Air
3. Cramer-Rao bounds have been multiplied by a factor of 10

'cg range: 37.38 to 36.15 percent mean aerodynamic chord
’Based on 32 samples _

3 cg location: 37.03 percent mean aerodynamic chord

‘Based on 1 sample

SNumber of standard deviations from basis data set mean estimate

Comparing the filtered Have Derivatives results from Table 6.7 to the unfiltered Have
Derivatives results from Table 6.6 revealed that improvement was attained through the use of the
filters. The Cramer-Rao bounds for all five filtered estimates were smaller than the unfiltered
estimate Cramer-Rao bounds. In fact, the filtered estimate Cramer-Rao bounds were smaller
than the flight test basis data set mean Cramer-Rao bounds for all derivatives but Cy,,, which was
only slightly larger than the associated flight test basis data set value. This was considered

significant as the comparison was made between the flight test basis data set mean Cramer-Rao
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bounds, which were an average of 32 samples, and the single filtered Have Derivatives sample.
The intermediate conclusion was that filtering resulted in smaller Cramer-Rao bounds which
indicated greater confidence in the accuracy of the estimates.

The comparison of the filtered estimate deviations from the flight test basis data set to the
unfiltered estimate deviations from the flight test basis data set was not as conclusive. Although
the deviations of the filtered estimates were much smaller for C,, Cy;. and C_;., the deviation of
C,. was the same while the deviation of the filtered C,,, was slightly larger. Also, three of the
five filtered Have Derivatives estimates were still greater than two standard deviations from the
basis data set mean estimates. That much deviation was considered unacceptable.

The filtering improved the Cramer-Rao bounds but the large deviations indicated that there
were still some problems with the approach of using low-pass Butterworth filters to remove the
noise. Although the FILTFILT.M routine had the desirable ability to filter the signals without
adding phase lag, it did alter the amplitude of the signals slightly by a factor of the filter
magnitude squared (Krauss and others, 1994:1-17). The amount of attenuation varied depending
on the frequency content of the originél signals. Those signals that had frequency content in the
pass-band were less affected than those that contained frequencies above the pass-band. For
example, the filters affected the high frequency simulated ideal impulse signal more than the low
frequency responses, resulting in degraded correlation between the input and response signals.

Based on these results, for signals used in parameter estimation, it is recommended that
low-pass filters not be used to remove noise unless absolutely necessary, and then only at a

cutoff frequency high enough above the dynamics of interest so as not to corrupt those dynamics.
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6.5 Turbulent Air Results From PCPID Alone

A flight test data set of turbulent air stability derivative estimation results was developed
using PCPID alone on aircraft pitch doublet input and response data. The data were from those
passes of Flights 4 through 11 where the normal acceleration deviations at the approximate short
period undamped natural frequency of 1 radian per second were measured to be greater than
0.3 g. In this section, the turbulent air data set results are compared to associated flight test basis
data set results, developed from calm air data using PCPID alone.

Table 6.8 presents mean stability derivative estimate values and confidence intervals based
on a 95% confidence level. The equation used to calculate 95% confidence level intervals is
given at Appendix E, Turbulent Air Stability Derivative Estimation Results. The stability

derivative estimates for each pass in turbulent air are presented in Table E.1 of Appendix E.

Table 6.8. F-16B Turbulent Air Mean Stability Derivative Estimate Values
and Confidence Intervals From PCPID Alone

Basis Data Set Turbulent Air
Stability Calm Air, PCPID Alone'? PCPID Alone*
Derivative Mean Estimate Confidence Mean Estimate Confidence
Value Interval® Value Interval®
Cy. (per deg) 0.0714 +8.9E-04 0.0693 +1.67E-03 .
Cyes. (per deg) 0.0132 +6.8E-04 0.0174 +2.26E-03
C... (per deg) 0.0008 +5.3E-04 0.0010 +3.99E-04
C,, (per rad) -3.1380 +5.3E-01 -3.5564 +7.91E-01
C..s. (per deg) -0.0114 +7.7E-04 -0.0111 +7.80E-04

Notes: 1. PCPID - Personal Computer Parameter Identification
2. Flight Condition: 4,000 ft PA, 0.65 M

lcg range: 37.38 to 36.15 percent mean aerodynamic chord
2Based on 32 samples

3Confidence interval based on 95 percent confidence level
‘cg range: 37.38 to 35.88 percent mean aerodynamic chord
’Based on 52 samples

‘Confidence interval based on 95 percent confidence level
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The confidence intervals presented in Table 6.8 overlapped for all derivatives except Cy.
Despite this, the turbulent air Cy;, value was close enough to say the turbulent air derivative
estimates calculated using PCPID alone were of the same population as the basis data set.

The standard deviation and mean Cramer-Rao bound are given in Table 6.9 for each
derivative of the flight test basis data set and turbulent air data set. The Cramer-Rao bounds for
each turbulent air data set run are presented in Table E.1 of Appendix E, Turbulent Air Stability

Derivative Estimation Results.

Table 6.9. F-16B Turbulent Air Stability Derivative Standard Deviations
and Mean Cramer-Rao Bounds From PCPID Alone

Basis Data Set Turbulent Air
Stability Calm Air, PCPID Alone 2 PCPID Alone**
Derivative Standard - Mean Standard Mean
Deviation Cramer-Rao Deviation Cramer-Rao
Bound Bound
Cy. (per deg) 0.0025 +4.4E-03 0.0060 +6.5E-03
Che. (per deg) 0.0019 +4.8E-03 0.0081 +8.6E-03
C... (per deg) 0.0015 +5.7E-04 0.0014 +8.0E-04
C.., (per rad) 1.4808 +1.1E-00 2.8403 +1.9E-00
C.s. (per deg) 0.0021 +9.9E-04 0.0028 +1.6E-03

Notes: 1. PCPID - Personal Computer Parameter Identification
2. Flight Condition: 4,000 ft PA, 0.65 M

'cg range: 37.38 to 36.15 percent mean aerodynamic chord 2Based on 32 samples
P p
‘cg range: 37.38 to 35.88 percent mean aerodynamic chord “Based on 52 samples

The standard deviation for each turbulent air data set stability derivative was larger than its
corresponding basis data set derivative except for C,,. However, the standard deviation of C_,
was the smallest for both data sets. Additionally, the turbulent C_, estimate was nearly identical

to the basis C,, estimate and C,, had the lowest mean Cramer-Rao bound in both sets. These
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results indicated that PCPID was able to achieve its best results when estimating C,_,, even when

turbulence was present.

As expected, the turbulent data set mean Cramer-Rao bound was larger than the

corresponding flight test basis data set mean Cramer-Rao bound for each of the derivatives.

Overall, the standard deviation and mean Cramer-Rao bound results indicated that there was

greater scatter within the turbulent data set and less confidence in the individual estimates.

Figure 6.8 presents the Cramer-Rao bound for each individual estimate of Cy, in the turbulent air

data set and shows the scatter of the turbulent data set estimates.
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Figure 6.8. Example F-16B Turbulent Air Stability Derivative Estimates

and Cramer-Rao Bounds From PCPID Alone
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The scatter of the turbulent air data along the vertical axis in Figure 6.8 was greater than the
calm air (basis) data shown in Figure 6.1 and the individual turbulent air estimate Cramer-Rao
bounds were generally larger. The larger vertical scatter in Figure 6.8 indicated less precision,
and hence, less confidence in the estimate values, while the larger Cramer-Rao bounds for the
turbulent air data set indicated lower confidence in the accuracy of the estimates.

Figure 6.9 presents a representative comparison between the test aircraft turbulent air time

history responses to the given doublet input and the PCPID computed time histories.
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Notes: 1. PCPID - Personal Computer Parameter Identification
2. Flight Condition: 4,000 ft PA, 0.65 M, Turbulent Air
3. cglocation: 36.85 percent mean aerodynamic chord

Figure 6.9. Example F-16B Turbulent Air Time History Matches From PCPID Alone
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The turbulent air time history matches of Figure 6.9 were poor as compared to the calm air
time history matches shown in Figure 6.2. The parameter estimation routine in PCPID had a
difficult time discerning the true aircraft responses due to the doublet input from the response
variations due to turbulence. The solution it converged to was a compromise that produced the
poorer results discussed earlier in this section.

Complementing the qualitative time history matches were the numerical cost function
values. Recall that the derivative estimates for a run with smaller cost function values were
considered more accurate than those estimates associated with larger cost function values. Mean

cost function values for the basis data set and turbulent air data set are shown in Table 6.10.

Table 6.10. F-16B Mean Cost Function Values From PCPID Alone

Output Calm Air, PCPID Alone Turbulent Air, PCPID Alone?
Response (Basis Data Set)!
Parameter Weighting Mean Cost Weighting Mean Cost
Value Function Value? Value Function Value*
Angle of Attack (deg) 23 3.24 23 16.88
Pitch Rate (deg / sec) 3 2.11 3 449
Pitch Angle (deg) 14 1.85 14 5.82
Normal Acceleration (g) 60 348 60 21.90
Notes: 1. PCPID - Personal Computer Parameter Identification

2. Flight Condition: 4,000 ft PA, 0.65 M

'cg range: 37.38 to 36.15 percent mean aerodynamic chord
Based on 32 samples
scg range: 37.38 to 35.88 percent mean aerodynamic chord
‘Based on 52 samples

As expected, the turbulent air data set had larger mean cost function values which indicated
less accuracy in the estimates given by PCPID for that data set as compared to the flight test
basis data set. The higher cost function values for the turbulent air data set were due to poor

time history matches like those shown in Figure 6.9.
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6.6 Turbulent Air Results From the Have Derivatives Process With PCPID

Turbulent air results from the Have Derivatives process with PCPID are presented in this
section. F-16B simulation results are first discussed to illustrate the effectiveness of the Have
Derivatives process with the F-16B model. Problems encountered when using the Have
Derivatives process with turbulent flight data are next presented including results obtained with
the addition of low-pass Butterworth filters.

Simulated F-16B angle of attack responses are shown in Figure 6.10 to highlight the
degradation due to process and measurement noises and to demonstrate the effectiveness of the

Have Derivatives process at minimizing noise induced variance through ensemble averaging.
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Notes: 1. Flight Condition: 4,000 ft PA, 0.65 M
2. cg location: 36.76 percent mean aerodynamic chord

ISame noise used for both cases

Figure 6.10. F-16B Noise Free and Noisy Simulated Angle of Attack Responses
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The simulation was accomplished with the F16_SIM program discussed earlier. The noise
free ideal impulse response was included as a reference. The same level of process and
measurement noise was used for both the discrete pulse response and simulated ideal impulse
response. The discrete pulse response was created by processing a broadband input and response
through the Have Derivatives process. The simulated ideal impulse response was produced by a
linear simulation with the simulated ideal impulse as the input. The simulated ideal impulse
response represented a typical turbulent air signal that could be given to PCPID to estimate
stability derivatives. The impact of that level of turbulence was covered in the previous section.
The discrete pulse response demonstrated the effectiveness of the Have Derivatives process. The
noise was minimized by the process to give a response that nearly matched the noise free ideal
impulse response.

The angle of attack, pitch rate and normal acceleration discrete pulse responses from
simulated noisy data were imported into PCPID along with a simulated ideal impulse input as
before. PCPID was able to match the responses well and rendered derivative results that were as
good as the calm air simulation results presented in Table 6.5. Next is a description of the
difficulties encountered when attempting to use the Have Derivatives process on flight test data.

Unfortunately, the problems that were encountered with the calm air flight data using the
Have Derivatives process were again encountered with turbulent air flight data. Lack of
uniformly distributed frequency content in the frequency sweep flight test input and higher levels
of turbulence resulted in unreasonable discrete pulse responses from the Have Derivatives
process. A typical set of turbulent air discrete pulse responses are shown in Figure 6.11. In
particular, notice the unreasonable initial values as indicated by the vertical scales which were

increased by a factor of 5 to 10 over the calm air scales in Figure 6.5.
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Figure 6.11. F-16B Turbulent Air Discrete Pulse Responses From the Have Derivatives Process

The responses in Figure 6.11 were imported into PCPID along with the simulated ideal
impulse input. The resulting time history matches were practically useless as PCPID attempted
to correlate the excessive initial values of the discrete pulse responses with the simulated ideal
impulse input. Unreasonable stability derivative estimates were computed by PCPID in
conjunction with the very poor time history matches. Finally, excessive Cramer-Rao bounds
completed the unfiltered turbulent air results from the Have Derivatives process with PCPID.

The extremely poor results indicated that the Have Derivatives process was ineffective at

minimizing the noise degradation. Perhaps a broadband input would have enabled the ensemble

6.28




averaging step of the process to minimize the variance as it had in simulation, giving much better

turbulent air stability derivative estimation results.

The same low-pass Butterworth filters were applied to the turbulent air data, using

MATLAB’s® FILTFILT.M routine, as was done with the calm air data. Again, the simulated

ideal impulse input was filtered independently and imported into PCPID along with the filtered

discrete pulse responses. Time history matches of the filtered turbulent air signals are presented

in Figure 6.12.
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Figure 6.12. Matches of PCPID Computed Time Histories to Filtered F-16B Turbulent Air
Discrete Pulse Responses From the Have Derivatives Process
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The time history matches in Figure 6.12 were very good considering how degraded the
signals were prior to filtering, as shown earlier in Figure 6.11. As in the calm air example; the
low-pass Butterworth filters were able to eliminate most of the high frequency noise. Despite
the greatly increased degradation present in Figure 6.11, as compared to the unfiltered calm air
responses in Figure 6.5, the filtered turbulent air responses in Figure 6.12 were almost identical
to the filtered calm air signals in Figure 6.7. Those qualitative comparisons illustrated well the
effectiveness of the low-pass filters.

To quantify the low-pass filters’ effectiveness, comparisons are made in Table 6.11 between
filtered turbulent air results from the Have Derivatives process with PCPID, filtered calm air

results from the Have Derivatives process with PCPID and the flight test basis data set results.

Table 6.11. F-16B Filtered Results From the Have Derivatives Process With PCPID '
and Associated Flight Test Basis Data Set Results

Basis Data Set Filtered, Calm Air, Filtered, Turbulent Air,
Stabili Calm Air, Have Derivatives Have Derivatives
abtlity PCPID Alone 2 with PCPID** with PCPID**
Derivative Mean CMean Estimate | Cramer- Estimate | Cramer-
ramer-
Estimate Rao Bound Rao Bound Rao Bound

Cy. (perdeg) | 0.0714 +4.4E-03 0.0661 +4.2E-03 0.0639 +6.2E-03
Cys (perdeg) [ 0.0132 +4.8E-03 0.0182 +5.1E-03 0.0192 +8.1E-03
C.. (perdeg) [ 0.0008 +5.7E-04 0.0007 +1.1E-04 0.0001 +1.4E-04
C., (perrad) | -3.1380 +1.1E-00 | -7.0223 +3.9E-01 -3.9577 16.2E-01
C.s (perdeg) | -0.0114 +9.9E-04 | -0.0132 +5.3E-04 -0.0104 19.0E-04

Notes: 1. PCPID - Personal Computer Parameter Identification
2. Flight condition: 4,000 ft PA, 0.65 M
3. Cramer-Rao bounds have been multiplied by a factor of 10

Icg range: 37.38 to 36.15 percent mean aerodynamic chord
?Based on 32 samples

3cg location: 37.03 percent mean aerodynamic chord
“‘Based on 1 sample

Scg location: 36.85 percent mean aerodynamic chord

6.30




The results presented in Table 6.11 were mixed. All of the filtered turbulent air Have
Derivatives Cramer-Rao bounds were larger than the filtered calm air Have Derivatives results,
as expected. However, an unexpected finding was that the filtered turbulent air results showed
smaller Cramer-Rao bounds than the associated basis data set bounds for C,,, C,,, and C,..

Another unexpected outcome was that the filtered turbulent air Have Derivatives estimates
for C,, and C,;, were closer to their basis data set mean estimates than filtered calm air Have
Derivatives values for the same derivatives. Based the results, the low-pass filters appeared to be
effective at minimizing the estimation errors due to process and measurement noises.

A final set of numerical results are presented in Table 6.12. Filtered turbulent air results
using the Have Derivatives process with PCPID are quantitatively compared to associated basis

data set results and to turbulent air doublet results using PCPID alone.

Table 6.12. F-16B Filtered Turbulent Air Results From the Have Derivatives Process With
PCPID, Turbulent Air Doublet Results From PCPID Alone,
and Associated Flight Test Basis Data Set Results

Basis Data Set Doublet Input, Filtered, Turbulent Air
Calm Air Turbulent Air, Have Derivatives
PCPID Alone'? PCPID Alone’* with PCPID?**
Stability Mean Mean Estimate Cramer- Estimate Cramer-
Derivative Estimate Cramer- Rao Bound Rao Bound
Rao Bound

Cy. (per deg) 0.0714 +4.4E-03 0.0704 +3.9E-03 0.0639 +6.2E-03
Cu. (per deg) 0.0132 +4.8E-03 0.0179 +5.4E-03 0.0192 +8.1E-03
C... (per deg) 0.0008 +5.7E-04 0.0008 +3.0E-04 0.0001 +1.4E-04
C., (per rad) -3.1380 | +1.1E-00 | -4.1945 | +8.2E-01 -3.9577 | %6.2E-01
C.: (perdeg) | -0.0114 | +9.9E-04 | -0.0109 | +8.3E-04 | -0.0104 | +9.0E-04

Notes: 1. PCPID - Personal Computer Parameter Identification
2. Flight condition: 4,000 ft PA, 0.65M
3. Cramer-Rao bounds have been multiplied by a factor of 10

icg range: 37.38 to 36.15 percent mean aerodynamic chord ?Based on 32 samples
3cg location: 37.03 percent mean aerodynamic chord  “Data from Flight 5, Pass 5
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Again the results were mixed. While the filtered turbulent air Have Derivatives results in
Table 6.11 appeared to indicated significant benefit from using the low-pass filters, the turbulent
air doublet results in Table 6.12 were better in most cases. The turbulent air doublet estimates
were closer to the associated flight test basis data set mean estimates for all derivatives except

C_.. In addition, the turbulent air doublet Cramer-Rao bounds were smaller than the filtered

e
turbulent air Have Derivatives Cramer-Rao bounds except for C,,, and C,,.

While the comparisons from Table 6.11 appeared to indicate significant benefit from using
the low-pass Butterworth filters in conjunction with the Have Derivatives process, the
comparisons based on results in Table 6.12 indicated that equal or better performance was
achieved using the current method of processing doublet input and responses with PCPID alone.

Based on those observations, for signals used in parameter estimation, it is again
recommended that low-pass filters not be used to remove noise unless absolutely necessary, and
then only at a cutoff frequency high enough above the dynamics of interest so as not to corrupt
those dynamics.

Overall, the best flight data results were achieved using the current method in calm air.
Results using the Have Derivatives process with PCPID should improve with a uniformly
distributed frequency content input, such as the broadband input used in simulation. If flight

results approach the Have Derivative process performance realized in simulation, the process

should give better stability derivative estimation results in both calm and turbulent conditions.
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6.7 Summary

A flight test program was executed in accordance with the Project HAVE DERIVATIVES

test plan with the following conclusions:

1.

USAF Test Pilot School data reduction processes and test aircraft instrumentation were
validated using results presented in AFFTC-TLR-92-12.

A basis data set of calm air stability derivative estimation results was established with
high confidence using doublet input and response signals in PCPID alone.

As expected, turbulent air results using doublet input and response signals with PCPID
alone were consistently worse than calm air doublet results using PCPID alone.

The Have Derivatives process was validated with an F-16B simulation model, achieving
excellent results similar to earlier AT-37B simulations.

Calm and turbulent air results using the Have Derivatives process with PCPID were
unacceptable due to high frequency noise on the discrete pulse responses.

The ensemble averaging step of the Have Derivatives process was not effective enough
at removing the signal noise.

Low-pass Butterworth filters applied forward and reverse in time were very effecti;'e at
minimizing high frequency signal noise while inducing zero phase error.

Low-pass filters applied to the response signals before Have Derivatives processing, and
independently to a simulated ideal impulse input signal, resulted in smaller Cramer-Rao
bounds when incorporated into the Have Derivatives process with PCPID.

Variable amplitude attenuation caused by the low-pass filters resulted in unacceptable

estimate accuracy.
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7. Conclusions and Recommendation

7.1 Overview

Conclusions from simulation and flight test results are repeated in this chapter to summarize
the overall research findings. Based on the conclusions, a recommendation is made for

continued evaluation of the Have Derivatives process.

7.2 Simulation Conclusions

The following conclusions are drawn based on the simulation stability derivative estimation
results from PCPID alone and from the Have Derivatives process with PCPID:

1. A simulation baseline set of stability derivative estimation results was established from
simulated data with no noise, using a doublet input and PCPID alone.

2. Increasing process and / or measurement noise levels resulted in less accurate stability
derivative estimates.

3. The output error parameter estimation algorithm in PCPID performed best when given
the impulse response.

4. The optimum amount of section overlap was 50% for the given conditions of 1024 point
section length and 2048 point maneuver length.

5. For a maneuver length of 2048 points and 50% section overlap, best results were
achieved with a section length of 1024 points.

6. A maneuver length of 2048 points provided the best balance of accuracy and economy.
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7.3 Flight Test Conclusions

A flight test program was executed in accordance with the Project HAVE DERIVATIVES

test plan presented in Chapter 5 with the following conclusions:

L.

USAF Test Pilot School data reduction processes and test aircraft instrumentation were
validated against results presented in AFFTC-TLR-92-12.

A flight test basis set of calm air stability derivative estimation results was establfshed
with high confidence using doublet input and response signals in PCPID alone.

As expected, turbulent air results using doublet input and response signals with PCPID
alone were consistently worse than calm air doublet results using PCPID alone.

The Have Derivatives process was validated with an F-16B simulation model, achieving
excellent results similar to earlier AT-37B simulations.

Calm and turbulent air results using the Have Derivatives process with PCPID were
unacceptable due to high frequency noise on the discrete pulse responses.

The ensemble averaging step of the Have Derivatives process was not effective enough
at removing the signal noise.

Low-pass Butterworth filters applied forward and reverse in time were very effective at
minimizing high frequency signal noise while inducing zero phase error.

Low-pass filters applied to the response signals before Have Derivatives processing, and
independently to a simulated ideal impulse input signal, resulted in smaller Cramer-Rao
bounds when incorporated into the Have Derivatives process with PCPID.

Variable amplitude attenuation caused by the low-pass filters resulted in unacceptable

estimate accuracy.
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7.4 Recommendation for Further Research

The Have Derivatives process performed very well in simulation and should be evaluated
further in flight test. However, a broadband input, applied through a programmed test input
capability, should be used as the flight test input. A broadband input would provide the uniform
frequency content required by the ensemble averaging step of the Have Derivatives process.
With a broadband input, the Have Derivatives process should dramatically improve stability

derivative estimation results from both calm and turbulent air data.
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Appendix A : Have Derivatives Simulation Program

The complete code for the simulation program developed in Chapter 3 is presented in this
appendix. Comments within the code explain each section. The program was written and run
using MATLABS?, version 4.2¢.1 and the Signal Processing Toolbox®, version 3.0b.

This particular version of the program was modified for the F-16B that was used for flight

test. The earlier version contained AT-37B data supplied by the USAF Test Pilot School.

YUY Ve Ve VoYY YU so Voo Ve Voo Vo Ve e Ve YoY% Yo% %% S hohe N Voo %6 % %% % % % % Y6 %%

% %
% Have Derivatives Simulator (HD_SIM.M) %
% %
% Written by: Capt Lars Hoffman Version 5.0 1 October 1997 %
% %
% This script M-file creates continuous, linear, time-invariant, state space A, B,C,andD %
% matrices in physical variable form based on the short period approximation aircraft %
% equations of motion and user supplied constant and parameter inputs. %
% %
% Linear simulations using this model and user defined input are then accomplished both %
% with and without the Have Derivatives process (ensemble averaging). %
% %
% The output from these simulations are saved in GetData format for input into PCPID. %
% Additionally, various plots are drawn to aid analysis of results. %
% %

%%%%%%%%% %% %% %% %% %% %% %% %% %%% %% %% %% % %% %% %% % %% %%

close all % Close all figure windows
clear all % Clear MATLAB® memory
cle % Clear command window

YUV %%V %e % %Yo Yo% %% % Voo Yo %% % %Yo Yo %6 %% %% % Yo% %% % Yo% % %% Yo

% %
% The first section builds the aircraft model and inputs, including turbulence and %
% measurement noise. The noise levels can be adjusted by the user. %
% %

%%%%%%%%%% %% %% %% %% % %% %% % %% %% % %% %% %% % %% %% %% %% %%
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%%%%% Aircraft Type: F-16B

% YARIABLE DESCRIPTION

%%%%% Average Flight Conditions During Maneuver

alt = 4000.0; % average altitude
avg_qgbar = 540.0; % average dynamic pressure
avg_mach = 0.65; % average mach number
avg v=716.0; % average velocity
g=32.2; % gravitational acceleration

%%%%% Average Aircraft Mass Distribution
%

UNITS

[ft]

[Ibf/ft?]
[nondimensional]
[ft/sec]

[ft/sec?]

% These values were given by MASSCALC for a total fuel wéight of 4000 1b. This was typical
% for half way through a mission based on a normal F-16B fuel burn sequence.

mass = 695.93; % aircraft mass

ix = 8205.0; % aircraft roll inertia

iy =61237.0; % aircraft pitch inertia
iz=61509.0; " % aircraft yaw inertia

ixy = 0.0; % aircraft X-Y product of inertia
ixz=113.0; % aircraft Y-Z product of inertia
iyz=0.0; % aircraft Y-Z product of inertia

%%%%% Aircraft Reference Dimensions

area = 300.0; % aircraft reference area
span = 30.0; % aircraft reference span
chord =11.32; % aircraft reference chord

%%%%% Aircraft Center of Gravity Location
%

[slugs]

[slug-ft’]
[slug-ft’]
[slug-ft*]
[slug-ft’]
[slug-ft’]
[slug-ft’]

[f¢’]
[ft]
[ft]

% These values were calculated based on MASSCALC adjustments to reference cg location for

% the total fuel weight of 4000 Ib.

xcg =26.92; % X-coordinate of cg
ycg =0.01; % Y-coordinate of cg
zcg =7.62; % Z-coordinate of cg
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%%%%% Predicted Values for Longitudinal Stability and Control Derivatives

%

% These were the mean values from 32 calm air runs using doublet inputs and PCPID alone,
% which is the current stability derivative estimation method. The only exception is pcma

% which was actually 0.0007. Eleven of the runs resulted in values of cma from -0.0001 to

% -0.0012, while the other 21 runs had cma from 0.0000 to 0.0045. The positive values were
% due to the fact that the bare airframe F-16B has almost neutral static longitudinal stability at
% this flight condition and configuration.

%

% Because a positive cma in this program's aircraft model would yield a divergent response

% from the linear simulation, the small negative value of -0.0001 was used for the simulations.

pcNorma = 0.70e-1; % normal force due to alpha [1/deg]
pcNormde = 0.10e-1; % normal force due to elevator [1/deg]
pcma = -0.10e-3; % pitching moment due to alpha [1/deg]
pcmq =-3.0; % pitching moment due to pitch rate [1/rad]
pcmde =-0.10e-1; % pitching moment due to elevator [1/deg]

%%%%% Longitudinal Increments to Initial Conditions

alpha0 = 0.0; % increment to alpha initial condition [deg]
q0=10.0; % increment to pitch rate initial condition [deg/sec]

%%%%% Longitudinal Response Biases

alphaBias = 0.0; % measurement bias to angle of attack [deg]
qBias = 0.0; % measurement bias to pitch rate [deg/sec]
nzBias = 0.0; % measurement bias to normal acceleration [g]

%%%%% Longitudinal Instrumentation Corrections

%

% These values are referenced to flight station 0.0, aircraft centerline and ground. They were
% provided by the USAF TPS Instrumentation Branch and Mr. Chris Nagy of Quartic

% Engineering Inc.

ka=1.0; % upwash factor for angle of attack sensor [nondimensional]
xa =-2.29; % X-coordinate of angle of attack sensor  [ft]
ya=0.0; % Y-coordinate of angle of attack sensor  [ft]
za=7.58; % Z-coordinate of angle of attack sensor  [ft]
xnz = 6.87; % X-coordinate of normal accelerometer  [ft]
ynz = -0.64; % Y-coordinate of normal accelerometer  [ft]
znz = 8.13; % Z-coordinate of normal accelerometer  [ft]
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%%%%% Conversion Factor

r2d = 180/pi; % conversion from radians to degrees [deg/rad]
%%%%% Turbulence Model Constants

%

% These values were based on guidance found in MIL-STD-1797A and other references.
ow =4; % root-mean-square turbulence amplitude [ft/sec]

Lw = 500; % turbulence scale length / 2 [ft]

%%%%% Measurement Noise Filter State Space Model

nlg=.1; % over-all measurement noise level gain  [nondimensional]
ag=0.20; % alpha measurement uncertainty [deg]

qg =10.10; % q measurement uncertainty [deg/sec]

nzg = 0.04; % nz measurement uncertainty (gl

deg=0.15; % de measurement uncertainty [deg]

bfmo = 4; % Butterworth filter model order [nondimensional]
mnwn = 100; % measurement noise cutoff frequency [rad/sec]

[Amn,Bmn,Cmn,Dmn] = butter(bfmo,mnwn,'high','s");

%%%%% Aircraft Longitudinal State Space Model Including Turbulence (Dryden form)

cl = (r2d*avg_gbar*area) / (mass*avg_v);

c2 = (avg_qgbar*area*chord) / (2*mass*avg_v”2);

c3 = (r2d*avg_gbar*area*chord) / iy;

c4 = (avg_gbar*area*chord"2) / (2*iy*avg_v);

c5 = (r2d*ow*sqrt(avg_v)) / (Lw*sqrt(8*pi*Lw));

c6 = (r2d*ow*sqrt(pi*avg_v~3)) / (8*span*Lw*sqrt(2*Lw));
c7 = (r2d*ow*sqrt(3)) / sqrt(2*pi*Lw*avg_v);

c8 = (r2d*ow*sqrt(3*avg_v*pi)) / (4*span*sqrt(2*Lw));

c9 = (r2d*avg_v"2*pi"2) / (16*span"2),

¢10 = ((xcg - xnz)*chord) / iy;

apll =-c1*pcNorma;

ap13 = (cl*pcNorma*c5);

apl4 = (c1*pcNorma*c7);

ap21 = c3*pcma;

ap22 = c4*pcmg;

ap23 = (-c3*pcma*c5) - (c4*pcmqg*c6);
ap24 = (-c3*pcma*c7) - (c4*pcmqg*c8);
ap25 = -c4*pcmq*c9;
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ap43 = -(avg_v/~2)/ (4*Lw”2);
ap44 =-avg v/Lw;

ap53 =-c5;

ap54 =-c7;

ap55 = -(r2d*avg_v*pi) / (4*span);

Ap=[ apll 1 0 - apl4 0;

ap21 ap22 ap23 ap24 ap25;

0 0 0 1 0;
0 0 ap43 ap44 0;
0 0 ap53 ap54 ap55];

bpl1 = -c1*pcNormde;
bp21 = c3*pcmde;

Bp=[ bpll 0
bp21 0
0 0
1
0

~»

“

0
0

seooee

(== - e
i

oo oo o

cpll =ka;

cpl2 = (ka*(xa-xcg)) / avg_v;

cp31 = (((avg_gbar*area) / g) * (pcNorma / mass)) + (((avg_gbar*area) / g) * (c10*pcma));
cp32 = ((avg_gbar*area*chord)/(2*g*avg_v*r2d))*(c10*pcmq);

Cp=[ cpll cpl2 0 0 0;
0 1 0 0 0;
cp31 cp32 0 0 0;
0 0 -c5 -c7 0;
0 0 -c6 -c8 -c9];

dp31 = (((avg_qgbar*area) / g) * (pcNormde / mass)) + (((avg_gbar*area) / g) * (c10*pcmde));

Dp=[ O 0 1 0 0;
0 0 0 1 0;

dp3l 0 0 0 1;

0 0 0 0 0;
0 0 0 0 0];

%%%%% Measured Values of Longitudinal State Parameters at Initial Point

alphaz0 = 0; % measured angle of attack at initial point [deg]
qz0 = 0; % measured pitch rate at initial point [deg/sec] -

AS




%%%%% Initial Conditions

alpha_i = ((alphaz0 - alphaBias) / ka) + alpha0;
q_i=qz0 - qBias + q0;
x0 = [alpha_i; q_i; 0; 0; 0];

%%%%% Time Vector
ml = 4096; % Maneuver length

t=(0:1/67 : (ml*(1/67))-(1/67))’; % Time vector

%%%%% Input Matrices

simulated_ideal_impulse = [zeros(100,1); 67.*ones(1,1); zeros(length(t)-101,1)];

doublet = [zeros(100,1); ones(50,1); -ones(50,1); zeros(length(t)-200,1)];

3211 = [zeros(100,1); ones(60,1); -ones(40,1); ones(20,1); -ones(20,1); zeros(length(t)-240,1)];
sine_sweep = [zeros(100,1); sin(t.*(0.5*t)).*ones(length(t),1)];

sine_dwell = [zeros(100,1); sin(t).*ones(length(t),1)];

randn('seed',0);

Gblwinpt = randn(length(t)-100,1);

zmGblwinpt = Gblwinpt - mean(Gblwinpt); :
broad_band = [zeros(100,1); (1/std(zmGblwinpt)).*zmGblwinpt];

%%%%% Zero-Mean, Gaussian Distributed, Band-Limited, Noise Vectors

randn('seed’,10)

Gblwtpn = randn(length(t),1);
zmGblwtpn = Gblwtpn - mean(Gblwtpn);
zmGblwtpn = ow.*zmGblwtpn;

randn('seed’,20);

Gblwamn = randn(length(t),1);

zmGblwamn = Gblwamn - mean(Gblwamn);

camn = Isim(Amn, Bmn, Cmn, Dmn, zmGblwamn, t);
csamn = nlg * (ag / std(camn)).*zmGblwamn;

randn('seed',30);

Gblwgmn = randn(length(t),1);

zmGblwgmn = Gblwgmn - mean(Gblwqmn);

cqmn = Isim(Amn, Bmn, Cmn, Dmn, zmGblwgmn, t);
csqmn = nlg * (qg / std(cqmn)).*zmGblwgmn;
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randn('seed',40)

Gblwnzmn = randn(length(t),1);

zmGblwnzmn = Gblwnzmn - mean(Gblwnzmn);

cnzmn = Isim(Amn, Bmn, Cmn, Dmn, zmGblwnzmn, t);
csnzmn = nlg * (nzg / std(cnzmn)).*zmGblwnzmn;

randn('seed',50)

Gblwdemn = randn(length(t),1);

zmGblwdemn = Gblwdemn - mean(Gblwdemn);

cdemn = Isim(Amn, Bmn, Cmn, Dmn, zmGblwdemn, t);
csdemn = nlg * (deg / std(cdemn)).*zmGblwdemn;

Yo YoVe Yo% Yo Yoo VoY Yoo YooY e Ve Yoo Vo YoY% Ve Ve YoY%V Yo% %Yo Yo% % Yo% % % %% % %%

% %
% This section accomplishes linear simulations using user defined inputs. %
% %

YUY %% %% %% %% %% %% %% %% %% %% %% Yo% %o %o %o %% %% %% %% % % % %Yo Ye

%%%%% Unaveraged Responses for Comparison

% Unit Impulse Responses Without Noise

[ideal_impulse_responses] = [zeros(100,5); impulse(Ap, Bp, Cp, Dp, 1, t)];

% Responses Without Noise

u_sim_ideal = [doublet zeros(length(t),1) zeros(length(t),1) zeros(length(t),1) zeros(length(t),1)];
[y_sim_ideal] = Isim(Ap, Bp, Cp, Dp, u_sim_ideal, t, x0);

% Coherence Functions

C_sim_ideal(:,1) = cohere(u_sim_ideal(:,1),y_sim_ideal(:,1),fft],67,[],0.5*fftl,'mean’);
C_sim_ideal(:,2) = cohere(u_sim_ideal(:,1),y_sim_ideal(:,2),fft],67,[],0.5*fftl,'mean");
C_sim_ideal(:,3) = cohere(u_sim_ideal(:,1),y_sim_ideal(:,3),fftl,67,[],0.5*fft],'mean");

% Responses With Noise

u_turb_base = [doublet zmGblwtpn csamn csqmn csnzmn];

[y_turb_base] = Isim(Ap, Bp, Cp, Dp, u_turb_base, t, x0);

u_turb_base = u_turb_base(:,1) + csdemn(:,1);

A7




% Coherence Functions

C_turb_base(:,1) = cohere(u_turb_base(:,1),y_turb_base(:,1),fftl,67,[],0.5*fftl,'mean’);
C_turb_base(:,2) = cohere(u_turb_base(:,1),y_turb_base(:,2),fftl,67,[],0.5*fftl,'mean");
C_turb_base(:,3) = cohere(u_turb_base(:,1),y_turb_base(:,3),fft1,67,[],0.5*fftl,'mean’");
%%%%% Linear Simulation for Have Derivatives Process

u_turb = [broad_band zmGblwtpn csamn csqmn csnzmn];

[y_turb] = Isim(Ap, Bp, Cp, Dp, u_turb, t, x0);

u_turb = u_turb(:,1) + csdemn(:,1);

% Coherence Functions

C_turb(:,(j-1)*no+k) = cohere(u_turb,y_turb(:,(j-1)*no+k),fftl,67,[],0vlp,'mean');

YoYU Y SoYe VoYUYo Ye YoY% oo Yo Yo% YooV Ye %% %% % V6% % % % %% % % % Yo

%

% The Have Derivatives proces is accomplished in this section. This includes

% computing averaged complex frequency response functions, mirroring those

% functions about the Nyquist frequency and transforming them back into the time
% domain as discrete pulse responses.

%

%
%
%
%
%
%

%%% %% %% % %% %% %% %% %%%%%%%%%% %% %% %% %% %% %%%%%%%%%%

%%%%% Ensemble Averaging Variables

ni=1; % number of command inputs (de)

no=3; % number of measured outputs (alpha, q, theta, nz)
fftl = 1024; % number of points per FFT

po =50; % percent overlap

ovlp = round(po*.01*fftl); % number of points overlapped

%%%%% Frequency Response Estimation

forj=1: ni;

fork=1:no;

% Average Complex Frequency Response Function Estimates (Transfer Functions)

H(:,(j-1)*no+tk) = tfe(u_turb,y_turb(:,(j-1)*no+k),fftl,67,[],0vIp,'mean");
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% Complex Frequency Response Function Estimates Mirrored About the Nyquist Frequency

H_full(:,(j-1)*no+k) = mirror(H(:,(j-1)*no+k));

%%%%% Inverse Fast Fourier Transform Produced Discrete Pulse Responses
h_imp(:,(j-1)*no+k) = 67.*real(ifft(H_full(:,(j-1)*no+k)));
end

end

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

% %
% Input, response and flight condition signals are defined in this section and saved %
% in GetData format for input into PCPID. %
% % .

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

alpha = [zeros(100,1); (h_imp(1:fftl-100,1))];
Yalpha =y_sim_ideal(1:fftl,1);

%alpha =y _turb_base(1:fftl,1);

%alpha = ideal_impulse_response(1:fftl,1);

q = [zeros(100,1); (h_imp(1:fftl-100,2))];
%q=y_sim_ideal(1:fftl,2); '
%q =y_turb_base(1:fftl,2);

%q = ideal_impulse_response(1:£ftl,2);

nz = [zeros(100,1); (h_imp(1:fftl-100,3))];
Y%nz =y _sim_ideal(1:fftl,3);

%nz =y turb_base(l:fftl,3);

%nz = ideal_impulse_response(1:fftl,3);

%de =u_sim_ideal(1:fftl,1);
de_turb_base =u_turb_base(1:fftl,1);
de =de_turb_base;

v = avg_v.*ones(fftl,1);

alt = alt.*ones(fftl,1);

mach = avg_mach.*ones(fftl,1);

gbar = avg_qbar.*ones(fftl,1);

t=(0: 1/67 : (fftl/67) - (1/67))’;
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%%%%% Save Simulation Results in GetData Format

gdsave('C:\projects\Sim_Data\F16Dt3m0.gtd', t, alpha, q, nz, de, alt, v, mach, gbar);

Yo% %%%%% %% %% %% % %% %% %% %% % %% %% %% %% % %% % %% %% %% %% % % Y%

% %
% Results are plotted by this final section to aid in analysis. %
% %

YoYUV Ye Y%V % %Yo Yo% YoY%V % % %% Yo Voo %% % % % Yo Ye % % % %o %% %% % %%

figure

subplot(4,1,1),plot(t(1:667,:),alpha(1:667,:),’k-'");
axis([0 10-10 10]);

ylabel(‘alpha (deg)','FontName',' Times','FontSize',11);
set(gca,'FontName',' Times','FontSize',11);

subplot(4,1,2),plot(t(1:667,:),q(1:667,:),'’k-");

axis([0 10 -25 25]);

ylabel('q (deg/sec)','FontName', Times','FontSize',11);
set(gca,'FontName','Times','FontSize',11);

subplot(4,1,3),plot(t(1:667,:),nz(1:667,:),'’k-");
axis([0 10 -5 5]);

ylabel('nz (g)',' FontName', Times','FontSize',11);
set(gca,'FontName',' Times','FontSize',11);

subplot(4,1,4),plot(t(1:667,:),de(1:667,:),'k-");

axis([0 10 -2 2]);

ylabel('de (deg)','FontName','Times','FontSize',11);
xlabel('Time (sec)','FontName','Times','FontSize',11);
set(gca,'FontName',' Times','FontSize',11);

input(");

figure

subplot(4,1,1),plot(t(1:667,:),y_sim_ideal(1:667,1),'k--',t(1:667,:),y_turb_base(1:667,1),'k-");
axis([0 10 -10 10]);

title(['Simulated Responses; No Noise (dashed), Noise(solid)'],'FontName',' Times','FontSize',11);
ylabel(‘alpha (deg)',FontName',' Times','FontSize',11);

set(gca,'FontName','Times','FontSize',11);

subplot(4,1,2),plot(t(1:667,:),y_sim_ideal(1:667,2),'’k--',t(1:667,:),y_turb_base(1:667,2),'k-');
axis([0 10 -25 25]);

ylabel('q (deg/sec)’,'FontName',' Times','FontSize',11);
set(gca,'FontName','Times','FontSize',11);
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subplot(4,1,3),plot(t(1:667,:),y_sim_ideal(1:667,3),'’k--",t(1:667,:),y_turb_base(1:667,3),'k-");
axis([0 10 -5 5]);

ylabel('nz (g)','FontName',' Times','FontSize',11);

set(gca,'FontName',' Times','FontSize',11);

subplot(4,1,4),plot(t(1:667,:),de(1:667,:),'’k--',t(1:667,:),de_turb_base(1:667,:),'’k-");
axis({0 10 -2 2]);

ylabel('de (deg)','FontName','Times','FontSize',11);

xlabel('Time (sec)','FontName','Times','FontSize',11);
set(gca,'FontName',' Times', FontSize',11);

input(");

figure

subplot(4,1,1),plot(t(1:667,:),ideal_impulse_response(1:667,1),'k:");
axis([0 10 -10 10]);

title(['Ideal Impulse Responses'],'FontName',' Times','FontSize',11);
ylabel(‘alpha (deg)', FontName', Times','FontSize',11);
set(gca,'FontName',' Times','FontSize',11);

subplot(4,1,2),plot(t(1:667,:),ideal_impulse_response(1:667,2),'k:");
axis([0 10 -25 25]);

ylabel('q (deg/sec)','FontName',' Times','FontSize',11);
set(gca,'FontName','Times','FontSize',11);

subplot(4,1,3),plot(t(1:667,:),ideal_impulse_response(1:667,3),'k:");
axis([0 10 -5 5]); '

ylabel('nz (g)',' FontName','Times','FontSize',11);

xlabel('Time (sec)','FontName',' Times','FontSize',11);
set(gca,'FontName','Times','FontSize',11);

input(");

figure,plot(t(1:333,:),alpha(1:333,:),'k-",t(1:333,:),y_sim_ideal(1:333,1),'’k--',
t(1:333,:),ideal_impulse_response(1:333,1),'k:");

axis([0 5 -10 10]);

title([""Measured" DPR(solid), Ideal DPR(--), Ideal Imp Resp(..)'],
'FontName',' Times','FontSize',11);

ylabel('alpha (deg)', FontName',' Times','FontSize',11);

xlabel('Time (sec)','FontName','Times','FontSize',11);

set(gca,'FontName',' Times','FontSize',11);

input(");

All




figure,plot(t(1:333,:),q(1:333,:),'’k-",t(1:333,:),y_sim_ideal(1:333,2),'k--,
t(1:333,:),ideal_impulse_response(1:333,2),'k:");

axis([0 5 -25 25]);

title([""Measured" DPR(solid), Ideal DPR(--), Ideal Imp Resp(..)'],
'FontName','Times','FontSize',11);

ylabel('q (deg/sec)', FontName','Times','FontSize',11);

xlabel('Time (sec)',’FontName',' Times','FontSize',11);

set(gca,'FontName','Times','FontSize',11);

input(");

figure,plot(t(1:333,:),nz(1:333,:),'k-",t(1:333,:),y_sim_ideal(1:333,3),'k--',
t(1:333,:),ideal_impulse_response(1:333,3),'k:");

axis([0 5 -5 5]);

title([""Measured" DPR(solid), Ideal DPR(--), Ideal Imp Resp(..)'],
'FontName','Times','FontSize',11);

ylabel('nz (g)',' FontName', Times','FontSize',11);

xlabel("Time (sec),’FontName','Times','FontSize',11);

set(gca, FontName',' Times','FontSize',11);

input(");

%%%%% Ideal and Estimated Frequency Responses

w=(0: (2*pi*67)/fftl : (pi*67))'; % Frequency vector to Nyquist Frequency [rad/sec]
[magi,phasei,w] = bode(Ap, Bp, Cp, Dp, 1, w);

figure

subplot(3,1,1),semilogx(w,20*log10(abs(H_full(1:length(w),1))),'’k-',w,20*log10(magi(:,1)),'’k:");
set(gca,'FontName','Times','FontSize',11);

title(["Estimated"(solid), Ideal(- -)’]);

ylabel('alpha Magnitude (dB)','FontName',' Times','FontSize',11);

subplot(3,1,2),semilogx(w,(180/pi).*angle(H_full(1:length(w),1)),’k-',w,phasei(:,1),'k:");
set(gca,'FontName','Times','FontSize',11);

ylabel('alpha Phase(deg)','FontName','Times','FontSize',11);
subplot(3,1,3),semilogx(w,C_turb_base(:,1),'k-",w,C_sim_ideal(:,1),'k:");

axis([.1 1000 0 1]);

set(gca,'FontName',' Times','FontSize',11);

ylabel('alpha / de Coherence','FontName','Times','FontSize',11);

xlabel('Frequency (rad/sec)', FontName','Times','FontSize',11);

input(");
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figure

subplot(3,1,1),semilogx(w,20*log10(abs(H_full(1:length(w),2))),'’k-',w,20*log10(magi(:,2)),'’k:");
set(gca,'FontName','Times','FontSize',11);

title([""Estimated"(solid), Ideal(- -)']);

ylabel('q Magnitude (dB)','FontName',' Times','FontSize',11);

subplot(3,1,2),semilogx(w,(180/pi).*angle(H_full(1:length(w),2)),'’k-',w,phasei(:,2),'’k:");
set(gca,'FontName',' Times','FontSize',11);
ylabel('q Phase (deg)','FontName','Times','FontSize',11);

subplot(3,1,3),semilogx(w,C_turb_base(:,2),’k-',w,C_sim_ideal(:,2),k:");
axis([.1 1000 0 1]);

set(gca, FontName',' Times','FontSize',11);

ylabel('q / de Coherence','FontName',' Times','FontSize',11);
xlabel('Frequency (rad/sec)’,'FontName',' Times','FontSize',11);

input(");
figure

subplot(3,1,1),semilogx(w,20*log10(abs(H_full(1:length(w),3))),'k-',w,20*log10(magi(:,3)),'’k:");
set(gca,'FontName',' Times','FontSize',11);

title([""Measured"(solid), Ideal(- -)']);

ylabel('nz Magnitude (dB)','FontName','Times','FontSize',11);

subplot(3,1,2),semilogx(w,(180/pi). *angle(H_full(1:length(w),3)),k-',w,phasei(:,3),'k:");
set(gca,'FontName',' Times','FontSize',11);
ylabel('nz Phase (deg)','FontName','Times','FontSize',11);

subplot(3,1,3),semilogx(w,C_turb_base(:,3),’k-,w,C_sim_ideal(:,3),’k:");
axis([.1 1000 0 1]);

set(gca,'FontName',' Times','FontSize',11);

ylabel('nz / de Coherence','FontName','Times','FontSize',11);
xlabel('Frequency (rad/sec)','FontName','Times','FontSize',11);

input(");
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Appendix B: Simulation Results

Complete simulation results are contained in this appendix. The numerical results in the
following spreadsheets were used to produce the bar charts in Chapter 4, Simulation Results and
Analysis.

The deviations for each derivative were the difference between the estimated value anci the
actual value. The root-sum-of-squares magnitudes were calculated using Equation (4.1).

1
RSS Magnitude = { ¥ [ derivative weighting * (estimate value — actual value)2 132 4.1

Table B.1. Process Noise Only Simulation Results

Derivatives Actual 0 ft/sec 3 ft/sec 6 ft/sec 9 ft/sec
Cre 1.000E-01 1.001E-01 9.988E-02 9.234E-02 8.215E-02
Deviation 0.000E+00 1.220E-04 1.200E-04 7.660E-03 1.785E-02
[Cosse 5.000E-03 5.621E-03 1.053E-02 2.449E-02 4.207E-02
IlDeviation 0.000E+00 6.210E-04 5.530E-03 1.949E-02 3.707E-02
IC... -1.000E-02 -9.707E-03 -9.247E-03 -8.080E-03 -6.882E-03
Deviation 0.000E+00 | 2.930E-04 7.530E-04 1.920E-03 3.118E-03
(o -2.000E+01 | -1.916E+01 | -2.150E+01 | -2.380E+01 | -2.629E+01
Deviation 0.000E+00 8.400E-01 1.500E+00 3.800E+00 6.290E+00
C s -2.000E-02 | -1.933E-02 | -2.076E-02 | -2.194E-02 | -2.349E-02
Deviation 0.000E+00 6.700E-04 7.600E-04 1.940E-03 3.490E-03
RSS of Deviations| 0.000E+00 1.878E+00 3.354E+00 8.497E+00 1.407E+01
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Table B.2. Measurement Noise Only Simulation Results

Derivatives Actual 0% 10% 20% 30%
Cra 1.000E-01 1.001E-01 1.016E-01 1.024E-01 1.024E-01
Deviation 0.000E+00 1.220E-04 1.600E-03 2.400E-03 2.400E-03
Crase 5.000E-03 5.621E-03 5.764E-03 5.603E-03 6.940E-03
Deviation 0.000E+00 6.210E-04 7.640E-04 6.030E-04 1.940E-03
Cre -1.000E-02 | -9.707E-03 | -1.050E-02 | -1.070E-02 | -1.096E-02
Deviation 0.000E+00 2.930E-04 5.000E-04 7.000E-04 9.600E-04
Cra -2.000E+01 | -1.916E+01 | -1.837E+01 | -1.776E+01 | -1.664E+01
Deviation 0.000E+00 8.400E-01 1.630E+00 | 2.240E+00 | 3.360E+00
C s -2.000E-02 | -1.933E-02 | -1.970E-02 | -1.953E-02 | -1.915E-02
Deviation 0.000E+00 6.700E-04 3.000E-04 4.700E-04 8.500E-04
RSS of Deviations| 0.000E+00 1.878E+00 | 3.645E+00 | 5.009E+00 | 7.513E+00

Table B.3. Combined Process and Measurement Noise Simulation Results
Derivatives Actual Ideal Calm Turbulent
Turbulence N/A 0 ft/sec 3 ft/sec 9 ft/sec

Measurement Noise N/A 0% 10% 30%
Cro 1.000E-01 1.001E-01 1.040E-01 9.823E-02
Deviation 0.000E+00 1.220E-04 4.000E-03 1.770E-03
ICxse 5.000E-03 5.621E-03 5.332E-03 1.616E-02
Deviation 0.000E+00 6.210E-04 3.320E-04 1.116E-02
C.. -1.000E-02 -9.707E-03 -9.614E-03 -8.493E-03
Deviation 0.000E+00 2.930E-04 3.860E-04 1.507E-03
Conq -2.000E+01 -1.916E+01 -2.135E+01 -2.414E+01
Deviation 0.000E+00 8.400E-01 1.350E+00 4.140E+00
Crse -2.000E-02 -1.933E-02 -2.111E-02 -2.274E-02
Deviation 0.000E+00 6.700E-04 1.110E-03 2.740E-03
RSS of Deviations 0.000E+00 1.878E+00 3.019E+00 9.257E+00
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Table B.4. No Noise Simulation Results Using Different Input Functions

Derivatives Actual Impulse Doublet 3211 Broadband
Cra 1.000E-01 9.983E-02 1.001E-01 1.048E-01 9.668E-02
Deviation 0.000E+00 1.700E-04 1.220E-04 4.800E-03 3.320E-03
Chse 5.000E-03 4.998E-03 5.621E-03 2.984E-03 3.800E-03
Deviation 0.000E+00 2.000E-06 6.210E-04 2.016E-03 1.200E-03
Cra -1.000E-02 | -9.990E-03 | -9.707E-03 | -9.966E-03 | -1.011E-02
Deviation 0.000E+00 1.000E-05 2.930E-04 3.400E-05 1.100E-04
Crrq -2.000E+01 | -2.005E+01 | -1.916E+01 | -1.836E+01 | -2.116E+01
Deviation 0.000E+00 5.000E-02 8.400E-01 1.640E+00 1.160E+00
C e -2.000E-02 | -2.073E-02 | -1.933E-02 | -1.926E-02 | -2.041E-02
Deviation 0.000E+00 7.300E-04 6.700E-04 7.400E-04 4.100E-04
RSS of Deviations| 0.000E+00 1.118E-01 1.878E+00 | 3.667E+00 | 2.594E+00

Table B.5. Percent Overlap Simulation Results

Derivatives Actual Baseline 0% Overlap 50% Overlap
Cra 1.000E-01 1.040E-01 7.860E-02 1.013E-01
Deviation 0.000E+00 4.000E-03 2.140E-02 1.300E-03
Chse 5.000E-03 5.332E-03 6.094E-03 4.918E-03
Deviation 0.000E+00 3.320E-04 1.094E-03 8.200E-05
Crc -1.000E-02 -9.614E-03 -1.112E-02 -1.030E-02
Deviation 0.000E+00 3.860E-04 1.120E-03 3.000E-04
lCmq -2.000E+01 -2.135E+01 -1.925E+01 -2.009E+01
uDeviation 0.000E+00 1.350E+00 7.500E-01 9.000E-02
Cruse -2.000E-02 -2.111E-02 -1.898E-02 -1.891E-02
Deviation 0.000E+00 1.110E-03 1.020E-03 1.090E-03
RSS of Deviations 0.000E+00 3.019E+00 1.678E+00 2.013E-01
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Table B.6. Ideal Conditions Section Length Simulation Results

Derivatives Actual Ideal Conditions 512 Section 1024 Section
Baseline Length Length
Cre 1.000E-01 1.001E-01 1.156E-01 9.832E-02
Deviation 0.000E+00 1.220E-04 1.560E-02 1.680E-03
Ches. 5.000E-03 5.621E-03 4.346E-03 5.088E-03
Deviation 0.000E+00 6.210E-04 6.540E-04 8.800E-05
Cra -1.000E-02 -9.707E-03 -1.002E-02 -9.906E-03
Deviation 0.000E+00 2.930E-04 2.000E-05 9.400E-05
Crq -2.000E+01 -1.916E+01 -2.144E+01 -2.006E+01
Deviation 0.000E+00 8.400E-01 1.440E+00 6.000E-02
Cruse -2.000E-02 -1.933E-02 -1.999E-02 -1.992E-02
Deviation 0.000E+00 6.700E-04 1.000E-05 8.000E-05
RSS of Deviations 0.000E+00 1.878E+00 3.220E+00 1.343E-01
Table B.7. Calm Conditions Section Length Simulation Results
Derivatives Actual Calm Conditions 512 Section 1024 Section
Baseline Length Length
Cha 1.000E-01 1.040E-01 1.258E-01 1.013E-01
Deviation 0.000E+00 4.000E-03 2.580E-02 1.300E-03
Chse 5.000E-03 5.332E-03 4.110E-03 4.918E-03
Deviation 0.000E+00 3.320E-04 8.900E-04 8.200E-05
Ci -1.000E-02 -9.614E-03 -1.058E-02 -1.030E-02
Deviation 0.000E+00 3.860E-04 5.800E-04 3.000E-04
Cra -2.000E+01 -2.135E+01 -2.188E+01 -2.009E+01
Deviation 0.000E+00 1.350E+00 1.880E+00 9.000E-02
Crse -2.000E-02 -2.111E-02 --1.917E-02 -1.891E-02
Deviation 0.000E+00 1.110E-03 8.300E-04 1.090E-03
RSS of Deviations 0.000E+00 3.019E+00 4.205E+00 2.013E-01
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Table B.8. Turbulent Conditions Section Length Simulation Results

Derivatives Actual Turbulent 512 Section 1024 Section
Conditions Length Length
Baseline

Cre 1.000E-01 9.823E-02 1.397E-01 9.810E-02

Deviation 0.000E+00 1.770E-03 3.970E-02 1.900E-03

Crse 5.000E-03 1.616E-02 3.587E-03 4.840E-03

(Deviation 0.000E+00 1.116E-02 1.413E-03 1.600E-04

Cre -1.000E-02 -8.493E-03 -1.068E-02 -1.049E-02

Deviation 0.000E+00 1.507E-03 6.800E-04 4.900E-04

Crna -2.000E+01 -2.414E+01 -2.263E+01 -2.109E+01

Deviation 0.000E+00 4.140E+00 2.630E+00 1.090E+00

Cose -2.000E-02 -2.274E-02 -1.860E-02 -1.830E-02

Deviation 0.000E+00 2.740E-03 1.400E-03 1.700E-03

RSS of Deviations 0.000E+00 9.257E+00 5.882E+00 2.437E+00

Table B.9. Maneuver Length Simulation Results
Derivatives Actual Turbulent 2048 4096 8192

Conditions Maneuver Maneuver Maneuver

Baseline Length Length Length
Cre 1.000E-01 9.823E-02 1.397E-01 1.370E-01 1.004E-01
Deviation 0.000E+00 1.770E-03 3.970E-02 3.700E-02 4.000E-04
Crse 5.000E-03 1.616E-02 3.587E-03 3.413E-03 4.903E-03
Deviation 0.000E+00 1.116E-02 1.413E-03 1.587E-03 9.700E-05
Cr -1.000E-02 | -8.493E-03 | -1.068E-02 | -1.234E-02 | -1.104E-02
Deviation 0.000E+00 1.507E-03 6.800E-04 2.340E-03 1.040E-03
Crg -2.000E+01 | -2.414E+01 | -2.263E+01 | -1.900E+01 | -1.938E+01
Deviation 0.000E+00 | 4.140E+00 | 2.630E+00 1.000E+00 6.200E-01
Crase -2.000E-02 | -2.274E-02 | -1.860E-02 | -1.887E-02 | -1.928E-02
Deviation 0.000E+00 2.740E-03 1.400E-03 1.130E-03 7.200E-04
RSS of Deviations| . 0.000E+00 | 9.257E+00 | 5.882E+00 | 2.239E+00 1.386E+00
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Appendix C: Data Reduction Programs

C.1 Have Derivatives Data Reduction Program

The complete code for the Have Derivatives data reduction program, HDPROCES.M, is

presented in the first section of this appendix. The program was designed to be interactive,

prompting the user for most of the steps. Despite this there was still four pages of instructions

written in step-by-step detail to guide the uninitiated through the process of getting stability

derivative estimation results from raw, DAS tape recorded, flight test data. Although there was a

DAS malfunction on Flight 11, no data were lost or corrupted due to data reduction during the

entire flight test program.

HDPROCES also offered several options that had to be set internally to the program before

starting a data reduction run. The settings in the program as it is presented in this appendix were

typical from the last few data reduction runs of the flight test program.

oLV YoY% Yoo YoY% Yoo Yo Yo% %o oo Yo% % %% % Voo Ye % % %o Yo Yo %e % % %Yo 6% % %Yo

%
%
%
%
%
%
%
%
%
%
%
%
%
%
%

HAVE DERIVATIVES DATA REDUCTION (hdproces.m) 15 Sept 97

This MATLAB® script file was written by the Project HAVE DERIVATIVES team to
automate the data reduction process from the point of having flight data files in tab
delimited flat ASCII format to the GetData format that could be processed by PCPID.

HDPROCES is interactive. First the user is asked to select the desired flight data file
and ensure that its columns are correctly defined. The user is then asked to define the
acceptable data limits which are used to remove unacceptable data from the file. Next
the user interactively divides the file into the set of three doublets and the pitch
frequency sweep. The doublets portion of the file is saved in the GetData format and is
available for PCPID processing.

The sweep portion is further processed through the Have Derivatives process by

Cl1

%
%
%
%
%
%
%
%
%
%
%
%
%
%
%




% transforming the input and response signals into the frequency domain via %
% MATLAB's® FFT routine, ensemble averaging the signals in the frequency domain, and %
% estimating the average complex frequency response functions using the transfer function %
% estimate (TFE.M) routine in MATLAB's® Signal Processing Toolbox®. Next, the %
% average complex frequency response function estimates are modified using the %
% MIRROR.M routine to fold the real parts and fold and flip the imaginary parts about the %
% Nyquist frequency to properly format the functions before inverse transforming. The %
% full average complex frequency response function estimates are then transformed back %
% into the time domain with IFFT where they become the system's discrete pulse %
% responses. These discrete pulse responses and a simulated ideal impulse input are saved %
% in the GetData format, as before, for PCPID processing. %
% %
% HDPROCES also prompts the user to define the trim shot period from which the %
% program calculates the average normal acceleration variation at the approximate short %
% period undamped natural frequency of 1 rad/sec. This value is hand recorded and used %
% to quantify the turbulence level for that run based on Have Derivatives defined %
% turbulence categories. %
% %
% Finally, HDPROCES calls MASSCALC, a FORTRAN program written by Mr. Chris %
% Nagy of Quartic Engineering Inc.. MASSCALC computes the mass and inertia %
% properties of F-16B, S/N 80-0635, given the total fuel weight. The output, including %
% mass, cg location and moments and products of inertia, are hand recorded and usedas %
% input to PCPID. %
% %
%%%%%%%% %% %% %% %% %%% %% %% %% %% % % %% %% % %% %% % %% %% % %%
close all % Close all figure windows

clear all % Clear MATLAB® memory

cle % Clear command window

YoY% Voo %% Ve Yo %% %Yo Yo%e% %% Y Yo %o %% %Yo N e % %% Yo %o Yo% %Yo Yo% %% % %% %%

%
%
%
%
%
%
%
%

' %
The first section has the user load the correct flight data file which is one flight data %
collection pass consisting of a trim shot, a set of three doublets, another trim shot, anda %
pitch frequency sweep. The user is asked to ensure that the data columns and acceptable %
data limits are defined as desired. The acceptable data limits are defined to remove any %
data that are clearly wrong in magnitude or sign (wild points) due to data acquisition =~ %

system transients. %
%

YoY%V Yee%%eYe% %% %o Yo a %% %Yo Vo6 %% % %Yo %% %% e Vo Yo Yo% VoY% %% %o %% o

%%%%% Load input file

[datfile,path] = uigetfile("*.*,'Choose input file.");
nletters = max(size(datfile));
varname = datfile(1,1:nletters-4);
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eval(['load ',path,datfile,'-ascii']);
input_file = eval([varname '(:,:)']);

%%%%% Column definition confirmation

disp(")

disp('Default Column Order is:")

disp(")

disp('Line 1Y) % line number
disp('Time (s) 2" % time

disp(M_IC 3" % Mach number
disp(QBAR 4") % dynamic pressure
disp('V_T 5" % true velocity
disp(ALPHA 6" % angle of attack
disp(HORIZONTAL_TAIL_POSITION_RIGHT 79 % stabilator deflection
disp('N_Z 8" % normal acceleration
disp('Q 9" % pitch rate
disp('H_IC 10) % pressure altitude
disp(W_F 11'Y % total fuel weight
disp(THETA 12') % pitch angle

disp(")

disp(‘Enter 1 if you wish to re-define the column order.")

column_order_answer = input('Enter 2 if you wish to go with the default values: ");

disp(")

if column_order_answer~=2
input_file(1:5,:)

disp(")

actual_line = input('Type Line Number column # and press RETURN: ');
actual time = input('Type Time column # and press RETURN: ');
actual_Mic = input('"Type Mach column # and press RETURN: ');

actual Qbar = input('Type Qbar column # and press RETURN: '),
actual_Vt = input("Type Vt column # and press RETURN: ');

actual_alpha
actual_Hstab

input('Type Alpha column # and press RETURN: '),
input('Type Horizontal Stab column # and press RETURN: '),

actual Nz = input('Type Nz column # and press RETURN: '),
actual_Q = input('Type Q column # and press RETURN: ');
actual_Hic = input('Type Alt column # and press RETURN: ');
actual_Wf = input('Type Wf column # and press RETURN: ');
actual theta = input('Type Theta column # and press RETURN: ");
disp(") :

else
actual line = I;
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actual_time 2;
actual_Mic = 3
actual Qbar = 4;
actual_Vt = 5;
actual_alpha = 6;
actual Hstab = 7;
actual Nz = 8§
actual_Q = 9
actual_Hic = 10;
actual_Wf = 11;
actual_theta = 12;

end

cle % Clear command window

%%%%% Acceptable data limit definition

disp(")

disp(‘'Default acceptable data limits are:")

disp(")

disp('Line Number [0, 10000007")

disp('Time [time (s) in first line, time (s) in last line]'")
disp('Mach Number [0.6,0.7])

disp('Dynamic Pressure {450, 6507)

disp(‘'True Velocity [600, 8001)

disp('Angle of Attack [-2, 81"

disp(‘Stabilator Deflection [-10, 10])

disp(Normal Acceleration [-3,4])

disp(‘Pitch Rate [-20,20])

disp(‘Pressure Altitude [3000, 5000]")

disp('Total Fuel Weight [1000, 8000]")

disp('Pitch Angle [-10, 101)

disp(")

disp(‘Enter 1 if you wish to define your own acceptable data limits.")
acceptable_data_limit_answer = input('Enter 2 if you wish to use the default values: ");
disp(")

if acceptable_data_limit_answer ~=2

disp(")

Line = input('Enter Min and Max value for Line Number: [min, max] ');
Time = input("Enter Min and Max value for Time: [min, max]");

M_IC = input("Enter Min and Max value for Mach Number: [min, max] ');
QBAR = input('Enter Min and Max value for Dynamic Pressure: [min, max] ');
V. T = input("Enter Min and Max value for True Velocity: [min, max] ');
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ALPHA = input('Enter Min and Max value for Angle of Attack: [min, max] ");
HORIZONTAL _TAIL_POSITION RIGHT = input('Enter Min and Max value for

Stabilator Deflection: [min, max] ");
N Z = input('Enter Min and Max value for Normal Acceleration: [min, max] ");
Q = input('Enter Min and Max value for Pitch Rate: [min, max] ');

H_IC = input('Enter Min and Max value for Pressure Altitude: [min, max] ');
W_F = input('Enter Min and Max value for Total Fuel Weight: [min, max] "),
THETA = input(Enter Min and Max value for Pitch Angle: [min, max] ');
disp(")

else 1
Line = [0, 1000000];
Time = [input_file(1,actual_time), input_file(length(input_file),actual_time)];
M_IC = [0.6,0.7];
QBAR = [450, 650];
V_T = [600, 800];
ALPHA = [-2,8];
HORIZONTAL_TAIL_POSITION_RIGHT = [-10,10];
N Z = [-3,4];
Q = [-20,20];
H IC = [3000, 5000];
W_F = [1000, 8000];
THETA = [-10,10];

end

cle % Clear command window

YUYV %Yo Yo% YN Ve %% %N YoY% %% %% Yo% % % % %Yo Yo% % % % ¥e % %% %Y

% , %
% Rows containing data beyond the acceptable limits defined in the last section are %
% removed in this section. %
% %

%%%%6%%%%%6%%%%%%%6% %% %% % %%%%%%% %% %% % %% %% %% %% %% %%

%%%%% Determine size of input file

[rows_input_file,columns_input_file] = size(input_file);

%%%%% Remove rows containing non-numbers from input file

input_file(any(isnan(input_file)"),:) = [I;
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%%%%%%%%  Filter Line column

Good_Line_rows = find(input_file(:,actual_line)>=Line(1) &
input_file(:,actual_line)<=Line(2));

input_file = input_file(Good_Line_rows,:);

%%%%%%%%  Filter Time column

Good Time rows = find(input_file(:,actual_time)>=Time(1) &
input_file(:,actual_time)<=Time(2));

input file = input_file(Good_Time_rows,:);

%%%%%%%%  Filter M_IC column

Good_M _IC_rows = find(input_file(:,actual_Mic)>=M_IC(1) &
input_file(:,actual_Mic)<=M_IC(2));

input_file = input_file(Good_M_IC’ rows,:);

%%%%%%%%  Filter QBAR column

Good_QBAR rows= find(input_file(:,actual_Qbar)>=QBAR(1) &
input_file(:,actual_Qbar)<=QBAR(2));

input_file = input_file(Good_QBAR_rows,:);

%%%%%%%%  Filter ALPHA column

Good ALPHA rows = find(input_file(:,actual_alpha)>=ALPHA(1) &
input_file(:,actual_alpha)<=ALPHA(2));

input_file = input_file(Good_ALPHA_rows,:);

%%%%%%%%  Filter HORIZONTAL_TAIL_POSITION_RIGHT column
Good_HORIZONTAL_TAIL POSITION_RIGHT rows =
find(input_file(:,actual_Hstab)>~HORIZONTAL_TAIL_POSITION_RIGHT(1) &
input_file(;,actual_Hstab)<=HORIZONTAL_TAIL_POSITION_RIGHT(2));

input_file = input_file(Good_HORIZONTAL_TAIL_ POSITION_RIGHT rows,:);
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%%%%%%%%  Filter N_Z column

Good_N_Z rows = find(input_file(:,actual Nz)>=N_Z(1) &
input_file(:,actual Nz)<=N_Z(2));

input file = input_file(Good N_Z rows,:);

%%%%%%%%  Filter Q column
Good_Q _rows = find(input_file(:,actual_Q)>=Q(1) & input_file(:,actual_Q)<=Q(2));

input_file = input_ file(Good_Q_rows,:);

%%%%%%%%  Filter H_IC column

Good_H_IC rows = find(input_file(:,actual_Hic)>=H_IC(1) &
input_file(:,actual_Hic)<=H_IC(2));

input file = input_file(Good H_IC rows,:);

%%%%%%%%  Filter V_T column

Good V_T rows = find(input_file(:,actual_Vt)>=V_T(1) &
input_file(:,actual_Vt)<=V_T(2));

input_file = input file(Good_V_T_rows,:);

%%%%%%%%  Filter W_F column

Good W_F rows = find(input_file(:,actual Wf)>=W _F(1) &
input_file(:,actual_Wf)<=W_F(2));

input_file = input_ file(Good_W_F_rows,:);

%%%%%%%%  Filter THETA column

Good_THETA rows = find(input_file(:,actual_theta)>=THETA(1) &
input_file(:,actual_theta)<=THETA(2));

input_file = input file(Good THETA rows,:);
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%% %% %% %%%% %% %% % % %% %% % % %% %% % % %% %% %% % %% %% %% %% % % %%
% %
% Each of the input file signals is plotted versus time in this section for the user to ensure %
% that unacceptable data were removed. The time vector is first redefined to give a proper %
% time scale on the x-axis of each plot. The time step size is unaffected by the redefinition.%
% : %
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%:%%%%%%%%%%%%%%

%%%%% Time vector re-definition

input_file(:,actual_time) = (0:1/67:(1/67)*length(input_file)-(1/67))';

%%%%% Plot Variables vs Time
figure

Subplot(5,1,1);

plot(input_file(:,actual_line),input_file(:,actual_time),'’k-");

set(gca, FontName','Times','FontSize',20);

title("PRESS ENTER TO CONTINUE/, 'FontName', 'Times', 'FontSize', 20);
ylabel('Time (sec)', 'FontName', 'Times', 'FontSize', 20);

Subplot(5,1,2);
plot(input_file(:,actual_time),input_file(:,actual_Mic),'k-");
set(gca,'FontName','Times','FontSize',20);

ylabel('Mic', 'FontName', 'Times', 'FontSize', 20);

Subplot(5,1,3);
plot(input_file(:,actual_time),input_file(:,actual_Vt),'’k-");
set(gca,'FontName','Times','FontSize',20);

ylabel('Vt (ft/sec)’, 'FontName', 'Times', 'FontSize', 20);

Subplot(5,1,4);
plot(input_file(:,actual_time),input_file(:,actual_Qbar),'k-");
set(gca, FontName',' Times','FontSize',20);

ylabel('Qbar (1b/ft*2)', 'FontName', 'Times', 'FontSize', 20);

Subplot(5,1,5);
plot(input_file(:,actual_time),input_file(:,actual_Hic),'k-');
set(gca,'FontName','Times','FontSize',20),

xlabel('Line Number / Time (sec)’, 'FontName', 'Times', 'FontSize', 20);
ylabel('Hic (ft), 'FontName', 'Times', 'FontSize', 20);

input(");
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Subplot(5,1,1);

plot(input_file(:,actual_time),input_file(:,actual_alpha),'k-');
set(gca,'FontName',' Times','FontSize',20);

title(PRESS ENTER TO CONTINUE,, 'FontName', 'Times', 'FontSize', 20);
ylabel('Alpha (deg)', 'FontName', 'Times', 'FontSize', 20);

Subplot(5,1,2);
plot(input_file(:,actual_time),input_file(:,actual_Q),’k-");
set(gca, FontName','Times','FontSize',20);

ylabel('Q (deg/sec)', 'FontName', 'Times', 'FontSize', 20);

Subplot(5,1,3);
plot(input_file(:,actual_time),input_file(:,actual_Nz),’k-");
set(gca,'FontName','Times','FontSize',20);

ylabel('Nz (g), 'FontName', 'Times', 'FontSize', 20);

Subplot(5,1,4);
plot(input_file(:,actual_time),input_file(:,actual_theta),’k-");
set(gca,'FontName',' Times','FontSize',20);

ylabel('Theta (deg)', 'FontName', 'Times', FontSize', 20);

Subplot(5,1,5);
plot(input_file(:,actual_time),input_file(:,actual_Hstab),'’k-");
set(gca,'FontName',' Times','FontSize',20);

xlabel('Time (sec)', 'FontName', 'Times', 'FontSize', 20);
ylabel('HStab (deg)', 'FontName', 'Times', 'FontSize', 20);
input(");

%% %% %% %% %% % %% %% %% %% %% %% %% %% %% %% %% % %%%% %% %% %% %%
% %
% The user is now prompted, on a plot of Angle of Attack versus Time, to divide the data %
% file into two files, one containing the first trim shot and the set of three doublets, and the %
% other containing the second trim shot and the pitch frequency sweep. %
% %
%%%%%%% %% %%%6%% % %%%%6 %% %% %%%%%%%6%%%%%%%%:%%%%%0%%% %%

[rows_new_input_file, columns_new_input_file] = size(input_file);
figure

plot(input_file(:,actual_time), input_file(:,actual_alpha),'’k-");
set(gca,'FontName','Times','FontSize',20);
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title('CLICK CROSSHAIRS AT END OF THIRD DOUBLET", 'FontName', 'Times',
'FontSize', 20);

xlabel('Time (sec)', 'FontName', 'Times', 'FontSize', 20);

ylabel('Alpha (deg)', 'FontName', 'Times', 'FontSize', 20);

split_time = ginput(1);

split_ line = find(input_file(:,actual_time)>=split_time(1,1)-.01 &
input_file(:,actual_time)<=split_time(1,1)+.01);

doublet_input_file = input_file(1:split_line(1),:);

sweep_input_file = input_file(split_line(1):rows_new_input_file,:);

YUV YoY%V Ye %Yo Yo% Yo%l Voo Yo% %% %o Yo% % % % %o %6 %% % % Yo% % % %o %%

% %
% On a plot of Normal Acceleration versus Time, the user is asked to define a trim %
% shot period. HDPROCES calculates and plots the power spectral density of that time %
% slice. The program also computes and displays the Normal Acceleration average %
% deviation from 1 g at a frequency of 1 rad /sec. This value is hand recorded by the user %
% for categorizing the turbulence level of this particular pass based on the definitions %
% given in the body of this report. %
% %

YUYV %YV YoY% %YoV Yo% %o %SV Ye %% % %% %o % %% % % % Yo% % % % Yo %% % % Yo

%%%%% Trim shot definition
figure

plot(input_file(:,actual_time), input_file(:,actual_Nz),'’k-");

set(gca,'FontName','Times','FontSize',20);

title('CLICK CROSSHAIRS AT START AND THEN END OF TRIM SHOT', 'FontName',
'Times', 'FontSize', 20);

xlabel('Time (sec)', 'FontName', 'Times', 'FontSize', 20);

ylabel('Nz (g)', 'FontName', 'Times', 'FontSize', 20);

[turbulence_X_time, turbulence_Y_time] = ginput(2);

turbulence_start_line = find(input_file(:,actual_time)>=turbulence_X_time(1)-.01 &
input_file(:,actual_time)<=turbulence_X time(1)+.01);

turbulence_end line = find(input_file(:,actual_time)>=turbulence_X_time(2)-.01 &
input_file(:,actual_time)<=turbulence_X_time(2)+.01);
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%%%%% Nz PSD calculation and plot

[Pxx,Freq] = psd(input_file(turbulence_start_line:turbulence_end_line,actual Nz),

(1,67,[1,[1,'mean’);
figure

plot(Freq,10*log10(Pxx),'k-");
set(gca,'FontName','Times','FontSize',20);
title('Nz PSD (PRESS ENTER TO CONTINUE)', 'FontName', 'Times', 'FontSize', 20);
ylabel('Power Spectrum Magnitude (dB)', 'FontName', 'Times', 'FontSize', 20);
xlabel('Frequency (Hz)', 'FontName', 'Times', 'FontSize', 20);
input(");

%%%%% Delta normal acceleration calculation

Pxx_at Irad/sec = interpl(Freq,Pxx,1);

g_at_lrad/sec = sqrt(Pxx_at_1Hz*1);

Turbulence = g_at_lrad/sec

%%%%%%%%%%% %% % %%%%%%%%%%%%%%%%% %% % %% %% %% %%%% %%

% %
% Doublet signals are redefined in this section and saved in GetData format for PCPID. %
% %

oYY Yoo Ve Vo Ve Yo YoYU %SVl Vo Yoo Ve Ve Y Yo% Yo% %% %% % % Y% %o % %6 % % % % % % %o

!

Time = doublet_input_file(:,actual_time)-doublet_input_file(1,actual_time);

Mach

doublet_input_file(:,actual Mic);

Qbar = doublet_input_file(:,actual_Qbar);

Alpha = doublet_input_file(:,actual_alpha);
Rstab = doublet_input_file(:,actual_Hstab);
Nz = doublet_input_file(:,actual_Nz);

Q = doublet_input_file(:,actual_Q);

Alt = doublet_input_file(:,actual Hic);
Vt = doublet_input_file(:,actual_Vt),
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Theta = doublet_input_file(:,actual_theta);

%%%%% Save doublet signals in *.gtd format

gdsave('C:\projects\Calm_D\F3S04.gtd', Time, Alpha, Q, Nz, Theta, RStab, Mach, Qbar, Alt, Vt)

%%%% %% %% %% %% %% % %% %% %% % %% %% %% %% %% %% %% %% %% %% %% %%
% %
% In this section, the pitch frequency sweep signals are redefined prior to Have Derivatives %
% processing. Have Derivatives process variables and time and frequency vectors are also %
% defined in this section. %
% %
%%% %% %% %% %% % %% %% %% %% %% %% %% %% %% %% %% %% % %% %% % %% % %% %%

%%%%% Redefined pitch frequency sweep vectors

Time = sweep_input_file(:,actual_time)-sweep_input_file(1,actual_time);
Mach = sweep_input_file(:,actual_Mic);
Qbar = sweep_input_file(:,actual_Qbar);

Alpha = sweep_input_file(:,actual_alpha);

Rstab = sweep_input_file(:,actual_Hstab);
Nz = sweep_input_file(:,actual_Nz);

Q = sweep_input_file(:,actual_Q);
Alt = sweep_input_file(:,actual_Hic);
Vit = sweep_input_file(:,actual_Vt);
Theta = sweep_input_file(:,actual_theta);

%%%%% Defined Have Derivatives process variables

fttl = 1024, % Section Length
po = 50; % Percent Overlap
ovlp = round(po*.01*fftl); % Overlap Length
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%%%%% Time Vector [sec]

t

= (0:1/67:(1/6T)*ftl-(1/67));

%%%%%%  Frequency Vectors [rad/sec]

frs

nfrs

(0 : (2*pi*67)/fEtl : (2*pi*67) - ((2*pi*67)/FRI));

(0 : 2*pi*67)/ERt : (pi*67) - (2*pi*67)/FR)';

% Full

% Only to Nyquist frequency

Yo%V YoY% Ho Vo Ye YoY% % %% % %% %% %% S % N %6 %6 %% % % % % %o %% %

%
%
%
%
%
%
%
%

%
A low-pass Butterworth is created and applied in this section to minimize the high %
frequency noise on the response signals prior to the frequency response estimation %

step of the Have Derivatives process. First the unfiltered signals are plotted versus time. %
Then the filter is applied to each response signal both forward and reverse in time to %
induce zero phase lag. The filtered signals are then presented on the same plot asthe %

unfiltered signals to determine the effect of the filtering step.

%
%

YUY Yo% YoY% %Yo ho Yo %% % %Yo Yo% %% %% %o Yo% % % % Y% Yo %% % % % %% % % Yo

%%%%% Plot of unfiltered pitch frequency sweep response signals

figure

subplot(5,1,1),plot(Time,Alpha,'k-'");

title('Unfiltered Pitch Frequency Sweep Responses vs Time', 'FontName', 'Times',

'FontSize', 20);
ylabel('Alpha (deg)', 'FontName', 'Times', "FontSize', 20);
set(gca,'FontName','Times','FontSize',20,'xticklabels',["]);

subplot(5,1,2),plot(Time,Q,'’k-");
ylabel('Q (deg/sec)', 'FontName', 'Times', 'FontSize', 20);
set(gca,'FontName','Times','FontSize',20,'xticklabels',["]);

subplot(5,1,3),plot(Time,Nz,'k-");

ylabel('Nz (g)', 'FontName', 'Times', 'FontSize', 20);
set(gca,'FontName','Times','FontSize',20,'xticklabels',["]);
subplot(5,1,4),plot(Time, Theta,'’k-');

ylabel('Theta (deg)', 'FontName', 'Times', 'FontSize', 20);
set(gca, FontName','Times','FontSize',20,'xticklabels',["});

subplot(5,1,5),plot(Time,RStab,'k-');
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ylabel('Stab Deflection (deg)','FontName', 'Times', 'FontSize', 20);
xlabel('Time (sec)', 'FontName', 'Times', 'FontSize', 20);
set(gca,'FontName','Times','FontSize',20);

input(");

%%%%% Low-pass Butterworth filter creation and application

[b,a] = butter(9, 20/(pi*67)); % 9-pole filter with 20 rad/sec cutoff frequency
Alphaf = filtfilt(b,a,Alpha);

Qf = filtfilt(b,a,Q);

Nzf = filtfilt(b,a,Nz);

Thetaf = filtfilt(b,a,Theta);

%%%%% Plots of unfiltered and filtered pitch frequency sweep responses

figure
plot(Time,Alpha,'r-', Time,Alphaf,'g:");
title('Unfiltered (solid red) and Filtered (dotted green) Responses vs Time', 'FontName',
'Times', 'FontSize', 20); '
ylabel('Alpha (deg)', 'FontName', 'Times', 'FontSize', 20);
xlabel('Time (sec)', 'FontName', 'Times', 'FontSize', 20);
set(gca,'FontName','Times','FontSize',20);
input(");

figure
plot(Time,Q,'r-, Time,Qf,'g:");
title('Unfiltered (solid red) and Filtered (dotted green) Responses vs Time', 'FontName',
'Times', 'FontSize', 20);
ylabel('Q (deg/sec)’, 'FontName', 'Times', 'FontSize', 20);
xlabel('Time (sec)', 'FontName', 'Times', 'FontSize', 20);
set(gca,'FontName','Times','FontSize',20);
input(");

figure
plot(Time,Nz,'r-', Time,Nzf,'g:");
title('Unfiltered (solid red) and Filtered (dotted green) Responses vs Time', 'FontName',
'Times', 'FontSize', 20);
ylabel('Nz (g)', 'FontName', 'Times', 'FontSize', 20);
xlabel('Time (sec)', 'FontName', 'Times', 'FontSize', 20);
set(gca,'FontName','Times', FontSize',20);
input(");
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figure

plot(Time,Theta,'r-, Time, Thetaf,'g:");

title("Unfiltered (solid red) and Filtered (dotted green) Responses vs Time', 'FontName',
'Times', 'FontSize', 20);

ylabel('Theta (deg)', 'FontName', 'Times', 'FontSize', 20);

xlabel("Time (sec)’, 'FontName', 'Times', 'FontSize', 20);

set(gca,'FontName','Times','FontSize',20);

input(");

%%%%% Re-definition of filtered pitch frequency sweep response signals

Alpha = Alphaf;
Q = Qf

Nz = Nzf;
Theta = Thetaf;

Yoo Yoo Vo Ve Yo YoY% oo oo Voo VoYY Yoo Yo% % %% %% %o Voo 6% %% % % %o %o %o %6 %%

%
%
%
%
%
%
%
%
%
%
%
%

%
This section accomplishes the first two steps of the Have Derivatives process. Filtered %
responses, the unfiltered input, and Have Derivatives variables defined above are given %
as inputs to TFE.M, the MATLAB?® Signal Processing Toolbox® routine that estimates %
average complex frequency response functions using the algorithm described in 2.5.1 %
of Chapter 2. The average complex frequency response function estimates returned by %
TFE.M are modified by the MIRROR.M routine as described in 2.5.2 of Chapter 2. This %
section also estimates the coherence function for each of the response and input %
combinations. Finally, each of the full average complex frequency response function %
estimates and coherence function estimates are plotted versus frequency, in rad/sec, out %

to the Nyquist frequency, for user evaluation of the data quality. %
%

VYo So eV VoYY Yo S sohee Ve Vo e Ve VeV Yoe YoY% %%l he NN Vo6 %6 %6 % %% % % % %% %

%%%%% Full average complex frequency response and coherence function estimation

H_Alpha_Rstab = tfe(RStab,Alpha,fftl,67,[],ovlp,'mean');
H_Alpha Rstab = mirror(H_Alpha_RStab);

C_Alpha_Rstab = cohere(RStab,Alpha,fft,67,[],0vlp, 'mean');
H_Q Rstab = tfe(RStab,Q,fftl,67,[],0vlp, 'mean');
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H_Q_Rstab = mirror(H_Q_RStab);

C_Q_Rstab = cohere(RStab,Q,fftl,67,[],ovlp, 'mean");
H_Nz_Rstab = tfe(RStab,Nzfftl,67,[],ovlp, 'mean');
H_Nz_Rstab = mirror(H_Nz_RStab),

C_Nz Rstab = cohere(RStab,Nz,fftl,67,[],ovlp, 'mean');
H_Theta_Rstab = tfe(RStab,Theta,fftl,67,[],ovlp, 'mean");

H_Theta_Rstab mirror(H_Theta_RStab);

C_Theta_Rstab cohere(RStab, Theta,fftl,67,[],ovlp, 'mean");

%%%%% Plots of the average complex frequency response and coherence function estimates
figure

subplot(3,1,1),semilogx(nfrs,20*log10(abs(H_Alpha_RStab(1:length(nfts),1))),'’k-")

title('Alpha / Horizontal Stabilator Average Frequency Response Function Estimate/,
'FontName', 'Times', 'FontSize', 20)

ylabel("Magnitude (dB)', 'FontName', 'Times', 'FontSize', 20);

set(gca,'FontName',' Times','FontSize',20,'xticklabels',["]);

subplot(3,1,2),semilogx(nfrs,(180/pi).*angle(H_Alpha_RStab(1:length(nfts),1)),'k-");
ylabel('Phase (deg)', 'FontName', "Times', 'FontSize', 20);
set(gca,'FontName','Times','FontSize',20,'xticklabels',["]);

subplot(3,1,3),semilogx(nfrs,C_Alpha_RStab,'’k-");
title('Alpha / Horizontal Stabilator Coherence Function Estimate', 'FontName', 'Times',
'FontSize', 20)
ylabel('Coherence Function Estimate', 'FontName', 'Times', 'FontSize', 20);
xlabel('Frequency (rad / sec)’, 'FontName', 'Times', 'FontSize', 20);
set(gca, FontName','Times','FontSize',20);
input(");
figure
subplot(3,1,1),semilogx(nfrs,20*log10(abs(H_Q_RStab(1:length(nfrs),1))),'’k-");

title('Q / Horizontal Stabilator Average Frequency Response Function Estimate’',
'FontName', 'Times', 'FontSize', 20);
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ylabel("Magnitude (dB)', 'FontName', 'Times', 'FontSize', 20);
set(gca,'FontName',' Times','FontSize',20);

subplot(3,1,2),semilogx(nfrs,(180/pi).*angle(H_Q_RStab(1:length(nfrs),1)),’k-");

ylabel('"Phase (deg)', 'FontName', 'Times', 'FontSize', 20);

set(gca,'FontName','Times','FontSize',20);

subplot(3,1,3),semilogx(nfrs,C_Q_RStab,'’k-");

title('Q / Horizontal Stabilator Coherence Function Estimate', 'FontName', 'Times',
'FontSize', 20);

ylabel('Coherence Function Estimate', 'FontName', 'Times', 'FontSize', 20);

xlabel('Frequency (rad / sec), 'FontName', 'Times', FontSize', 20);

set(gca,'FontName','Times','FontSize',20);

input(");

figure

subplot(3,1,1),semilogx(nfrs,20*log10(abs(H_Nz_RStab(1:length(nfrs),1))),'’k-);

title('Nz / Horizontal Stabilator Average Frequency Response Function Estimate’,
'FontName', 'Times', 'FontSize', 20)

ylabel("Magnitude (dB)', 'FontName', 'Times', 'FontSize', 20);

set(gca,'FontName','Times','FontSize',20);

subplot(3,1,2),semilogx(nfrs,(180/pi).*angle(H_Nz_RStab(1:length(nfrs),1)),’k-");
ylabel('Phase (deg)', 'FontName', 'Times', 'FontSize', 20);
set(gca,'FontName','Times','FontSize',20);

subplot(3,1,3),semilogx(nfrs,C_Nz_RStab,'k-");

title('Nz / Horizontal Stabilator Coherence Function Estimate', 'FontName', 'Times',
'FontSize', 20);

ylabel("Coherence Function Estimate', 'FontName', 'Times', FontSize', 20);

xlabel('Frequency (rad / sec)', 'FontName', 'Times', 'FontSize', 20);

set(gca,'FontName','Times','FontSize',20);

input(");

figure

subplot(3,1,1),semilogx(nfrs,20*log10(abs(H_Theta_RStab(1:length(nfrs),1))),'’k-");
title("Theta /Horizontal Stabilator Average Frequency Response Function Estimate',
'FontName', 'Times', 'FontSize', 20); '
ylabel('Magnitude (dB)', 'FontName', 'Times', 'FontSize', 20);
set(gca,'FontName','Times','FontSize',20);

subplot(3,1,2),semilogx(nfrs,(180/pi). *angle(H_Theta_RStab(1:length(nfts),1)),’k-");
ylabel('Phase (deg)', 'FontName', 'Times', 'FontSize', 20);
set(gca,'FontName','Times','FontSize',20);

subplot(3,1,3),semilogx(nfrs,C_Theta_RStab,'k-");
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title("Theta / Horizontal Stabilator Coherence Function Estimate', 'FontName', 'Times',
'FontSize', 20);

ylabel('"Coherence Function Estimate', 'FontName', 'Times', 'FontSize', 20);

xlabel('Frequency (rad / sec)', 'FontName', 'Times', 'FontSize', 20);

set(gca, FontName','Times','FontSize',20);

input("); ’

VUYoUYL Ve Yo YoYUl VeV Y% he Vo Yo% %% % %o %o a6 %% % %o Yo % %% %Yo %e %% % YoY%
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%

Y%
The third and final step of the Have Derivatives process is accomplished in this section. %
The full average complex frequency response functions are transformed back into the %
time domain using MATLAB’s® built-in inverse fast Fourier transform function. The %
signals become discrete pulse responses in the time domain and are multiplied by the %
sampling rate (67 samples per second in this case) so that they are a correct %
approximation of the continuous inverse fast Fourier transform results. Because only the%
initial part of the responses are important for PCPID processing, only the first 500 points %
of each signal are saved in GetData format. That equates to approximately 7.5 seconds %
at a 67 samples per second sampling rate. That was more than enough time to provide to %
PCPID because the transient response died out in about 1.5 seconds in each case, leaving %

the steady state response. Also created and saved with the response signals in this %
section is the simulated ideal impulse response function. The simulated ideal impulse is %
one time step wide and one over one time step in amplitude, which equated to an %

amplitude of approximately 67 degrees. The same low-pass Butterworth filter applied %
earlier to the response signals, prior to Have Derivatives processing, is applied hereto %
the input signal. Finally, the response and filtered simulated ideal impulse input signals %
are saved in GetData format for PCPID processing. The signals, as saved, are plotted %

versus time so the user may ensure that proper Have Derivatives processing was %
accomplished. %
%

YUV YoV Yoo Ve YoY% Yoo Ye Yo YoY% N Voo %o Yo% %% Yo %o Yo% % % %Yo Yo %% % %o Yo %6 %% % Yo

%%%%% Inverse fast Fourier transformation and scaling

h_Albha_RStab_impulsé

h_Q_RStab_impulse

67.*(real(ifft(H_Alpha_RStab,fftl)));

67.*(real(ifft(H_Q_RStab,fftl)));

h_Nz_RStab_impulse = 67.*(real(ifft(H_Nz_RStab,fftl)));

h_Theta RStab_impulse = 67.*(real(ifft(H_Theta_RStab,fftl)));

%%%%% Definition of clipped discrete pulse responses

h_Alpha_RStab_impulse Clipped = [h_Alpha_RStab_impulse(1:500,:)];
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h_Q_RStab_impulse_Clipped
h_Nz_RStab_impulse_Clipped

h_Theta_RStab_impulse_Clipped

%%%%%

Alpha =

%%%%%
Rstab =

Rstab

%%%%%
Time =
Mach =
Qbar =
Alt =

Vit =

[h_Q_RStab_impulse(1:500,:)];

[h_Nz_RStab_impulse(1:500,:)];

[h_Theta_RStab_impulse(1:500,:)];

Definition of response signals to be saved in GetData (*.gtd) format

[h_Alpha RStab_impulse_Clipped(1,1).*ones(100,1);
h_Alpha_RStab_impulse_Clipped];

[h_Q RStab_impulse_Clipped(1,1).*ones(100,1); h_Q_RStab_impulse_Clipped];
[h_Nz_ RStab_impulse_Clipped(1,1).*ones(100,1); h_Nz_RStab_impulse_Clipped];
[h;Theta_RStab_impulse_C lipped(1,1).*ones(100,1);
h_Theta_RStab_impulse_Clipped];

Creation and filtering of simulated ideal impulse input signal

[zeros(100,1); 67.%ones(1,1); zeros(length(h_Alpha_RStab_impulse_Clipped)-1,1)];

= filtfilt(b,a,RStab); % 9-pole low-pass filter with 20 rad/sec cutoff frequency

Definition of time and flight condition signals to be saved in GetData (*.gtd) format
(0:1/67:1/6 7T*length(Alpha)-1/67)';

Mach(1:length(Alpha),1);

Qbar(1:length(Alpha),1);

Alt(1:length(Alpha),1);

Vi(1:length(Alpha),1);

%%%%% Plot of above defined discrete pulse response and input signals

figure

subplot(5,1,1),plot(Time,Alpha,'k-');
title('Clipped Discrete Pulse Responses and Simulated Ideal Impulse Input vs Time (100
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"trim" points added equal to first point.)', 'FontName', 'Times', 'FontSize', 20);
ylabel('Alpha (deg)', 'FontName', 'Times', 'FontSize', 20);
set(gca,'FontName',' Times','FontSize',20,'xticklabels',["]);

subplot(5,1,2),plot(Time,Q,'’k-');
ylabel('Q (deg/sec)', 'FontName', 'Times', 'FontSize', 20);
set(gca,'FontName','Times','FontSize',20, xticklabels',["]);

subplot(5,1,3),plot(Time,Nz,'k-");
ylabel('Nz (g)', FontName', 'Times', 'FontSize', 20);
set(gca, FontName','Times','FontSize',20,'xticklabels',["]);

subplot(5,1,4),plot(Time, Theta,'’k-');
ylabel('Theta (deg)', 'FontName', 'Times', 'FontSize', 20);
set(gca,'FontName',' Times','FontSize',20);

subplot(5,1,5),plot(Time,RStab,'k-");

ylabel('de (deg)', 'FontName', 'Times', 'FontSize', 20);
xlabel('Time (sec)', 'FontName', 'Times', 'FontSize', 20);
set(gca,'FontName','Times','FontSize',20);

input(");

%%%%% Save discrete pulse response and simulated ideal impulse signals in GetData format

gdsave('C:\projects\Calm_S\F3S04.gtd', Time, Alpha, Q, Nz, Theta, RStab, Mach, Qbar, Alt, Vt)

%%%%%%%%%% % %% %% %% %% %% %% %% %% %% %% %% %% %% %% % %% %% %%
% %
% The final section of HDPROCES first calculates and displays the average total fuel %
% weight for the current pass. This value is hand recorded by the user. HDPROCES then %
% calls the FORTRAN program MASSCALC.EXE to compute the test aircraft’s total mass,%
% cg location, and moments and products of inertia. MASSCALC displays the answers %

% which are hand recorded by the user for PCPID input. The complete code for %
% MASSCALC is presented in the next section of this appendix. %
% %

%%%%%%%%6%%%%%%%% %% %% %% % %% %% %% %% % %% %% % %%%%%%% %%
%%%%% Average fuel weight calculation

Avg Wf = mean(input_file(:,actual_Wf))

%% % %% Run MASSCALC program

IMasscalc
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C.2 Mass Characteristics Program

The mass characteristics program, MASSCALC.EXE, was written by Mr. Chris Nagy of
Quartic Engineering Inc. to compute the test aircraft’s total mass, cg location, and moments and
products of inertia given the aircraft’s current total fuel weight. The MASSCALC calculations
are for a Block 15 F-16B with a centerline fuel tank. The values given are based on a standard
fuel burn (Nagy, 1997b).

The complete code for MASSCALC is presented in this section of Appendix C.

PROGRAM MASSCALC

IMPLICIT NONE

C

* This program computes the weight, center-of-gravity, and inertias for an F16-B model aircraft
* with a single centerline external tank. The fuel sequence, obtained from T.O 1F-16A-1, is as
* follows:

* 1) Centerline tank

* 2) Wing tanks equally

* 3) Aft and both forward tanks, delta shared equally between

* aft and forward

* 4) Reservoir tanks

* Data for the various tanks and components were obtained from a General Dynamics memo on
* F-16 mass properties prepared by Mr. B.J. Aulds, Engineering Specialist and approved by

* Mr. E.A. Flores, Engineering Chief, Mass Properties (Nagy, 1997b). Data for the individual
* components are found in the "MP" array in this program.

*

INTEGER*2 L]

REAL*4 WEIGHT, XCG, YCG, ZCG, IXX, IYY, 1ZZ, IXZ, OLD_WT
REAL*4 FUEL_WT, FUEL_LEFT, DELTA, XCGMAC, DX, DY, DZ
REAL*4 MP(24,8)

DATA ((MP(L]J), J=1,8), I=1,24)/

*wt sl b owl o ix iy iz ixz
-17113,, 3215, 0.0, 90.7, 6321, 55026.5., 54391, 214, IB/b15/GU
- 56, 2449, 300, 980, 0, O, 0., 0.,  !EPU fuel
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- 13, 269.7, 9.5, 645, 0, 0., 0., 0., loxygen

- 13, 315.0, 0.0, 100.0, 0., 0., 0., 0., fuel inert

- 16., 128.8, 00, 923, 0., 0., 0., 0., Isurv kit

- 16, 193.8, 00, 9438, 0, 0., 0., 0., Isurv kit

- 190., 137.7, 0.0, 105.5, 0, 0., 0., 0., Ipilot(mod)
- 190., 202.8, 0.0, 108.1, 0., 0., 0., 0., Ipilot(mod)
- 55, 426 .4, 0.0, 90.0, O., 0., 0., 0., Iresid fluid
- 24, 375.0, 0.0, 80.0, 0, 0., 0., 0., lengine oil
- 740.,  230.9, 0.0, 1044, 0., 0., 0., 0., IF1 fuel

- 684, 297.0, 0.0, 1019, 87, 8., 80., 0., 1F2 fuel

- 442,  326.0, -25.0, 978, 0., 0., 0., 0., ILRes fuel
- 442.,  326.0, 25.0, 978, O, 0., 0., 0., IRRes fuel
- 2313, 3895, 0.0, 99.5, 316., 354, 459., 0., 1Aft fuel

- 1143., 350.0, 0.0, 92.0, 1961., 135, 2096., 0., 1Wing fuel -
- 22, 370.0, 0.0, 846, 0O, 0., 0., 0., !Line fuel

- 1950., 319.6, 0.0, 38.5, 7. 593., 612, 0., 1300ECL fuel
- 12, 290.0, 00, 256, 0., 0., 0., 0., 1300ECL unfuel
- 69, 366.3, -182.6, 91.6, 0., 11, 11, 0., 'L 16S210
- 69, 366.3, 182.6, 91.6, O., 11.,, 11, 0., IR 16S210
- 172, 3072, 0.0, 525, O, 17., 17., 0., Univ pylon
- 371, 327.0, 0.0, 38.1, 10, 139., 139, 1., 1300G tank
- 24, 457.0, 357, 90.5, O, 0., 0., 0./ IChaff

sk s e ok 3k 35 3k s 34 s e s 3k ok sk 3 3k 3 ok sk 3k sk 3k ok sk ok 3 ke sk ke sk e ok ok ok sk ok s e sk ok sk e ok e o s sk s e sk ke o e sk ke ke e S s 2k o ke She e 2k s ke ok s ke ok ok ok 3k ok ke ok

C---Start with Basic Airframe (Fuel-less) Mass Properties

WEIGHT = MP(1,1)
XCG = MP(1,2)
YCG = MP(1,3)
ZCG = MP(1,4)
IXX = MP(1,5)
IYY = MP(1,6)
1ZZ = MP(1,7)
IXZ = MP(1,8)

sk s e s ok 2 e o 3 sk ke 3k 3k ok ok e s 3 ok ok o s 3k sk sk sk ke ke s sk sk ok s e ke e s ok ok sk s e e ke e s sk ok Sl e e e sk Sk s e ke ke ok ok sk ke ke e ok sk e oke ke sk ke ok ok sk ke ke ok

C---Compute Fuel Locations and Proportion Component Inertias for Partly-full Fuel Tanks
WRITE(6,'(1HO, A,$)") 'Enter Fuel Weight -
READ(5,'(F10.0)) FUEL_WT

! Start with fuel in lines and residue in external tank
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FUEL_LEFT = FUEL_WT-MP(17,1)- MP(19,1)

! Add-In Resevoir Tanks (Items 13,14)

IF (FUEL_LEFT .LT. MP(13,1)+MP(14,1)) THEN

IF1 Tank
IF2 Tank

MP(11,1)
MP(12,1)
MP(12,5)
MP(12,6)
MP(12,7)
MP(13,1)
MP(14,1)
MP(15,1)
MP(15,5)
MP(15,6)
MP(15,7)
MP(16,1)
MP(16,5)
MP(16,6)
MP(16,7)
MP(18,1)
MP(18,5)
MP(18,6)
MP(18,7)
FUEL_LEFT
GO TO 10

UEL_LEFT/2. !LeftResevoir
UEL_LEFT/2. [Right Resevoir
!Aft Tank

'Wing Tanks

1External Tank

I
OO OO0 OO OSSO

ELSE

FUEL_LEFT

I

FUEL_LEFT - MP(13,1) - MP(14,1)

ENDIF

! Add-In Remainder of Aft Tank (Item 15)
DELTA = MP(15,1) - MP(11,1) - MP(12,1)

IF (FUEL_LEFT .LT. DELTA) THEN

MP(i1,1) = O. IF1 Tank
MP(12,1) = O. IF2 Tank
MP(12,5) = O.
MP(12,6) = O.
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MP(12,7) = O.
MP(15,5) MP(15,5) * FUEL_LEFT/MP(15,1) !Aft Tank
MP(15,6) MP(15,6) * FUEL_LEFT / MP(15,1)

MP(15,7) MP(15,7) * FUEL_LEFT / MP(15,1)

MP(15,1) FUEL_LEFT

MP(16,1)
MP(16,5)
MP(16,6)
MP(16,7)
MP(18,1)
MP(18,5)
MP(18,6)
MP(18,7) =
FUEL_LEFT
GO TO 10

!Wing Tanks

!External Tank

coocooooee

(=]

ELSE

FUEL_LEFT

FUEL_LEFT - DELTA

ENDIF

!  Add-In Balance of Forward and Aft Fuselage Tanks (Items 11,12,15)
IF (FUEL_LEFT .LT. MP(11,1)+MP(12,1)+MP(15,1)-DELTA) THEN

IF (FUEL_LEFT/2 .LT. MP(12,1)) THEN

MP(11,1) = 0. IF1 Tank
MP(12,5) = MP(12,5)* (FUEL_LEFT/2)/MP(12,1) !F2 Tank
MP(12,6) = MP(12,6) * (FUEL_LEFT/2)/MP(12,1)
MP(12,7) = MP(12,7) * (FUEL_LEFT/2)/ MP(12,1)
MP(12,1) = (FUEL_LEFT/2)
ELSE
MP(11,1) = (FUEL_LEFT/2)-MP(12,1) IF1 Tank
ENDIF
MP(15,5) = MP(15,5) * (FUEL_LEFT/2+DELTA)/MP(15,1) !Aft Tank
MP(15,6) = MP(15,6) * (FUEL_LEFT/2+DELTA)/MP(15,1)
MP(15,7) = MP(15,7) * (FUEL_LEFT/2+DELTA)/MP(15,1)
MP(15,1) = (FUEL_LEFT/2+DELTA)
MP(16,1) = 0. 'Wing Tanks
MP(16,5) = O.
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MP(16,6)
MP(16,7)
MP(18,1)
MP(18,5)
MP(18,6)
MP(18,7)
FUEL_LEFT
GOTO 10

ELSE
FUEL_LEFT

ENDIF

coooooo

!External Tank

FUEL_LEFT - (MP(11,1)+MP(12,1)+*MP(15,1)-DELTA)

! Add-In Wing Tanks (Item 16)

IF (FUEL_LEFT .LT. MP(16,1)) THEN

MP(16,5)
MP(16,6)
MP(16,7)
MP(16,1)
MP(18,1)
MP(18,5)
MP(18,6)
MP(18,7)
FUEL_LEFT
GO TO 10

ELSE
FUEL_LEFT

ENDIF

o

1l

MP(16,5) * FUEL_LEFT / MP(16,1)
MP(16,6) * FUEL,_LEFT / MP(16,1)
MP(16,7) * FUEL_LEFT / MP(16,1)
FUEL_LEFT

0.

0.

0.

0.

0.0

FUEL_LEFT - MP(16,1)

! Add-In Centerline External Tank (Item 18)

IF (FUEL_LEFT .LT. MP(18,1)) THEN

MP(18,5)
MP(18,6)
MP(18,7)
MP(18,1)
FUEL_LEFT
GO TO 10

| (|

MP(18,5) * FUEL_LEFT / MP(18,1)
MP(18,6) * FUEL_LEFT / MP(18,1)
MP(18,7) * FUEL_LEFT / MP(18,1)
FUEL_LEFT

0.0
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ENDIF
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C---Compute Weight and CGs

! Basic Equipment (Items 2-10)

10 DOI = 210
OLD WT = WEIGHT
WEIGHT = WEIGHT +MP(1)
XCG = (OLD_WT * XCG + MP(I, 1) * MP(1,2)) / WEIGHT
YCG = (OLD_WT * YCG + MP(I,1) * MP(I,3)) / WEIGHT
ZCG = (OLD_WT * ZCG + MP(I, 1) * MP(I,4)) / WEIGHT
ENDDO

! Fuel Components (Items 11-19)

DO1 = 11,19
OLD WT = WEIGHT
WEIGHT = WEIGHT +MP(,1)
XCG = (OLD_WT * XCG + MP(I,1) * MP(1,2)) / WEIGHT
YCG = (OLD_WT * YCG + MP(I, 1) * MP(1,3)) / WEIGHT
ZCG = (OLD_WT * ZCG + MP(l, 1) * MP(,4)) / WEIGHT
ENDDO

! Stores (Empty External Tank, AIM-9 Launchers) (Items 20-24)

DOI = 2024
OLD WT = WEIGHT
WEIGHT = WEIGHT +MP(,1)
XCG = (OLD_WT * XCG + MP(1,1) * MP(1,2)) / WEIGHT
YCG = (OLD_WT * YCG + MP(],1) * MP(1,3)) / WEIGHT
ZCG = (OLD_WT * ZCG + MP(l, 1) * MP(1,4)) / WEIGHT
ENDDO
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C---Compute Inertias
! Basic Equipment (Items 2-10)
DOI = 2,10

IXX = IXX+MP(5)+MP(I,1)/32.17405 *

- ((MP(1,3) - YCG)**2 + (MP(L,4) - ZCG)**2) / 144
IYY = IYY +MP(6)+MP(,1)/32.17405 *

- ((MP(L,2) - XCG)**2 + (MP(L,4) - ZCG)**2) / 144
1ZZ = 1ZZ+MP(L7)+MP(,1)/32.17405 *

- ((MP(1,2) - XCG)**2 + (MP(L,3) - YCG)**2) / 144
IXZ = IXZ+MP(L8)+MP(,1)/32.17405 *

- ((XCG - MP(1,2)) * (ZCG - MP(L,4))) / 144

ENDDO

! Fuel Components (Items 11-19)
DOI = 11,19

IXX = IXX+MP(L5)+MP(,1)/32.17405 *
- ((MP(1,3) - YCG)**2 + (MP(L,4) - ZCG)**2) / 144

IYY = IYY+MP(L6)+MP(,1)/32.17405 *

- ((MP(L,2) - XCG)**2 + (MP(L4) - ZCG)**2) / 144
1ZZ = 1ZZ+MP(,7)+MP(,1)/32.17405 *

- ((MP(1,2) - XCG)**2 + (MP(I,3) - YCG)**2) / 144
IXZ = IXZ+MP(I8)+MP(,1)/32.17405 *

- ((XCG - MP(1,2)) * (ZCG - MP(I,4))) / 144

ENDDO

! Add In Effects of Stores (Empty External Tank, AIM-9 Launchers, chaff)
DOI = 20,24

IXX = IXX+MP(I5)+MP(I,1)/32.17405 *
- ((MP(1,3) - YCG)**2 + (MP(L4) - ZCG)**2) / 144

IYY = IYY+MP(L6)+MP(,1)/32.17405 *

- ((MP(1,2) - XCG)**2 + (MP(I4) - ZCG)**2) / 144
1ZZ = 1ZZ+MP(L,7)+MP(,1)/32.17405 *

- ((MP(1,2) - XCG)**2 + (MP(,3) - YCG)**2) / 144
IXZ = IXZ+MP(L8)+MP(L,1)/32.17405 *

- ((XCG - MP(1,2)) * (ZCG - MP(1,4))) / 144
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ENDDO
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C---Compute MAC CG and Delta CGs in Feet

XCGMAC = (XCG-273.11)/135.84 * 100.
DX = (XCG -320.65)/ 12

DY = (YCG- 0) /12

DZ = (ZCG- 91) /12
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C---Output Mass Properties

WRITE(6,'(1HO, A, 2X, 3(1X,A,3X), 42X,A,3X)))
- 'Weight''X-cg(%MAC),'Y-cg', Z-cg' Ixx' Tyy',1zz', Ixz'
WRITE(6,'(1HO, F6.0, 2X, F6.2, 1H(, F4.1, 1H),

- 2(F6.2,2X), 1X, 4(F6.0,2X)))

- WEIGHT, XCG, XCGMAC, YCG, ZCG, IXX, IYY, I1ZZ, IXZ

WRITE(6,(1H,, 8X, 3(F6.2,2X)))
-DX, DY, DZ
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STOP
END
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Appendix D : Calm Air Stability Derivative Estimation Results

This appendix contains detailed calm air stability derivative estimation results. The

definitions in Table D.1 were used to categorize the results from different passes.

Table D.1. Turbulence Level Definitions

Turbulence Level ANormal Acceleration (Ag)
Calm Air |An,| <0.1
Turbulent Air 03< | An, |

'Change in normal acceleration from 1-g at a frequency of 1
radian per second

All passes from Flights 1 through 3 were in calm air according to these definitions. Actual
turbulence levels from Flights 1 through 3 are presented in Table D.2.

Table D.2 also presents the calm air stability derivative estimate values and associated
Cramer-Rao bounds for Cy,, Cyss Cpas Coq and C.. Results for all 32 calm air data colleétion
passes were calculated from doublet input and response data using PCPID alone. The
Cramer-Rao bound was a measure of the confidence PCPID had in each stability derivative
estimate. The smaller the Cramer-Rao bound, the more confidence PCPID had in the estimate.
The Cramer-Rao bound values présented in Table D.2 were the actual bound mqltiplied by a
factor of 10. This factor has been commonly used at the AFFTC to account for the fact that the
true noise present on the signals processed by PCPID is correlated, not uncorrelated as assumed
by the parameter estimation routine in PCPID, and to more closely correlate the size of the

bounds to the scatter of the estimates (Maine and Iliff, 1986:135 to 137).
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Time history match cost function values for each of the calm air passes are given in Table
D.3. The cost function values were a quantitative indication of how closely the PCPID computed
time histories matched the measured time histories. The derivative estimates for a run with
smaller cost function values were considered more accurate than those estimates associated with
larger cost function values. The values of the cost functions were equalized at unity for the first
10 calm air passes by varying response parameter weightings within PCPID. These weightings,
which were used for all subsequent PCPID processing, are given at the top of Table D.3.

The stability derivative estimate mean values, associated confidence intervals based on a 95
percent confidence level, and the data set standard deviations are presented at the top of Tables

D.2 and D.3. The 95% confidence level intervals were calculated using Equation (D.1).

p.=)_(itv o 2(75_;) (D.1)
’ 2

where

p = population mean

X = sample mean

t « = student's t distribution statistic
v,1- E
v = degrees of freedom (n - 1)
o = uncertainty level (0.05 for 95% confidence level)
s = sample standard deviation

n = number of samples
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Table D.2. Calm Air Stability Derivative Estimate Values and Cramer-Rao Bounds

Desired Confidence Interval
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427608
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0013
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00132
00152
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37TE®
365E0
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00000
0.0004
00002
00001

STEW
34QEM
909E04
S0

44123
5375
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43818

143E400
LI8EH0
192E+00
L77E+00
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00110
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00672
00744
00783
00717
00715
00741
00717

552E0
3E®
50868
408508
460EB
S3BEM
683E®
SBE®
LIGE®@
47TE®
4560
S90E®
471E®B
57658
S60EB

00141
00126
00131
00129
0014
00116
0004
0012
00154
00107
00053
0013
00137
00104
00140

SBE®
3BE®
S08EM
430608
S527E®
SOE®
THE®
616508
7,213
41260
62E®
532E0
446503
5.63EM
56668

00013
005
00045
00028
00020
00025
0031
00018
-0.0008
00020
001
00068
00008
00012
0003

380
611E04
94804
G8TE04
52E04
T6TE0
140603
94204
17%E®
896604
8EH

691E04
731E04
1.22E(0

-14549
47675
ST64
-4.550
23454
3332
-4,0800
2880
11682
40223

4TI

-1.8626
2809
287
50852

787E01
L13EH00
1L.9EH0
1286400
96IE0!
127EH00
213EH0
1L.53EH0
230Et00
146E+00
1EOEHD
130E+00
121E+00
1296400
231E40

Q0114
00134
00151
00138
00131
00133
00139
00129
0,004
00135
00150
00117
0012
00129
00147

IREM
139608
108608
10IE@
12ZE®B
19968
1.54E®B
28E®
12868
161E(B
133638
12E(8
13268
1.80B{B

W W WWWWWWWWWWWINDNDNDRNNNDNBNNNDNDNDNDENNDNDDNDNN= ——= -

117)
007
004
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3566
3539
3536
3526
3531
3552
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3517
3536
3546
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21
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186
2@
1722
176
167
16
164
147
151

0.06%6
00710
0071
0068
00729
0076
00716
00730
00721
00712
00714
00733
00729

428608
29651
295608
23668
336538
24968
3AIE®B
36058
212E®
29968
238508
252508
219638

00137
00149
00153
001%
00119
00154
00126
00105
00127
00156
00156
0019
00150

43868
392D
3BE®
29968
3E®
332E®
392E®B
425E(B
I5E®
S8TE®B
39250
41668
4436503

0006
<0.0001
00001

-0.0006
00010
-0.0005
-0.0009
00012
-0.0006
-0.0008
0002
0.0000
00003

69TEM
161IE04
210604
1B
19504
145804
186604
151IE4
108604
11IE¢
14E04
140604
166604

4883
2379
3642
-1.8%86
14672
24108
16525
07620
-1.9607
0392
20307
26051
3844

1365400
417601
557601
371E01
448601
404501
424801
411E01
32E01
376501
460501
5@E01
57801

00134
-0.0095
00098
0,002
0.0092
-0.0096
0006
-0.0088
00092
0.0
-0.0090
<0.0089
00105

1LO0TEM
4BE0
S2ZBEM
35580
45IE04
39EM
4560
42T
342EH
39650
4250
47560
S9E0

!Change in normal acceleration from 1-g at a frequency of 1 radian per second
2X-cg location measured in percent of mean aerodynamic chord
Average angle of attack for pass
‘Mean based on 32 samples
Confidence interval of the mean based on a 95 percent confidence level
sConfidence level based on Desired Confidence Interval

’Cramer-Rao bounds have been multiplied by a factor of 10
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Table D.3. Calm Air Time History Match Cost Function Values

Costa.* Costq’® Cost 0 ¢ Costn,’
Mean ! 3.24 2.11 1.85 348
Mean Confidence Interval 2 1.32 0.54 0.48 1.57
Standard Deviation 3.66 1.50 1.32 4.35
Parameter Weighting * 23 3 14 60
Flight Pass Cost o Costq Cost 0 Costn,
1 5 8.33 1.53 2.01 6.26
1 6 2.54 1.63 0.71 2.55
1 7 3.67 1.30 0.78 3.56
1 8 5.73 2.94 1.36 8.07
2 1 3.06 2.28 2.47 2.87
2 2 1.16 1.66 1.31 141
2 3 1.47 3.20 2.16 0.97
2 4 1.87 0.40 1.51 1.23
2 5 1.51 1.84 1.87 0.63
2 6 1.68 2.37 1.45 1.15
2 7 3.09 4.30 1.86 3.02
2 8 1.95 4.02 1.58 1.69
2 9 21.60 8.60 6.86 24.60
2 10 1.29 1.17 1.20 1.00
2 11 1.98 1.11 1.36 1.60
2 12 244 2.70 1.94 2.72
2 13 1.79 1.16 0.80 1.79
2 14 3.06 2.99 1.77 2.02
2 15 3.74 0.60 1.67 2.00
3 1 2.19 1.23 2.51 1.85
3 2 2.08 1.57 1.00 3.67
3 4 2.70 2.24 0.52 2.24
3 5 1.19 1.81 1.69 1.53
3 6 247 1.67 2.68 427
3 7 1.78 1.58 1.08 1.45
3 8 3.33 1.66 4.40 4.89
3 9 4.01 1.69 3.71 6.75
3 11 1.37 1.19 0.76 1.82
3 12 4.86 323 3.95 8.25
3 13 1.83 : 1.26 0.84 1.72
3 14 2.15 1.80 0.76 2.46
3 15 1.90 0.69 0.67 1.45

'Mean based on 32 samples

*Confidence interval of the mean based on a 95 percent confidence level

’Mean parameter weighting from first ten calm air PCPID runs _

“Cost function value associated with matching angle of attack measured time history

sCost function value associated with matching pitch rate measured time history

sCost function value associated with matching pitch angle measured time history

"Cost function value associated with matching normal acceleration measured time
history
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Appendix E : Turbulent Air Stability Derivative Estimation Results

This appendix contains detailed turbulent air stability derivative estimation results. The

definitions in Table E.1 were used to categorize the results from different passes.

Table E.1. Turbulence Level Definitions

Turbulence Level ANormal Acceleration (Ag)'
Calm Air |An,| <0.1
Turbulent Air 03< | An,

'Change in normal acceleration from 1-g at a frequency of 1
radian per second

Fifty-two passes from Flights 4 through 10 were in turbulent air according to these
definitions. Actual turbulence levels from Flights 4 through 10 are presented in Table E.2.

Table E.2 also presents the turbulent air stability derivative estimate values and associated
Cramer-Rao bounds for Cy,, Cyss Cpes Cnq and C,.. Results for all 52 turbulent air data
collection passes were calculated from doublet inbut and response data using PCPID alone. The
Cramer-Rao bound was a measure of the confidence PCPID had in each stability derivative
estimate. The smaller the Cramer-Rao bound, the more confidence PCPID had in the estimate.
The Cramer-Rao bound values presented in Table E.2 were the actual bound multiplied by a
factor of 10. This factor has been commonly used at the AFFTC to account for the fact that the
true noise present on the signals processed by PCPID is correlated, not uncorrelated as assumed
by the parameter estimation routine in PCPID, and to more closely correlate the size of the

bounds to the scatter of the estimates (Maine and Iliff, 1986:135 to 137).
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Time history match cost function values for each of the turbulent air passes are given in
Table E.3. The cost function values were a quantitative indication of how closely the PCPID
computed time histories matched the measured time histories. The derivative estimates for a run
with smaller cost function values were considered more accurate than those estimates associated
with larger cost function values. The values of the cost functions were equalized at unity for the
first 10 calm air passes by varying response parameter weightings within PCPID. These
weightings, used for all subsequent PCPID processing, are given at the top of Table E.3.

The stability derivative estimate mean values, associated confidence intervals based on a 95
percent confidence level, and the data set standard deviations are presented at the top of Tables

E.2 and E.3. The 95% confidence level intervals were calculated using Equation (E.1).

p=§itv’l_g_(—J—ﬁ) - (E.1)

where

p = population mean
X = sample mean

t o = student's t distribution statistic

v,l-;

v = degrees of freedom (n — 1)
= uncertainty level (0.05 for 95% confidence level)
s = sample standard deviation

n = number of samples
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Table E.2. Turbulent Air Stability Derivative Estimate Values and Cramer-Rao Bounds

Cia CRbnd’ Gy CRbnd Caa CRbnd Caq CRbnd Case CRbod
Mean[" 00603 6BE03 | 00174 SG@EG | 00010  B0L03 | 35564  LBEWO | 0l LOIE® |
Memn Confidence Interval | 1.67E03  589E-04 | 226E03  9.06E04 | 399E04 149E04 | 791E01 313E01 | 7.80E04  220E-04
Desired Confidence Interval|]  2.50E-03 2.00E-03 2.50E-04 4,00E-01 4.00E-04
Confiderce Level ] 99.6% 91.%% 786% 68.5% ©2%
Standard Deviatio] 00060  2.12E03 | 00081  325E403 | 00014  534E04 | 28403  LI12E+00 { 00028  7.90E-04
2

Pight| Pass| ag' ’fp*f) Age’l Ga  Rd | Ga  CRbM | Gu  CRbd | G  CRbd | G CRbnd
T [ 3 ]030] 382 | 10T 00T 73603 | G008 B.I8603 | OO00ZT  L30E | 2318 ZGOETW | 0016 Z03E03 |
4| 6lo37] 3825 | 197 | 00628 626E03 | 00217 851E03 | 00013 167E-04 | 16780  S549E01 | -00066  SSIE04
4| 7035 3813 | 162 | 00697 924E8 | 00088  90BE03 | 00014  1ME03 | -13382  266E+00 | 00117  2.56E8B
4 | 8jom 4200 | 189 | 00714 SSTEGB | 00117  446E03 | 00020  869E04 | -39896  LS9E+00 | 00125  LI6E®
4 {10]os6] 3998 | 170 | 00828 895E03 | 00046  721E03 | 00008  LIIED3 | -38905 2226400 | 0012  L7IEM
4 | 16{038| 3836 | 167 | 00749  47E03 | 00114  488E03 | 00024  SEEH4 | 63715  1S0EH0 | -00148  L46EB
4 {17]034] 3801 | 160 | 0072 574E0 | 00100 S578E03 | 00021 929E04 | -52690  L7IE+00 | 00146  LSME3
4 {18033 3794 | 138 | 00756 6OIEM | 00097 49EM | 00024  783E04 | 53536  152E+00 | 00145  LME3
3 [ 11065 0.6 | ZI7T | 0073 44E03 | 00063 6HMEM | 00002  330E0F | -13/37  LI8E01 | -00089  S3E04 |
5 | 2 {o34| 3802 | 194 | o005 777E03 | 00168 128802 | -00009 262E04 | 0876  735E01 | -00070  SOSE-04
5| 3lo33] 3791 | 228 | 00616  588E03 | 00259  965E03 | 00010 S97E04 | -38764  LSOE#00 | 00102  1SIE-B
5 | 4 0o4s| 3893 | 1.8 | 00690  SE03 | 00237  936E03 | 00004  375E04 | -19526  10SE+00 | -0009  1.20E3
5| 5037 3831 ] 208 | 00704  3.89E-03 | 00179  542E03 | 00008 298E04 | 41945  8.1I5E01 | -00109 833E04
5 | 6loss| 3977 194 | 00632  646E03 | 00209 88BEG | 00011 213EM | 1511 STEOL | -00071  7.12E04
517 ]o3| 3820 19 | 00647 592603 | 00179  8ME03 | -00011 187E04 | L1611 SEOE01 | 00072  64IE04
s | 9o3s| 3812 152 | 00654  49E03 | 00215 732603 | -00005 233E04 | -13774  776E01 | -00074  7SIE-04
s | 11oso| 3938 | 174 | 00678  S5I6E03 | 0016  669E03 | -00006 21204 | -26699  836E-01 | -00080  7.00E-04
5 | 12|o62| 4049 | 180 | 00690 452603 | 00192  58E03 | 00008 2ME04 | -10655  637E01 | -00091  7.WE-04
s | 13|os2| 3957 | 152 | 00722  530E03 | 00167  LOIEG2 | -00005 190E04 | 0329  658E01 | -00082  7.71IEH4
6 | 6 [038] 3833 | 222 0.0733 360503 00103 6.8E3 0.0013 TAE03 | 47636 284EH00 | 00134 271E®
6 | 7031 37277 | 242 | 00704  544E03 | 00184  985E03 | 00015  S37E04 | 32032  1.23E+00 | 00139  155E03
6 | 8 |o30| 3767 | 158 | 00135  376E03 | 00157 632603 | 00031  6I0E04 | -8.1452  1SSE+00 | -00161  142E03
6 | 10lo32| 3782 | 198 | 0071  S03E03 | 00110  826E03 | 00017 9.ME04 | 48711  190E+00 | 00143  21E®
6 | 12|042| 3868 | 147 | 00696  487E03 | 00170  9.77E03 | 0002  764E04 | 68179  223EH00 | -00M40  188E8
6 | 14 |oss| 4066 | 143 00713  459E03 | 00143  S8IE03 | 00035  140E-03 | -70112  245E400 | -00156  2.13E-03
8 | 6 [037] 3826 | 204 00724 463603 00107 486E03 | 00035  S43E04 | -/4/91  14IEF0 | 00145 1OE03 |
8 [ 10]o35] 3811 | 192 | 00670  351E3 | 00175  393E03 | 00027 55E04 | 50190  946E-01 | 00137  920E-04
8 | 11}os7| 4001 § 206 | 00698 577E | 00154  697E03 | 00028  9O7E04 | 45197  L44EH00 | -00143  160E-03
8 | 141037] 3826 | 177 | 00683  624E03 | 00155  645E-03 | 0002  LI0E03 | -70042  233EH00 | -00132  L6IEMB
8 | 17]o60] 4031 | 150 | 00754  563E03 | 00107  S569E03 | 00011  799E-04 | 46725  LEEH0 | 00120  13IEM
8 | 191045] 3893 | 185 | 0,473  104E02 | 00432  LI2E02 | 00041  241E03 | 21807  25IEH00 | -00165  349E3
8 |20]o36] 3820 | 165 | 0072 597E03 | 00133  651E03 | 00016  S4IE04 | 41524  143E+00 | 00131  146EB
8 | 21053} 3965 | 140 | 00665  10IE02 | 00112  994E-03 | 00024  151E-03 | 68145  320E+00 | -00114  246E03
8 | 23059 4020 | 135 | 00783  643E-03 | 00078  S57E03 | 00016  745E04 | 48968  138E+00 | -0012  1.29E43
9 | 1 (049} 3936 [ 195 00677 699E-03 | 00250  LOJEQ2 | 00037  L7JSEQ3 | 75557  3.89E+00 | -00147  3.10EB
9 | 3 (0334 3791 | 213 00695  355E03 | 00179  4I1SE03 | 00003  3.58E-04 | 40784  87IE01 | 00106  826E04
9 | 4 |os 4224 | 259 | 00670  569E-03 | 00189  767E03 | 00005  628E04 | -47841  18IE+00 | -00109  144E-03
9 | 5103] 3820 | 210 | 00851  781E03 | 00097 821EG3 | 00013 97E04 | -78236  276E+00 | 00125  2.14E03
9 | 7 (o050} 3942 | 202 | 00593  943E03 | 00252  153E02 | 00002  528E04 | 34505  240E+00 | -00111  1L0E03
9 | 8 ]034] 3801 | 200 | 00686  704E03 | 00158  878E03 | 00010 696E04 | 02452  L72E+00 | 00090  L77E-03
9 | 9tom| 4195| 17 | 0073 1L07E0Q2 | 00131 LMEQ2 | 00007 203E03 | -27086  399E+00 | 00089  3.33E-03
9 | 10fom| 4117 { 189 | 00619  825E03 | 00363 142602 | 00009  18EM | 45366  549E:00 | -00111  40IE03
9 | 11 |o40| 3854 | 157 | 00730  742E03 | 00074  108E-02 | -00005 696E-04 | 11400  184E+00 | -00080  174E-8
9 | 12{044| 3852 | 159 | 00659 624E03 | 00184  780E03 | 00000 678E04 | 29718  221E+00 | 00091  1.52E-03
9 | 13f030| 3768 ] 172 | 00736 107E02 | 0009%  996E03 | 00020  1S6EB | -11.0785  580E+00 | 00112  3.27E03
9 | 15|033] 3791 | 175 | 00600 541E-03 | 00326  838E03 | 00005  S503E04 | 44206  L77E+00 | -00104  160E-03
9 | 16068 409 | 169 | 00620 671E03 | 00310  1O2E-02 | 00003  725E-04 | 40661  258E+00 | -00096  14EB
10 | 3 [053] 3968 | 247 | 00673  7.ISE03 | 00257  140E02 | 00002  262E-04 | 0521  LIGEHD | 00078  LOIE3
10] 5034] 3800 | 215 | 00675  659E-03 | 00201  1LME02 | 00002  40E04 | 29807 LTEH0 | -00093  126E03
10| 71035 3800 | 210 | 00681 413E03 | 0029 8I4E03 | -00001 337E04 | -13016  LITEH00 [ -00075  867EM
10 | 12}040] 3676 | 154 | 00708  LI4E02 | 00243  2I2E02 | -00003 46IED4 | 14674  LS9E+0 | -00067  153EB
10 | 13 |042| 3871 | 1.8 00656  LISE02 | 00325  126E02 | -00006  749E-04 | -12483  289E+00 | 00073  LSSE3

!Change in normal acceleration from 1-g at a frequency of 1 radian per second
7X-cg location measured in percent of mean aerodynamic chord
*Average angle of attack for pass
‘Mean based on 52 samples
Confidence interval of the mean based on a 95 percent confidence level
‘Confidence level based on Desired Confidence Interval

’Cramer-Rao bounds have been multiplied by a factor of 10
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Table E.3. Turbulent Air Time History Match Cost Function Values

Costa * Costq® Cost@ ¢ Costn,’

Mean' 16.88 4.49 5.82 21.90
Mean Confidence Interval ? 4.14 0.78 1.47 4.79
Standard Deviation 14.87 2.82 5.29 17.22

Parameter W eighting 23 3 14 60

Flight Pass Costa Costq Cost @ Costn,
Zg 4 17.60 4.54 345 27.50
4 6 21.10 7.25 17.80 35.30
4 7 9.65 4.47 10.70 19.40
4 8 3.64 6.37 3.03 5.61
4 10 10.00 2.18 7.39 11.90
4 16 431 2.82 3.52 9.26
4 17 5.90 4.67 6.30 7.29
4 18 4.32 3.94 3.77 8.88
5 1 9.37 4.16 2.10 7.83
5 2 32.70 5.55 13.80 5430
5 3 22.50 10.20 538 31.00
5 4 35.50 5.00 6.58 45.80
5 5 5.88 3.53 6.37 9.87
] 6 21.20 6.03 18.60 37.30
5 7 18.50 5.84 14.50 31.10
5 9 13.70 4.80 2.69 14.90
5 11 16.30 1.89 4.60 18.60
5 12 17.10 3.29 6.24 23.70
5 13 9.91 6.04 2.56 17.10
6 6 3.85 3.12 1.82 8.04
6 7 5.20 2.39 291 6.59
6 8 5.14 0.93 2.14 7.84
6 10 6.23 9.35 2.21 10.00
6 12 20.30 2.64 4.53 17.60
6 14 4.49 1.96 3.97 5.26
8 6 4.38 2.30 2.76 7.50
8 10 3.30 1.34 4.15 2.47
8 11 8.84 1.39 3.54 8.36
8 14 9.92 §.68 3.32 15.80
8 17 4.72 1.56 4.81 6.57
8 19 15.70 8.80 20.30 27.80
8 20 9.10 2.03 3.52 11.30
8 21 21.60 2.54 5.25 35.80
8 23 3.43 4.35 2.77 9.58
9 1 12.50 4.97 3.19 19.00
9 3 8.13 3.21 0.90 7.16
9 4 15.80 2.49 1.79 26.00
9 5 17.00 5.11 1.39 21.70
9 7 64.60 12.80 10.60 58.50
9 8 13.00 1.14 1.56 16.30
9 9 23,60 7.66 3.45 34.10
9 10 33.40 6.69 1.70 41.90
9 1l 9.71 2.05 1.28 13.70
9 12 10.50 3.11 1.41 12.90
9 13 19.70 6.12 6.73 31.10
9 15 19.20 2.32 2.13 24.50
9 16 28.70 6.87 2.83 19.60
10 3 50.20 11.40 18.30 34.60
10 5 24.30 2.61 3.86 24.60
10 7 5.80 148 1.05 5.08
10 12 41.80 4.49 12.00 62.30
10 13 73.70 10.00 19.20 88.70

'Mean based on 52 samples

Confidence interval of the mean based on a 95 percent confidence level

’Mean parameter weighting from first ten calm air PCPID runs

“Cost function value associated with matching angle of attack measured time history

Cost function value associated with matching pitch rate measured time history

Cost function value associated with matching pitch angle measured time history

"Cost function value associated with matching normal acceleration measured time
history
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