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Human control behavior, as exercised during vehicle or aircraft control, can be identified by applying forcing

functions with a specific frequency content to excite the human control system. The presence of these forcing

functions may affect human control behavior as well, an effect which is not well-understood andmight considerably

affect the result of experiments. Common metrics, such as spectral shape and bandwidth, have been shown to be

insufficient in predicting the forcing function’s effect on human control behavior. This paper investigates the effect of

forcing function phase on the control behavior, aswell as the effect of the forcing function frequencies atwhich power

is present, within a fixed spectral shape. These effects were tested in a human-in-the-loop compensatory tracking

experiment.Our experiment showed that the effects of the frequencieswere substantial. For this reason, a newmetric

was proposed to better predict the effects of forcing functions on the human control behavior, and to allow

comparison between forcing functions with different spectral shapes and frequency contents. The metric considers

the variance of the signal’s derivatives. To test the validity of the metric, forcing functions with equal derivative

variances were used in a compensatory tracking experiment. The outcome of the experiment reveals that the

resulting behavior indeed can be considered equal when the variances are equal, even when the forcing function

spectral shapes are considerably different.

Nomenclature

Aj = sinusoidal amplitude, in.

e�t� = tracking error, in.
Kc = controlled dynamics gain, in./in.

n�t� = operator remnant activity, deg
T = measurement time, s
u�t� = stick deflection, deg
Yc�j!� = controlled element dynamics

Yol�j!� = open-loop describing function

Yp�j!� = operator describing function

y�t� = system output, in.
� = damping ratio
�2a = squared relative remnant
�i = forcing function standard deviation, in.
�d = pure time delay, s
�e = effective time delay, s
�L = lead-time constant, s
�l = lag-time constant, s
��!� = power spectral density, in:2s=rad
�j = sinusoidal phase, deg
’M = phase margin, deg

!c = gain crossover frequency, rad=s

!i = forcing function bandwidth, rad=s
!nm = neuromuscular bandwidth, rad=s

I. Introduction

I NTHE application of system identification to describe the human
controller in closed-loop tracking tasks, forcing function signals

are used to excite the operator’s control behavior [1–13]. Some
studies [1–3,5] show that human operators may adapt their control
strategy to the forcing function itself, however.

The design of forcing functions requires the experimenter to meet
a number of objectives. The excitation signals should be fairly
representative of the actual task. In addition, the excitation signals
should be unpredictable for the human, and difficult enough to
prevent boredom, in order to ensure high levels of control behavior
linearity and limit between-subject variability [2,3]. Furthermore, the
signals should not become too difficult to avoid excessiveworkload.
In the extreme, a difficult forcing function could lead to adopting a
lower tracking bandwidth to improve performance, a phenomenon
commonly referred to as crossover regression [2,3,14].

Themajority of forcing function variants found in the literature are
sum-of-sinusoids with customized power spectra [2,5,6,9,10,15].
For a specific type of spectrum shape, the effect of the forcing
function on control behavior is assumed to be fully determined by
just one characteristic, bandwidth [2,3]. Recent experiments in our
human–machine laboratory indicated that other aspects of the
forcing function signal may affect human control behavior as well
[5,6,14].

The fact that it is difficult to anticipate the effects of choosing a
particular forcing function on human control behavior complicates
the design of experiments. As more effects than crossover regression
may occur [8–10], it is also unclear how to compare the results of two
experiments that are in principle identical except for different forcing
functions. Hence, there is a need for a more systematic approach to
predict and experimentally control the effects of forcing functions on
human control behavior.

This paper describes a new metric to make such a prediction. It is
based on describing the forcing function using the variance of not
only the forcing function signal itself but also those of the signal’s
derivatives. These variances of the derivatives weigh the forcing
function power spectrum by frequency. Our main assumption is that
when humans are presented with two forcing functions that are
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different but comprise approximately the same variances, the
resulting control behavior will be similar. In other words, through
describing the forcing function by its variances, its effect on control
behavior can be predicted reasonably well.

This paper is structured in two parts. First, common classes of
forcing functions, as well as some generally accepted design
principles, are reviewed. Then, in a theoretical analysis the equal-
variances metric is proposed for analyzing and designing forcing
functions. In addition, the effect of the phase realization of sum-of-
sinusoids signals is investigated. Based on this analysis, a set of
hypotheses is formulated. The second part of the paper describes the
results of an experiment performed to test the hypotheses, designed
after McRuer et al.’s [2] 1965 experiment. The paper concludes with
themajor findings on forcing function design and its effect on human
control behavior as observed in the theoretical and experimental
analysis.

II. Review of Forcing Function Design Principles

A. Forcing Function Definition and Requirements

Forcing functions are often composed as a sum-of-sinusoids [2]
[see Eq. (1)]. Each sinusoid is defined by the frequency !j, the
magnitude Aj, and the phase ’j. In the process of designing a
particular forcing function, each of these parameters must be
addressed:

i�t� �
XN
j�1

Aj sin�!jt� ’j� (1)

To describe human characteristics, McRuer et al. [2] studied control
behavior in the frequency domain. A representation of a human
operator performing a compensatory tracking task with a certain
controlled element is shown in Fig. 1. The human pilot control
characteristics are modeled by a system composed of a linear
describing function Yp and a remnant signal n, where the remnant
represents the part of the measured response that the linear model
cannot account for. Generally speaking, the more linear the human
control behavior, the lower the remnant signal power.

To obtain accurate and adequate operator models, forcing
functions must comply with four requirements:

1) The forcing function must be random-appearing, to prevent the
human from detecting patterns in the signal. When the human
controller can anticipate the forcing function, his behavior can no
longer be modeled by a feedback system, but should include a
feedforward path as well [2,13].

2) The forcing function must be sufficiently exciting, to get the
human engaged in the proper way and maximize the accuracy of the
describing function [2,3,5,14].

3) The forcing function must have a high signal-to-noise ratio at
frequencies of interest, tomaximize the accuracy of identification [3].

4) The forcing function must have a Gaussian magnitude
distribution, to obtain describing functions that resemble real-life
control behavior as closely as possible [13,14].

Frequency-domain identification requires high signal-to-noise
ratios at a limited number of frequencies [2,3]. Time-domain
identification hasmore relaxed requirements [16,17]. Two additional
requirements for frequency-domain identification methods hold.
First, the number of sinusoids is limited such that the signal power
does not get diluted over too many frequencies. Second, preferably
an equally spaced separation on a logarithmic scale of the integer
frequencies over approximately two decades is applied in order to
identify the describing function [2,3,13].

B. Examples of Forcing Function Spectra

Over the years, various types of forcing function spectra have been
defined, some of which are illustrated in Fig. 2. The discrete step
spectrum introduced byMcRuer et al. [2], shown in Fig. 2a, has often
been used in control behavior experiments [2,3,7,18–20]. Other
discrete spectra, shown in Figs. 2b and 2c, were introduced in later
attempts to improve the signal-to-noise ratios in the frequency range
between the low- and high-magnitude sinusoids [5,9,10,15,16].
Continuous spectra (Fig. 2d) introduced in the pioneering work of
Elkind [1] reappeared in the 1970s but were reported to suffer from
low signal-to-noise ratios [8] and unexpected crossover-regression
effects.

The forcing function bandwidth is defined as the frequency at
which a significant drop can be seen in the magnitude in the spectral
density plot. Three step-spectra forcing functions were defined by
McRuer et al. [2], with 1.5, 2.5, and 4:0 rad=s bandwidth. In the
remainder of this paper, wewill refer to these forcing functions as the
Systems Technology, Inc. (STI) 6-4, 7-3, and 8-2 forcing functions.
The numbers refer to the number of high-magnitude and low-
magnitude sinusoids. By assuming that the low-frequency, high-
magnitude sinusoids account for the largest portion of the signal, only
a marginal effect of the high-frequency, low-magnitude sinusoids on
control behavior is assumed [2]. For this reason the bandwidth was
generally considered to be themain factor affecting control behavior.

Bandwidth, however, might not be the only factor. During the
setup of experiments in a number of studies [5,6,14] pilot comments
and mean-squared error performance measures indicated that a
forcing function with a low bandwidth was considered to be more
difficult and resulted in a lower performance than identical forcing
functions with a slightly higher bandwidth. On closer inspection the
low-bandwidth forcing function appeared to be crestedmore heavily,
resulting in higher velocities and accelerations. Cresting is performed
by adjusting the phase of the individual sinusoidal components in the
forcing function only. The traditional relation betweenmean-squared
error and forcing function bandwidth was retained by using a low-
bandwidth forcing function with a lower crest factor.

A similar phenomenon was observed when sinusoids were added
to the forcing function just below the bandwidth. Although the total

Fig. 1 Quasi-linear compensatory-operator model represented by a

describing function plus remnant [2].

a) b) c) d)

Fig. 2 Some well-known forcing function spectra (all standardized to 0.5 in. standard deviation).
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forcing function power and bandwidth remained equal, the perform-
ance and pilot comments changed.

These findings indicated that forcing function characteristics other
than bandwidth affect the control behavior. An alternative approach
developed in this paper is to more precisely characterize the various
signal properties. When the human is presented signals with highly
similar characteristics, control behavior can be expected to be very
similar as well. Then, how to define these signal characteristics, and,
if possible, how to combine them into one metric, are key questions.
A method to accurately define the important signal characteristics is
proposed in the following section.

III. Equal-Variances Method

The equal-variances method quantifies the various forcing
function signal characteristics. Its purpose is to allow experimenters
to better predict the effects of particular choices of the forcing
function parameters on human control behavior and also to enable
them to compare various forcing functions. The method will be
illustrated by considering the STI 6-4 forcing function as an example.
To test the method experimentally, two forcing functions with equal
variance of the signal itself and its derivatives, but with different
spectra, will be defined. In addition, the analysis is extended with an
investigation into the effect of the phases of the sinusoidal compo-
nents [’j in Eq. (1)] on control behavior, as these are not accounted
for by the equal-variances method.

A. Forcing Function Signal Characteristics

The variance of a signal is by definition the time integral of the
squared signalmagnitude, i.e., ameasure for the average power of the
realization:

�2fi�t�g � lim
T!1

1

2T

Z
T

�T
ji�t�j2 dt (2)

Substitution of a sum-of-sinusoids signal, Eq. (1), and regrouping
yields

�2fi�t�g � lim
T!1

1

2T

Z
T

�T

����X
N

j�1
Aj sin�!jt� ’j�

����
2

dt

�
XN
j�1

A2
j lim
T!1

1

2!jT

Z
!jT�’j

�!jT�’j
j sin���j2 d�

When the sinusoidal period fits an integer number of times within the
measurement time T, the total power is equal to the power of a single
full period, and the interval ��!jT � ’j; !jT � ’j� equals ���; ��.
Since the symmetry of a squared sinusoid implies that the integral of
a single full period equals two times the integral of half a period, we
can obtain for the variance of a sum-of-sinusoids signal:

�2fi�t�g � 2
XN
j�1

A2
j

1

2�

Z
�

0

sin2��� d�

�
XN
j�1

A2
j

1

�

�
1

2
� � 1

4
sin�2��

�
�

0

�
XN
j�1

A2
j

2
(3)

The variance of the signal’s first derivative can be obtained in a
similar fashion and is the sum of the power content at each frequency
(A2

j=2), multiplied by the square of each frequency (!2):

�2fi0�t�g � lim
T!1

1

2T

Z
T

�T
ji0�t�j2 dt�

XN
j�1

!2
j

A2
j

2
(4)

A general expression for the variance of the nth derivative is then
given by

�2
�
dni�t�
dtn

�
� lim

T!1

1

2T

Z
T

�T

����d
ni�t�
dtn

����
2

dt�
XN
j�1

!2n
j

A2
j

2
(5)

For nonperiodic signals the variance can be obtained by Fourier
transformation and using symmetry properties:

�2fi�t�g � lim
T!1

1

2T

Z
T

�T
ji�t�j2 dt� 2

1

2T

Z
T=2

�T=2
ji�t�j2 dt

� 1

�

Z 1
0

jI�j!�j2
T

d! (6)

The variance of the nth derivative of the signal can be obtained by
multiplying the Fourier transform in Eq. (6) by the complex
frequency vector to the power of the nth derivative:

F
�
dni�t�
dtn

�
� �j!�nI�j!� (7)

Replacing the Fourier transform with a signal’s power spectral
density, �ii�!� � jI�j!�j2=T, yields a general expression for the
variance of any periodic or aperiodic signal’s nth-order derivative:

�2
�
dni�t�
dtn

�
� 1

�

Z 1
0

!2n�ii�!� d! (8)

A summary of the variance expressions for forcing function
signals and their derivatives is provided in Table 1.

B. Example STI 6-5 Forcing Function

Figure 3a shows the power spectral density plot of the STI 6-4
forcing function taken from [2]. Figure 3d illustrates that the low-
frequency sinusoids until the bandwidth contribute to 99% of the
magnitude of signal’s variance; the high-frequency sinusoids add
very little.

Figures 3b–3e demonstrate that, for this forcing function, about
half of the magnitude of the signal’s first derivative variance is due to
sinusoids with frequencies around the bandwidth, further referred to
as midfrequencies, whereas the other half comes from sinusoids
beyond the bandwidth, called high frequencies.

In Figs. 3c–3f it is shown that the signal’s second derivative
variance is almost completely determined by the power of the last two
high-frequency sinusoids. It is apparent that a relation exists between
the variance of the nth derivative of a signal and the range in the
power spectrum.

The fundamental principle of the equal-variances metric is to use
this property, that is, to compare different forcing function power
spectra by the values of the signal’s variance and the variances of its
derivatives. By considering the variances of the signal and its
derivatives in combination, the power content in the different
frequency regions can be weighted and signals can be better
compared.

This is best exemplified by considering the variances of the
first and second derivatives. It was demonstrated that the mid- and

Table 1 Definition of analytical and experimental variances of a signal and its derivatives

Variance of Integer number of whole periods Any periodic or aperiodic signal

Signal �2fi�t�g P
N
j�1

A2
j

2

1
�

R
!
0 �ii�!� d!

First derivative �2fi0�t�g P
N
j�1 !

2
j

A2
j

2

1
�

R
!
0 !

2�ii�!� d!
Second derivative �2fi00�t�g P

N
j�1 !

4
j

A2
j

2

1
�

R
!
0 !

4�ii�!� d!
nth order derivative �2fdni�t�

dtn
g P

N
j�1 !

2n
j

A2
j

2

1
�

R
!
0 !

2n�ii�!� d!
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high-frequency power content defines the variance of the first
derivative, whereas the high-frequency power content primarily
determines the variance of the signal’s second derivative. Hence, if
one would want to limit the second derivative variance, and the
variances are considered together, the influence of the first derivative
variance would be reduced to midfrequencies.

Figure 4 gives an overview of the variances of three common STI
forcing functions. It illustrates that the value of the signals’ first
derivative increases between the STI forcing functions. The variance
of the second derivative is smaller for STI 7-3 than for STI 6-4. This is
remarkable, as STI 7-3 turned out to be more difficult to track than
STI 6-4 [2], and it might indicate that the variance of the signal’s
second derivative affects human control behavior to a lesser extent.

Figure 4 also contains the variance of the first and second
derivatives of the STI 8-2 forcing function, which are significantly
higher than those of the STI 6-4 and STI 7-3 forcing functions.
This forcing function led to crossover regression with a double
integrator K=s2.

To test the validity of the equal-variances metric experimentally,
two forcing functions with equal variances and variances of the
higher derivatives, but with different spectra, should result in similar
human control behavior. In the next subsection such forcing
functions will be created.

C. Creating Forcing Functions with Equal Variances

The equal-variances metric is not limited to discrete sum-of-
sinusoids spectra, so many alternatives for forcing function design
can be used. To test the equal-variances metric, a set of continuous-
spectra forcing functions is designed with variances equal to those of
the STI 6-4, 7-3, and 8-2 spectra. Continuous-spectra forcing
functions were selected because these forcing functions have a large
degree of freedom to match a particular set of variances.

Although some literature is available on the design of continuous-
spectra forcing functions, most attempts were not very successful. In
a University of Toronto Institute for Aerospace Studies (UTIAS)

a) b) c)

d) e) f)

Fig. 3 Forcing function frequency regions confined by the frequency-weighing factors.

a) b)
Fig. 4 Overview of STI forcing functions.
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investigation, for example, it was found to be rather difficult to design
a continuous-spectrum forcing function with a 20 dB drop in power
at high frequencies [8]. The UTIAS forcing function had been
designed to contain a bandwidth equivalent to the STI sum-of-
sinusoids step-shaped forcing functions according to [1,2,8]:

!ie �
�Z 1

0

�ii�j!� d!
�

2
�Z 1

0

��ii�j!��2 d! (9)

Although the UTIAS spectra had the same equivalent bandwidth
as the STI spectra, the UTIAS forcing functions resulted in crossover
regression [8]. It will be shown below that the variances for the
UTIAS forcing functions are 10 to several hundred times larger than
those of the STI spectra. Designing continuous-spectrum forcing
functions while keeping the variance and the variance of the
derivatives equal could resolve this problem.

A set of continuous-spectrum forcing functions was developed in
three stages. First, the transfer function of a shaping filter was chosen
with enough degrees of freedom to allow sufficient manipulation of
the variance of the first five derivatives (including the zero-order
derivative, the signal itself). In the second stage, the filter parameters
were determined using an optimization algorithm that minimizes the
differences between the variances of the resulting shaping filter and
those of the reference forcing function. In the third stage the time-
domain realizations were computed, by driving the shaping filter
transfer functions with Gaussian white noise. The three stages are
discussed below.

1. Stage 1: Continuous-Spectrum Shaping Filter

The spectral shaping transfer functions were divided in a high-
power, low-frequency component B�j!� and an attenuated high-
frequency componentC�j!�, very similar to the discrete STI spectral
shapes. The two components together make up the shaping filter
transfer function F�j!�:

F�j!� � B�j!�|{z}
low-frequency component

� C�j!�|	{z	}
high-frequency component

(10)

where

B�j!� � Klo

�
1� 1

�1j!� 1

�
butterworth�Olo; !N;lo� (11)

and

C�j!� � Khi

�
1� 1

�2j!� 1
� 1

�3j!� 1

� 1

�4j!� 1

�
butterworth�Ohi; !N;hi� (12)

The orders of the low-frequency and high-frequency butterworth
filter were, respectively, 8th and 9th order. The eight remaining
parameters of Eqs. (11) and (12) were computed by performing an
optimization that minimized a mean-squared criterion function �:

��
X4
j�0

�j�2f dn
dtn
ishaping filter�t�g � �2f d

n

dtn
ireference�t�gj

�2f dn
dtn
ireference�t�g

�
2

(13)

2. Stage 2: Parameter Search by Hybrid Optimization

Equation (13) governs a parameter spacewith many local minima.
Simple gradient-search algorithms converged to localminima. Better
results were obtained by a combination of genetic and gradient-
search algorithms. Multiple optimizations were performed to ensure
a global minimum. The resulting parameters are summarized in
Table 2. The resulting shapeswill be referred to asDelft University of
Technology (TUD) 6-4, 7-3, and 8-2.

Figures 5 and 6 illustrate that the TUD spectra have less power at
high frequencies than the UTIAS spectra (and the STI spectra, not
shown in Figs. 5 and 6). Whether these continuous TUD spectra still
provide enough power to yield sufficient signal-to-noise ratios at
higher frequencies will be discussed in Sec. V.

The STI, UTIAS, and TUD frequency-weighing factors are listed
in Table 3. Comparison of the UTIAS and STI variances indeed
reveals very large differences in the higher frequency-weighing
factors, a direct consequence of the 20 dB power attenuation in the
UTIAS spectra. The TUD spectra frequency-weighing factors are
very similar to those of the original STI spectra.

3. Stage 3: Generating Time-Domain Realizations

The time histories in Fig. 7 were generated using Gaussian white
noise. Whereas the TUD signals resemble the STI signals, the
UTIAS time-domain realizations are rather different. The STI and
TUD signals have been used in the experiment in Sec. IV.

Table 2 Definition of shaping filter parameters

�1, s �2, s �3, s �4, s Khi, in:=in: !N;hi, rad=s Klo, in:=in: !N;lo, rad=s

TUD 6-4 105.4161 5.47064 2.63763 10.1554 0.057498 14.1422936 2.22867 1.347792
TUD 7-3 31.16206 6.89872 1.21247 2.48055 0.028064 14.0367261 0.90166 2.063390
TUD 8-2 1.358535 2.30793 0.15626 79.12585 0.15819 13.8082431 3.55535 3.750531

Fig. 5 UTIAS power spectral densities.

Fig. 6 TUD power spectral densities.
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D. Effect of Phases

Designing a forcing function based on the variance of the
derivatives incorporates the amplitudes Aj and the frequencies !j in
Eq. (1). The remainder of this section will discuss the effect of the
phases ’j by examining the amplitude distribution of the time-
domain realizations.

In nonlinear system identification, the amplitude distribution of a
time-domain realization affects the parameters of the fitted model
[21,22]. The amplitude distribution determines which amplitudes of
the nonlinear system are emphasized in the excitation process. This is
illustrated in Fig. 8, which shows the fit of a line to a nonlinear
arc-tangent function, driven each time by an input signal that has a
different amplitude distribution. A Gaussian distribution excites the
arc tangent in such away that the linear polynomialfit emphasizes the
arc tangent around its origin; when exciting with a signal that has a
sinusoidal amplitude distribution, the fit of large amplitudes of the
arc tangent is emphasized.

Table 4 gives an overview of the mean-squared errors-of-fit
between the fitted line and the nonlinear arc tangent for inputs with
different amplitude distributions. Apparently, the discrepancy
between the describing function and the nonlinear model is minimal

if both are excited by a signal with the same amplitude distribution.
Overall, the Gaussian excitation yields the lowest absolute mean-
squared error. This does, however, not imply that Gaussian excitation
yields the best fit of a linear polynomial to a nonlinear model. The
amplitude distribution resulting in the lowest mean-squared error-of-
fit depends on the nature of the nonlinear model.

For the identification of human control behavior it is important that
the control task resembles a real-life control situation [2]. The central
limit theorem states that in the limit case all real-life perturbations
will tend to be Gaussian and so will be the real-life control behavior.
Therefore, signals with Gaussian amplitude distributions are
preferred.

A forcing function signal can be broken down into sinusoidal
components with an associated phase. Depending on the value of the
phase of each of the sinusoidal components at certain periods in time
the sinusoidal components will amplify or attenuate each other.
These periods vary as the power spectrum or phases are changed.
Hence, for different spectra or phases these periods occur at different
times and with different intensities. To the best of our knowledge, no
insights nor literature are available inwhich the effect of the phases of
each of the sine components of the forcing function on the human

Table 3 Variances of the STI, UTIAS, and TUD spectra forcing functions

Forcing function Bandwidth �2fi�t�g, in:2 �2fdi�t�
dt
g, in:2=s2 �2fd2i�t�

dt2
g, in:2=s4 �2fd3i�t�

dt3
g, in:2=s8 �2fd4 i�t�

dt4
g, in:2=s16 � from reference, %

STI 6-4 (!i � 1:5 rad=s 0.25 0.27559 15.7721 2651.4 476,549 ——

TUD 6-4 (!ie � 1:4 rad=s 0.25 0.27559 15.7721 2537.6 476,552 4.33
UTIAS (!ie � 1:6 rad=s 0.25 2.5365 550.836 377,494 2:3 � 109 5103
STI 7-3 (!i � 2:5 rad=s 0.25 0.45709 14.9297 2286.7 409,493 ——

TUD 7-3 (!ie � 2:5 rad=s) 0.25 0.45709 14.9297 2226.7 410,373 2.85
UTIAS (!ie � 2:5 rad=s) 0.25 1.7533 323.106 220,642 1:3 � 109 3440
STI 8-2 (!i � 4:0 rad=s) 0.25 0.9272 22.07 2157.7 361,559 ——

TUD 8-2 (!ie � 2:9 rad=s) 0.25 0.9294 21.82 2194.1 361,438 3.08
UTIAS (!ie � 3:8 rad=s) 0.25 1.89 227.56 147,177 8:9 � 108 2542

a) b) c)

d) e) f)

g) h) i)

Fig. 7 Comparison of time history characteristics of the STI, TUD, and UTIAS spectra.
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control behavior is considered. For this reason, the effects of the
phases will be included in the experimental analysis, discussed in the
next section.

IV. Experiment

The experiment was designed to test the following main
hypotheses:

1) Operator control behavior will be affected by the phase set
definitions. To check the validity of this hypothesis, the forcing
function definitions with different phase sets will be used.

2) Operator control behavior with different forcing functions will
only be the same if all the variances of the forcing functions and its
derivatives are the same.

A more detailed description of these hypotheses is presented in
Sec. IV.H.Our objective in designing this experimentwas to replicate
some of the conditions of the original 1965 experiment carried out by
McRuer et al. [2] at Systems Technology, Inc. This way, the original
experiment can provide us with validated reference values for human
performance and control behavior.

A. Original STI Experiment

The 1965 STI experiment featured a visual compensatory tracking
task and involved proportional-, rate-, and acceleration-controlled
element dynamics. The manipulator was a spring-restrained lateral
sidestick with extreme positions of	15
. The moment armwas 4 in.
(or 10.16 cm). Deflection sensitivity for acceleration control was
defined as 0:167Kc in:=s

2 on the display per degree stick deflection,
with Kc the controlled element gain. The stick dynamics were
defined as a spring-force equivalent to 2:21 oz= deg at the top of the
4 in. moment arm. The inertia and damping were negligible.
Movements of the stick in one direction produced system outputs in
the same direction. Eye-to-display distance was kept constant at
29 in.

Subjects in the STI experiment were two highly experienced
civilian engineering test pilots, six naval test pilots, and one light-
aircraft-qualified civilian pilot with extensive training. Not all pilots
were involvedwith all type of controlled elements. Only five subjects
participated in the acceleration-control measurements. At least 10
and often 20 training runs of 2 min duration each were performed
until a stable level of performance was reached, measured in
normalized mean-squared error �e2=�2i . Then, two 4-min runs were
recorded. In the recorded runs, a run-in time of 10 to 15 s preceded the
240 s measurement time T.

The three basic types of controlled element dynamics were
factorially combined with the three forcing functions introduced
earlier, i.e., STI 6-4, 7-3, and 8-2. The forcing function magnitudes
were standardized to a standard deviation of 0.5 in.; this was
experimentally determined to be both realistic and trackable for most
of the conditions. The magnitudes of the sinusoids at frequencies
beyond the bandwidth were set to a tenth of the low-frequency
sinusoids; i.e., power was attenuated 20 dB. The time histories of the
forcing functions were tested for a Gaussian distribution at the 95%
confidence interval.

Dependent measures were the mean-squared tracking error,
operator crossover frequency and phase margin, linear correlation
coefficients, and control behavior model parameters.

B. Replication: Current Experiment Setup

To replicate the 1965 STI experiment a compensatory tracking
task with central foveal display was set up in our laboratory as
depicted in Fig. 9a. Only pure acceleration-control, Yc�j!��
Kc=�j!�2, was used in the present experiment. The controlled
dynamics gain Kc was fixed at 5 in:=in:

Although the original experiment also featured gain and integrator
dynamics, these were not included in the present experiment.
Because of time constraints and the large number of forcing functions
to be tested it was decided to limit the number of controlled elements
to one. The gain element was the least suited for the experiment since
it provides state information through the control inceptor. As such it
is not a pure compensatory situation and the forcing function might
be better predictable by the subjects. The double integrator appeared
the most interesting for its demonstrated potential to result in
crossover regression at high forcing function bandwidths and was
therefore chosen over the rate-controlled element Nevertheless, it is
recommended to perform an additional study of the effects of the
forcing function design with a rate system.

The control manipulator was an electrohydraulic sidestick with 1
degree of freedom (lateral). The moment arm was 9 cm. To replicate

Fig. 8 Linear fits to a nonlinear arc-tangent function driven by different amplitude distributions [21].

Table 4 Mean-squared error-of-fit associated to different

amplitude distributions

First-order linear polynomial driven by

Nonlinear arc tangent
driven by

Uniform Gaussian Sinusoid

Uniform 0.242 0.261 0.278
Gaussian 0.433 0.170 0.630
Sinusoid 0.266 0.306 0.242
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the spring-restrained sidestick dynamics in the STI experiment, the
torsional stiffness was set at 3:5766 Nm=rad, while torsional
damping andmass were kept as low as possible at 0:08 Nms=rad and
0:01 kgm2, respectively.

Subjects were seated in an adjustable chair in a low-noise,
darkened room. They were instructed to keep the eye-to-display
distance constant at approximately 29 in. (74 cm). Subjects were
presented a display, showing a stationary reference (cross), fixed at
the center of the screen and a target (circle) that moved in lateral
direction (see Fig. 9b). The stationary reference and target were

displayed in green on a black background. The frame of reference
was inside out, implying that the reference (cross) had to be steered
toward the target (circle). The display size and layout were exactly
the same as the STI display. The value of the display gain was
selected such that the instantaneous tracking error e could be directly
read off the display in inches.

The experiment consisted of two phases:
1) The first phase was a training phase. Here, subjects got familiar

with the experiment. As will be discussed below, the experimental
conditions were divided in three categories: easy, baseline, and
difficult. For each category, it was determined what type of control
strategy resulted in the lowest normalized tracking error �e2=�2i .
Training was continued until reasonable levels of stationary tracking
performance were obtained; an average of 120 training runs were
performed per subject.

2) The second phase was the measurement phase. The data of five
successive runs for each condition were recorded for postexperiment
evaluation.

The experiment was designed in such a way that per subject all
conditions were randomly distributed. To minimize changes in
control strategy during measurement runs, the category of each
condition was made clear before each run so that the subject could
associate the nature of the runwith the selected control strategy in the
training phase.

C. Independent Variables

The independent variable in the experiment is the forcing
function. A total number of 10 distinct forcing function conditions

Fig. 9 Experiment setup.

Table 5 Definition of forcing function periods and frequencies

Conditions Ax6�4, B7�3, and F8�2 Condition C8�3 Condition D6�5

Modified STI forcing functions Additional sinusoids at bandwidth Additional sinusoids at high frequencies

i Period !i, rad=s !i orig STI, rad=s i Period !i, rad=s i Period !i, rad=s

1 3 0.175 0.157 1 5 0.291 1 5 0.291
2 5 0.291 0.262 2 8 0.465 2 8 0.465
3 8 0.465 0.393 3 11 0.640 3 11 0.640
4 11 0.640 0.602 4 17 0.989 4 17 0.989
5 17 0.989 0.969 5 26 1.51 5 26 1.51
6 26 1.51 1.49 6 38 2.21 6 43 2.50
7 43 2.50 2.54 7 41 2.39 7 71 4.13
8 71 4.13 4.03 8 43 2.50 8 131 7.62
9 131 7.62 7.57 9 71 4.13 9 181 10.53
10 233 13.56 13.8 10 131 7.62 10 233 13.56

11 233 13.56 11 327 19.02

Fig. 10 Power spectral density plot of the modified STI 6-4 spectrum

(Ax6�4), standardized to �i � 0:5 in:
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were tested, all based on the original STI 6-4, 7-3, and 8-2 forcing
functions.

Instead of the original STI forcing functions, slightly modified
versions were used. To prevent fatigue and obtain stationary control
behavior, while at the same time maintaining enough frequencies
without power around the low-frequency sinusoids, the measure-
ment time of all experiments was limited to 108 s, instead of 240 s in
the STI experiment. As a result, the base frequency 2�=T changed,
and the frequencies used in the forcing functions only approximated
the original STI frequencies.

An implication of the shorter run duration was a decrement of the
number of periods of the sines in the forcing function. For instance,
the sine with the lowest frequency in the original McRuer et al. [2]
forcing function (!i � 0:157 rad=s) had six periods in the original
240 s run, whereas its equivalent (!i � 0:175 rad=s) in the modified
forcing function only had three periods in the 108 s run. In the
original experiment the pilot frequency responsewas estimated at the
individual frequencies of the forcing function sine components using
Foerier coefficients. The reduced number of periods results in a lower
power-to-noise ratio at the frequencies of the forcing function sines,
and consequently leads to higher biases and larger variance at these
frequencies, reducing the accuracy of the estimated frequency re-
sponse. This is especially a problem at the lowest frequencies. Newer
identification methods, such as the autoregressive-with-exogenous-
inputs-model (ARX) and maximum-likelihood-estimation (MLE)
methods, are capable of identifying a frequency response over the full
frequency domain due to a model-based approach. Therefore, they
are less sensitive to low power-to-noise ratios at low frequencies.

We have performed trial experiments with the original and the
reduced run durations. The identification accuracy, in terms of
variance accounted for, appeared adequate to allow the shorter run
durations.

The 10 forcing function conditions will be introduced in the
remainder of this section.

1. Effect of Phases

The first four conditions, A16�4 until A46�4, were all based on the
slightly modified STI 6-4 spectrum, shown in Fig. 10. The
frequencies are listed in Table 5.

Four distinct phase sets were selected using Fig. 11, which shows
the results of the simulation of 100,000 forcing functions with
random phases. Displayed are the �2 value, the absolute maximum
displacement, velocity, and acceleration. Only forcing functionswith
an �2 value with the 95% confidence interval could be used to assure
a Gaussian distribution.

Based on the assumption that the most volatile effects due to the
phases would occur somewhere around a maximum displacement,
velocity, or acceleration in the signal realization, condition A16�4
was defined. The opposite, i.e., having minimum displacement,
velocity, and acceleration was defined as conditionA26�4. Condition
A36�4 was chosen as close to the median of the displacement,
velocity, and acceleration maxima distributions. To account for the
possibility that the selected phase sets were selected on invalid
grounds, the phases of condition A46�4 were chosen at random. The
resulting phase sets are listed in Table 6.

2. Effects of Bandwidth and Variances

The next four forcing functions, B7�3, C8�3, D6�5 (see Fig. 12),
and E7�3, all had a bandwidth of 2:5 rad=s and equal signal power.
The reference, condition B7�3, was the STI 7-3 spectrum forcing
function, with first derivative variance equal to 0:457 in:2=s2.

ConditionE7�3 was the continuous-spectrum forcing function that
had the same variances of the first five derivatives as B7�3 (i.e.,
TUD 7-3 in Table 2). It was included in the experiment to test the
equal-variances metric at this particular bandwidth. That is, since
B7�3 and E7�3 have approximately equal variances, human control
behavior as a result of these two forcing functions is hypothesized to
be the same.

Fig. 11 Chi-squared and maximum displacement, velocity, and acceleration distributions.

Table 6 Phases of forcing function conditions A16�4–A46�4

Phase ’j of sinusoid j, deg

Condition 1 2 3 4 5 6 7 8 9 10

A16�4 (maxima) 0.3664 0.9182 0.1611 6.2431 5.2318 3.7561 1.2981 1.8351 3.8561 4.8764
A26�4 (minima) 6.0427 4.4901 3.3944 4.5053 2.2796 3.9873 3.9956 0.1480 6.2613 3.0741
A36�4 (median) 1.2691 4.9538 0.1545 1.0368 2.4102 0.4583 5.9714 5.8774 4.0589 1.8445
A46�4 (random) 1.6444 4.5985 3.8301 1.7720 5.4522 1.0435 2.3720 5.4235 2.3301 5.0249
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Condition C8�3 was equal to B7�3, except that two additional
sinusoidal components were inserted just below the bandwidth
frequency, i.e., at 2.21 and 2:39 rad=s. The variance of this signal’s
first derivative was different: 0:728 in:2=s2. Condition D6�5 was
constructed to have a similar first derivative variance as C8�3
(0:725 in:2=s2), but now included two high-frequency sinusoids at
10.5 and 19 rad=s. To maintain sufficient power at the sinusoids’
frequencies, for both the conditions C8�3 and D6�5 the lowest-
frequency sinusoid of the reference condition B7�3 was left out. The
additional sinusoidal components are set in boldface in Table 5.

The rationale of including forcing functions C8�3 and D6�5 in the
experiment was as follows. Consider Fig. 13, which shows the input-
to-error transfer function e=i with human control behavior as
predicted by McRuer et al’s [2] crossover model [Yc�!�Yp�!��
�!c=j!�e�j!�e ], with a crossover frequency !c � 2 rad=s and
equivalent time delay �e � 0:45 s. Thefigure illustrates that, whereas
the operator is successful in reducing the effects of the low-frequency
sinusoidal components, the higher frequency components are not
affected at all. It also shows that the frequency components near and
just beyond the operator’s crossover frequency are actually amplified
by the operator control actions.

We hypothesized that placing additional sinusoidal components
just below the forcing function bandwidth (condition C8�3) would
force operators to change their control strategy in such a way that the
resulting e=i characteristic would reduce the effects of the sinusoidal
components around the crossover region.

When placing the additional sinusoidal components above the
operator crossover region (condition D6�5) it is unclear what would
happen. On the one hand, the e=i characteristic indicates that these
frequency components cannot be reduced, and one possible
hypothesis could be that, since the operator cannot do much about
these signals, he or she will not adapt. But, on the other hand, when
these high-frequency sinusoidal components would always appear in
the error, this could negatively influence the operator’s ability to
generate lead (i.e., differentiate the signal), which is mandatory

for the double-integrator-dynamics-controlled element in this
experiment.

The last two forcing functions, F8�2 (see Fig. 14) and G8�2, both
had a bandwidth of 4:0 rad=s and equal power. The reference,
condition F8�2, was the STI 8-2 spectrum forcing function.
Condition G8�2 was the equivalent frequency-weighing factors
continuous-spectrum forcing function (TUD 8-2 of Table 2). Since
the variance of the first five derivatives (including the signal itself)
were approximately equal, it was hypothesized that the resulting
operator control behavior would be the same. In McRuer et al.’s [2]
1965 experiment, the F8�2 condition resulted in crossover
regression, and it is therefore of interest here whether we will find
the same regression effects for the continuous-spectrum forcing
function G8�2.

The expected difficulty of the forcing functions was: easy (Ax6�4),
baseline (B7�3,C8�3,D6�5, and E7�3), and difficult (F8�2 andG8�2).
In fact, it is hypothesized that in the latter two conditions crossover
regression will occur [2].

All forcing functions were tested for a Gaussian amplitude
distribution by the chi-squared criterion. The criterion tests the
hypothesis, that the forcing function realization is from a Gaussian
distribution. Note that the chi-squared criterion of a discrete signal is
biased by the sampling rate fs and observation time T. It is assumed,
however, that a more-than-one-minute measurement time is suffi-
ciently long to prevent the Gaussian hypothesis from being rejected
by pure chance. The effect of the sampling frequency was compen-
sated by reducing the number of forcing function samples to the
highest sinusoids period, i.e., 233 for the STI spectra (Table 5). The
chi-squared criterion was evaluated with 10 bins.

D. Subjects and Procedure

Five subjects, all males, participated. Theywere instructed to keep
the reference symbol as accurately as possible superimposed on the
target symbol, i.e., minimize error (see Fig. 9b). An overview of the
subjects’ characteristics is given in Table 7. Subjectswere selected on
the basis of having excellent tracking skills in order to replicate the
performance results of the STI experiment subjects as close as
possible. Their motivation was enhanced by actively holding track of

a) b) c)

Fig. 12 Power spectral density plot of the modified STI 7-3 spectra, standardized to �i � 0:5 in:

Fig. 13 Definition of additional sinusoids and closed-loop input-to-

error relation.

Fig. 14 Power spectral density plot of the modified STI 8-2 spectrum

(F8�2), standardized to �i � 0:5 in:
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personal record on mean-squared error values, and by stimulating
competition among the subjects.

For each 108 s measurement run, 10 s run-in time and 2 s run-out
time were added. Thus, every run lasted 2 min. Of the 10 s run-in
time, the first 5 s were used to fade-in the forcing function.

E. Limitations in the Replication of the 1965 STI Experiment

Therewere some aspects that could not be exactly replicated in our
experiment. First, the STI experiment featured an analogous cathode
ray tube display [18], where our experiment featured a low-latency,
high-resolution liquid crystal display.

Second, no mention is made in the 1965 STI report about how
subjects held the stick. Although a later 1974 STI report [19] briefly
describes an experiment setup that is very similar to the 1965 STI
experiment, and reports that the stick was “grasped between thumb
and forefinger,” it could be possible that this grasp was different. In
our experiment, the stick was grasped with the full hand, similar to
aircraft control behavior.

In addition, the original specifications of the unique inceptor in the
McRuer et al. [2] experiment could not be replicated entirely by our
electrohydraulic sidestick. Torsional damping andmass were kept as
low as possible but are assumed to be higher than those of the original
inceptor. In precision control tasks the human controller can apply
muscle cocontraction to increase his neuromuscular stiffness in order
to stabilize his joints [23]. It is speculated that the increasedmass and
damping of our inceptor might have caused a similar stabilizing
effect, and better performance, compared with the very light tracker
used in the original experiment.

Finally, the STI subjects were skilled subjects with extensive real-
world piloting experience. Although our subjects were carefully
selected highly skilled subjects, none of them had extensive real-
world piloting experience.

F. Operator Control Behavior Modeling and Identification

1. Human Operator Models

Human operator control behavior was modeled by adopting one
of the most accurate linear model structures, McRuer et al.’s [2]
precision model¶:

Yp�j!� � Kp
��Lj!� 1�
��lj!� 1� e

�j!�d !2
nm

�j!�2 � 2	nm!nmj!� !2
nm

(14)

This model takes into account the effects of the human
equalization (first two terms), a pure time delay (third term), and the
limb-manipulator neuromuscular dynamics (fourth term). The
precision model can approximate the fairly linear pilot control
characteristics in the crossover region rather well, including the
effects of limb-manipulator neuromuscular dynamics [2], using just
five parameters: Kp, �L, �d, !nm, and �nm.

∗∗

The linear control behavior model parameters were obtained from
the measured data using both nonparametric as well as parametric
identification techniques.

2. Nonparametric Identification

Two methods were used to obtain nonparametric describing
functions from the measured data. The first method was the two-step
Fourier coefficients (FC) method, which fits the human model to the
sinusoids’ frequencies in the frequency domain [2,3,24]. At these
frequencies the human concentrates control power so that high
signal-to-noise ratios are present. Second, theARXmethodwas used
[16,17]. Contrary to the FC method, ARX fits linear polynomials to
time-domain signals by solving an analytical least-squares criterion.

3. Parametric Identification

The time-domain MLEmethod was used to estimate the precision
model parameters [5,17]. The main advantages of this method are
that, first, the variance of the parameter estimate achieves the
Cramér–Rao lower bound (i.e., is asymptotically efficient), and,
second, that the estimate becomes unbiased (i.e., asymptotically
unbiased), both when the observation time approaches infinity [17].

The principle is to find the joint-probability density function for
predicted error " (i.e., the difference between the measured and

modeled control signal) that makes the parameter estimate �̂ most
likely, through maximizing the likelihood function:

L��� � f�"1; "1; . . . ; "N; �� (15)

The parameter vector �̂
mle

that maximizes the likelihood function is
defined by

�̂ mle � argmax
�

ln L��� � argmin
�

1

2�2"

XN
i�1

"2i (16)

The convex Gauss–Newton optimization method was used to find
themaximum log likelihood. Thismethod does not guaranteefinding
the global minimum, thus multiple initial conditions were tried.
Then, when all the initial conditions converged to the same
minimum, it was assumed that a global minimum was found.

A measure for the amount of information conveyed about the

parameter estimate �̂
mle

in the data set was obtained by calculating
the Fisher informationmatrix. The inverse of the Fishermatrix equals
the Cramér–Rao lower bound, i.e., the minimum achievable variance

of estimate �̂
mle

. Finally, the variance-accounted-for is computed as a
measure for the linearity and model validity [16].

A typical open-loop estimate is shown in Fig. 15 (A16�4 condition,
subject 1).

Table 7 Nature of subjects and tracking experience

Subject no. Age Handedness Glasses/
lenses

Tracking experience, h

1 27 Right —— Extensive (�30)
2 19 Right —— Modest (�10)
3 26 Left —— Extensive (�50)
4 40 Right —— Very extensive (>200)
5 22 Right Lenses Modest (�10)

Fig. 15 Open-loop estimates of human operator and controlled

dynamics.

¶Note that we omitted the very low-frequency neuromuscular system
lag [2].

∗∗Because double-integrator dynamics are considered, the lag-time
constant �l can be neglected.
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G. Dependent Measures

The dependent measures included several metrics for human
performance and control behavior. Time-domain performance was
obtained by calculating the mean-squared values of the error and
control signals. Frequency-domain control behaviormetricswere the
operator crossover frequency and phasemargin and thefive precision
model parameters.

H. Hypotheses

The hypotheses follow in a straightforward way from the
definitions of the forcing functions, the only independent variables in
this experiment, and are summarized in Table 8.

1) The first main hypothesis in this paper is that operator control
behavior will be affected by the phase set definitions. To check the
validity of this hypothesis, the forcing function definitions with
different phase sets will be used, i.e., A16�4 until A46�4.

2) The second main hypothesis is that operator control behavior
with different forcing functions will only be the same if all the
variances of the signal and its derivatives are the same. The forcing
functions have been defined in such a way that we can check the
validity of this hypothesis in three consecutive steps:

a) In the first step, using forcing functions B7�3, C8�3, and D6�5,
we hypothesize that control behavior changes in conditions where
the forcing functions’ spectral shape, bandwidth, and signal power
are all equal.

b) In the second step, using forcing functions C8�3 and D6�5, we
hypothesize that behavior also changes in conditions where not only
the forcing functions’ spectral shape, bandwidth, and signal power
are equal, but also the variance of their first derivatives.

c) In the third and final step, using the two forcing function groups,
B7�3 vs E7�3 and F8�2 vs G8�2, we hypothesize that since these
forcing function groups have equal variance of the first five
derivatives (including the signal itself), operator control behavior
will be the same. Note that the second group represents a condition in
which crossover regression effects are expected to occur.

In the next two sections the experimental results will be presented
and discussed in the same sequence as the hypotheses have been
introduced.

V. Results

The statistical significance of the effect of the forcing functions on
the dependent measures was determined using a repeated-measures
analysis of variance (ANOVA). According to Field [25], an ANOVA

is allowed when the measured data complies with four properties:
1) normality, 2) homogeneity of variance, 3) sphericity, and
4) interval-scale. Because only onegroup of subjectswas considered,
the assumption of homogeneity of variance was always met. It
has been indicated when the normality or sphericity assumptions
were not met. When the sphericity assumption was violated, the
conservative Greenhouse–Geisser [26] correction is applied.

A. Effect of Phases

1. Operator Performance and Control Behavior

To test the effect of the forcing function phases, four forcing
functionswith different phases (A16�4–A46�4) were used. The effects
of the different phases on the normalized mean-squared error,
the mean-squared control deflection, and the crossover frequency
are shown in Fig. 16. A one-way repeated-measures ANOVA was
applied to these dependent measures, and the results are listed in
Table 9.

Figure 16 shows that the normalized mean-squared error and the
mean-squared control deflection were very similar for all phase sets.
The same holds for all of the frequency-domain variables, like the
crossover frequency, phase margin, and precision model parameters
(not shown).

The repeated-measures ANOVA confirms that the small differ-
ences observed in Fig. 16 are indeed not statistically signifi-
cant, and consequently hypothesis 1 cannot be accepted.

2. Discussion

At first it seems somewhat surprising that no significant effects of
the forcing function component phase were observed, since
participants in previous experiments had reported these. The main
difference between the previous and current experiment were the
controlled element and the display type. In the previous experiments
second-order aircraft dynamics were used instead of a second-order
integrator. Moreover, the participants were controlling the tracking
error using a pursuit display, showing both the own state and the
tracking error in contrast to a compensatory display, which only
shows the tracking error.

It is assumed that the use of a pursuit display results in a different
control behavior in comparison to a compensatory display, since a
pursuit display allows observing the forcing function directly (in
contrast to observing only the error). This feedforward information
enables anticipating the error signal. When a participant uses the
feedforward information, he can develop a strategy avoiding

Table 8 Relation between the independent variables and the hypotheses

Independent variables

Hypothesis Step A16�4 A26�4 A36�4 A46�4 B7�3 C8�3 D6�5 E7�3 F8�2 G8�2

1 —— X X X X —— —— —— —— —— ——

2a 1 —— —— —— —— X X X —— —— ——

2b 2 —— —— —— —— —— X X —— —— ——

2c 3 —— —— —— —— Ya —— —— Y Zb Z

aEffect within group. bEffect within group.

a) b) c)

Fig. 16 Means and 95% confidence intervals, corrected for between-subject variability.
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overshooting the tracking signal. In such a case, the success rate of
the strategy can become dependent on the phase of the forcing
function components.

In conclusion, our first main hypothesis stating that the
phases affect operator performance and control behavior cannot
be accepted, and supports the opposite, i.e., that the phase can be
selected freely.

In view of the different perception of the forcing function when a
pursuit display is applied, it is recommended to repeat the experiment
with a pursuit display to investigate the effects of the forcing function
phases in a pursuit configuration.

B. Effects of Bandwidth and First Derivative Variance

First, the results for conditions B7�3, C8�3, and D6�5 will be
discussed. These forcing functions had the same spectral shape,
bandwidth (2:5 rad=s), and power. By considering these three
conditions, we can check the validity of hypothesis 2.a using a one-
way repeated-measures ANOVA.

Furthermore, the last two forcing functions also had equal variance
of their first derivative (C8�3: 0:728 inch2=s2 and D6�5:
0:725 inch2=s2), which is approximately 60% higher than the
baseline condition B7�3 (0:457 inch2=s2). To determine the effect of
the first variance on the control behavior, repeated contrasts [27]
were used to compare the dependent measures resulting from these
two forcing functions (hypothesis 2.b).

1. Operator Performance and Control Behavior

The means and the 95% confidence intervals, adjusted for
between-subject variability [25], of operator performance and
control behavior metrics are presented in Fig. 17. The results of the
mainANOVAand the repeated contrasts are summarized inTable 10.

Figure 17a shows that the normalized mean-squared error
increases; hence, the performance decreases when additional sinu-
soids are added, especially for the high-frequency sinusoid additions
in D6�5. The mean-squared control activity, however, remains the
same for all three conditions (Fig. 17b), and no significant effects
were found.

The crossover frequency and phase margin (Figs. 17c and 17d)
remain approximately the same when adding two additional sinu-
soids just below the forcing function bandwidth, i.e., comparing
conditions B7�3 and C8�3. Adding the two sinusoids at higher
frequencies results in a significant decrease of the crossover fre-
quency, while the phase margin remains the same. In general, the
phase margin remains the same for all three conditions.

When comparing the current data with those obtained in the
original experiment byMcRuer et al. [2] (Fig. 17), our results appear
to deviate from the STI experiment (only data from condition B7�3
can be compared).

In our experiment, the same control activity, a smaller error, a
higher crossover frequency, and a smaller phase margin were
achieved. This indicates that the participants in our experiment tried
as hard (same control activity), but the smaller phase margin and
higher crossover frequency indicate that they were more successful
in reducing the error. This might have a number of reasons.

First, our subjects were carefully selected based on their excellent
tracking skills. Contrary to the original experiment it was not a
concern whether they had any aircraft piloting experience. Hence, as
a group they might have performed better than the participants in the
McRuer et al. [2] experiment.

A second cause could stem fromdifferences in the feel system. The
original specifications of the unique inceptor in the McRuer et al. [2]
experiment could not be replicated entirely by our electrohydraulic
sidestick. In precision control tasks the human controller can apply
muscle cocontraction to increase his neuromuscular stiffness in
order to stabilize his joints. The increased mass and damping of
our inceptor might have caused a similar stabilizing effect, and
better performance, compared with the very light tracker used in the
original experiment.

Furthermore, differences in the run-in and total measurement time
might have resulted in control behavior differences. The shorter runs
in our experiment might have led to less fatigue and distraction,
resulting in higher performance and less time-invariant behavior.

The final reason might stem from the quality of the experimental
equipment used. It is assumed that the equipment used in the present
experiment caused significantly less noise in the closed-loop. This
might have allowed pilots to perform their task with smaller phase
margins and higher crossover frequencies.

In view of the four reasons for the observed deviations from the
original experiment we are confident in having successfully
replicated the original experiment.

2. Precision Model Parameters

The precision model parameter means and 95% confidence
intervals, adjusted for between-subject variability, are shown in
Fig. 18. The ANOVA results are listed in Table 11.

The operator gain, Fig. 18a, appears to decrease when sinusoidal
components are added, especially for the high-frequencies addition

Table 9 Results of repeated-measures ANOVA on sinusoids components’ phase

Independent variables Dependent measures

Time-domain performance Frequency-domain behavior

�e2=�2i �u2 !c

Phase distribution F�3; 12� Sig. F�3; 12� Sig. F�3; 12� Sig.
2.085a —— 0.829a —— 1.332a ——

aNot significant �p � 0:05�.

a) b)

c) d)

Fig. 17 Means and 95% confidence intervals, corrected for between-

subject variability.
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D6�5. However, this decrease is not statistically significant. The lead-
time constant, Fig. 18b, remains approximately the same between
conditions B7�3 and C8�3, but increases considerably (but not
significantly) for condition D6�5. The pure time delay increases
slightly, when adding sinusoidal components, in particular at higher
frequencies (see Fig. 18c). This increase is statistically significant.

The neuromuscular break frequency, shown in Fig. 18d, increases
slightly between the baseline and C8�3 but then decreases
significantly for the high-frequency additional sinusoidal condition
D6�5. The neuromuscular damping ratio, Fig. 18e, remains approxi-
mately the same, and no significant effects were found for this
parameter.

Finally, note that the quality-of-fit of the linear precision model to
the measured data, as indicated by the variance-accounted-for, is
reasonably good with levels of 85%, but reduces considerably for
condition D6�5. This indicates that, for this condition, operator
control behavior was more nonlinear.

3. Discussion

It was shown that operator performance and control behavior
changed, in many cases significantly, when considering the three
conditions with equal spectral shape, equal bandwidth, and equal
power.

The addition of two sinusoidal components just below the
bandwidth of 2:5 rad=s (C8�3) only caused small changes in operator
control behavior, although performance decreased significantly. No
crossover regression effects were found for this condition. The
crossover frequency and phase margin remained approximately
constant, and so did most of the precision model parameters. The
slight reduction of neuromuscular damping and the small increase in
neuromuscular frequency are adaptation effects that are typical for
operators that try to minimize delay in order to maintain sufficient
phase margin, i.e., closed-loop stability. In this respect, our partici-
pants were trying very hard to minimize the amplification effects of
their e=i characteristic (Fig. 13), especially here with the additional
sinusoids. But, contrary to our expectations, these effects were
minimal.

The addition of two sinusoidal components above the forcing
function signal bandwidth (D6�5) led to a significant degradation of
operator performance, and considerable adaptation. The changes that
appear, like the significantly smaller crossover frequency, the
significantly larger pure time delay, and the lower gain, are typical for
operators that attempt to maintain a stable control situation by
reducing tracking bandwidth, at the cost of tracking performance.
Since the two high-frequency components are fed through directly to
the displayed error (consider the e=i transfer function of Fig. 13), it is

a) b) c)

d) e) f)

Fig. 18 Means and 95% confidence intervals, corrected for between-subject variability.

Table 10 Results of repeated-measures ANOVA on operator performance and control behavior.

Independent variables Dependent measures

Time-domain performance Frequency-domain behavior

�e2=�2i �u2 !c ’M

Same bandwidth
(B7�3, C8�5, D6�5)

F�2; 8� Sig. F�2; 8� Sig. F�2; 8� Sig. F�2; 8� Sig.

22.152 a 0.629 b 7.218 c 0.273 b

Same bandwidth
plus first derivative
variance (C8�5, D6�5)

F�1; 4� Sig. F d Sig. F�1; 4� Sig. F d Sig.

4.211 b —— —— 9.246 b —— ——

aHighly significant �p < 0:01�. bNot significant �p � 0:05�. cSignificant �0:01 
 p < 0:05�. dMain ANOVA not significant,
contrast analysis not permitted.
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assumed that the fluctuating error signal makes it much harder for the
operators to generate the lead necessary to stabilize the double-
integrator dynamics. Visual differentiation (i.e., perceiving the
velocity of the error symbol) is impaired, and the operator adapts
accordingly.

Summarizing, it is concluded that forcing functions that have the
same spectral shape, power, bandwidth, and even equal variance of
the first derivative can still lead to significantly different operator
control behavior and produce varying performance. Therefore,
hypotheses 2.a and 2.b cannot be rejected.

C. Effects of Variances with Different Power Spectra

To test hypothesis 2.c, which states that operator control will be
equal when the variances of the forcing function’s derivatives are
equal, two pairs of forcing functions were evaluated in control
tasks: continuous-spectrum forcing functions (B7�3 and F8�2) are
compared with sum-of-sines signals (E7�3 and G8�2). The results
have been analyzed using a two-way repeated-measures ANOVA, in
which the independent variables are the forcing function shape
(continuous spectrum vs sum of sines) and bandwidth (2:5 rad=s and
4:0 rad=).

1. Operator Performance and Control Behavior

Performance and control behavior means and 95% confidence
intervals, all adjusted for between-subject variability, are shown in
Fig. 19. The ANOVA results are summarized in Table 12.

Examination of Fig. 19 reveals that small differences can be
observed between the sum-of-sines and continuous-spectrum
conditions. However, these small differences are not statistically
significant.

For instance, when comparing B7�3, the discrete spectrum, to its
continuous counterpart E7�3, the performance increase is accom-
panied by a lower control activity, a lower crossover frequency, and a
lower phasemargin. These spectra had a bandwidth of 2:5 rad=s, and
the operator did not show crossover regression.

When comparing F8�2, the discrete spectrum, to its continuous
counterpartG8�2, the opposite is found. The performance decrease is
accompanied by a higher control activity, higher crossover
frequency, and higher phase margin. These spectra had 4:0 rad=s
bandwidth, and the operator showed crossover regression in both
cases.

The effect of the forcing function bandwidth was highly
significant in case of the NMSE, crossover frequency, and phase
margin. This effect is mainly the result of the occurrence of crossover
regression.

Comparing the current data with those obtained in the original
experiment byMcRuer et al. [2], Fig. 19 shows that our data are again
similar (only conditions B7�3 and F8�2 can be compared). It was
already concluded in the previous subsection that in the 2:5 rad=s
bandwidth condition B7�3 the differences were small. When
considering the data for the 4:0 rad=s bandwidth condition F8�2, the
differences in the frequency-domain variables are negligible, but the
difference in performance and control behavior are considerable.
Note, however, that here the operators have regressed their crossover
frequency, and in these conditions human behavior and performance
is known to be much more variable [14].

2. Precision Model Parameters

The precision model parameter means and 95% confidence
intervals, adjusted for between-subject variability, are shown in
Fig. 20. The significance of the effects of the forcing function
shape (sum-of-sines vs continuous-spectrum, with equal first five
variances) and bandwidth is listed in Table 13.

Figure 20 shows that in general the differences in the precision
model parameters between the sum-of-sines and continuous-
spectrum forcing functions are small. According to Table 13 none of
the parameters changed significantly, which indicates that equal
control behavior was achieved, even though different spectra were
used. It appears that using equal variances indeed results in equal
control behavior.

The only parameter that changed significantly as a result of the
change in bandwidth in Table 13 is the gain Kp. This matches our
expectations since the controlled element, a double integrator, only
requires a change in crossover frequency to account for a change in
forcing function bandwidth.

3. Discussion

Whereas control behavior, expressed by crossover frequency and
phase margin, remained more or less the same, larger (but non-
significant) differences were observed in the normalized mean-
squared error and control activity. The applied precision model is
only able to capture the linear part of human behavior, and what

Table 11 Results of repeated-measures ANOVA on precision model parameters

Independent variables Dependent measures

Kp �L �d !nm �nm

Same bandwidth (B7�3, C8�5, D6�5) F�2; 8� Sig. F�2; 8� Sig. F�2; 8� Sig. F�1:07; 4:28�c Sig. F�2; 8� Sig.
3.108 a 4.308 a 20.232 b 20.534 b 0.749 a

Same bandwidth plus first
derivative variance (C8�5, D6�5)

F d Sig. Fd Sig. F�1; 4� Sig. F�1; 4� Sig. F d Sig.

—— —— —— —— 54.510 b 20.635 e —— ——

aNot significant �p � 0:05�. bHighly significant �p < 0:01�. cSphericity assumption not met, Greenhouse–Geisser correction applied. dMain
ANOVA not significant, contrast analysis not permitted. eSignificant �0:01 
 p < 0:05�.

a) b)

c) d)

Fig. 19 Means and 95% confidence intervals, corrected for between-

subject variability.
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remains is remnant. This remnant, or pilot nonlinearity, might be the
explanation for the differences between the time-domain metrics and
the frequency-domain metrics. It is therefore recommended to
evaluate the linearity of the operator’s control behavior by calculating
the coherence between the operator’s input and output. The
coherence is defined as the squared cross-spectral density divided by
the product of the autospectral densities.

When considering both pairs of forcing function definitions,
characterizing both the condition without crossover regression (pair
B7�3 andE7�3) aswell as the conditionwith regression (pairF8�2 and
G8�2), significant effects due to forcing function bandwidth were
observed in the normalized mean-squared error, the crossover
frequency, and the phase margin, as well as in the operator gain.

Moreover, it was observed that none of the parameters showed a
significant effect due to the different spectrum shapes. It appears that
equal variances of thefirstfive derivatives (including the signal itself)
have resulted in equal control behavior. This was found in conditions
with andwithout crossover regression. Consequently, the hypothesis
that equal variances result in equal control behavior (hypothesis 2.c)
cannot be rejected.

VI. Conclusions

This paper focused on the effects of forcing functions on the
resulting pilot control behavior. The present understanding was that
these effects are governed by two parameters, the bandwidth and

a) b) c)

d) e) f)

Fig. 20 Means and 95% confidence intervals, corrected for between-subject variability.

Table 12 Results of repeated-measures ANOVA on performance and control behavior.

Independent
variables

Dependent measures

Time-domain performance Frequency-domain behavior

�e2=�2i �u2 !c ’M

Spectrum type F�1; 4� Sig. F�1; 4� Sig. F�1; 4� Sig. F�1; 4� Sig.
4.514 a 0.257 a 0.021 a 0.987 a

Bandwidth F�1; 4� Sig. F�1; 4� Sig. F�1; 4� Sig. F�1; 4� Sig.
64.502 b 2.585 a 39.353 b 187.994 b

aNot significant �p � 0:05�. bHighly significant �p < 0:01�.

Table 13 Results of repeated-measures ANOVA on precision model parameters.

Independent variables Dependent measures

Kp �L �d !nm �nm

Spectrum type F�1; 4� Sig. F�1; 4� Sig. F�1; 4� Sig. F�1; 4� Sig. F�1; 4� Sig.
4.438 a 0.727 a 0.520 a 0.267 a 3.444 a

Bandwidth F�1; 4� Sig. F�1; 4� Sig. F�1; 4� Sig. F�1; 4� Sig. F�1; 4� Sig.
33.023 b 4.680 a 1.643 a 2.428 a 3.702 a

aNot significant �p � 0:05�. bHighly significant �p < 0:01�.
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power. Result from other studies indicated that power and bandwidth
are not sufficient, and that other forcing function design parameters
need to be considered as well. A theoretical analysis showed that a
sum-of-sinusoids forcing function is fully defined by the phases of
the sinusoids and the variance of the signal and its derivatives. For
this reason the effects of the phases and the variance of the forcing
function and its derivatives were investigated in this paper, and
it was hypothesized that two forcing functions will lead to equal
control behavior when the forcing functions have equal variance and
variance of their derivatives, independent of other spectral
characteristics such as bandwidth or spectral shape.

An experiment, similar to the one carried out byMcRuer et al. [2],
was designed to investigate the effects of the phases and the variance
of the forcing function and its derivatives. The experiment consisted
of a compensatory target-tracking task using second-order integrator
dynamics with varying forcing function characteristics. Two main
hypotheses were tested.

Thefirst hypothesis, that operator control behaviorwill be affected
by the selection of the phases of the sinusoids in the forcing function,
had to be rejected since no significant differences were observed in
the resulting mean-squared error, control activity, phase margin, and
precision model parameters. Instead, the phases can be selected
freely. Since other studies, using a pursuit display, unofficially did
report some effects of the phases, the conclusion that the phases do
not influence control behavior should be limited to compensatory
situations.

The second hypothesis was that operator control behavior with
different forcing functions will only be the same if the variance of the
forcing function and its derivatives are the same. This hypothesis was
tested in three steps. In the first step, it was tested whether the control
behavior is invariant when forcing functions are used with different
power spectra, but with equal the spectral shape, bandwidth, and
signal power. It could be concluded that such forcing functions
indeed can lead to significant differences in operator behavior and
produce varying performance.

In the second step, we hypothesized that the control behavior
changes in conditions where not only the forcing function’s spectral
shape, bandwidth, and power were equal, but also the variance of the
first derivative. A contrast analysis of the results revealed that the
crossover frequency was significantly different for the applied
forcing functions. Consequently, specifying spectral shape,
bandwidth, power, and the variance of the first derivative does not
warrant equal behavior.

In the final step, the variance of the forcing function and its first
four derivatives were kept the same, while the spectral shape and
bandwidth were varied. The experiment results did not show any
significant differences in anyof the control behavior parameters. This
result was found in conditionswithout andwith crossover regression.
For this reason, the hypothesis that equal variances result in equal
control behavior could not be rejected and all results support its
validity.

In conclusion, the study has demonstrated some limitations on the
usage of bandwidth and power as the sole parameters describing the
effects of a forcing function on the control behavior. Instead, when
experiments with different forcing function must compared, it is
advised to design the forcing functions using equal variances of
signal and its derivatives.
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