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Online Identification and Detection of Manual Control Adaptation
with Recursive Time Series

Wouter Plaetinck,∗ Daan M. Pool,† Marinus M. van Paassen,‡ and Max Mulder§

Delft University of Technology, 2600 GB Delft, The Netherlands

https://doi.org/10.2514/1.G007980

An online pilot manual control behavior identification method, based on recursive low-order time-series model

estimation, is presented and validated using experimental data. Eight participants performed compensatory tracking

tasks with time-varying vehicle dynamics, where, at an unpredictable moment during a run, a sudden degradation in

dynamics could occur. Theywere instructed to push a buttonwhen they detected a change in dynamics. Twomethods

to automatically detect the moment when pilot adaptation occurs from online estimated parameter traces are

discussed. Results show that pilots are more accurate in detecting changes than either algorithm. But when the

algorithms are correct, they are often quicker to detect pilot adaptation than pilots themselves. The presented

techniques have potential but need improvements.

I. Introduction

A LTHOUGH levels of automation seem ever-increasing, the

majority of safety-critical systems still require the involvement

of human operators (HOs), e.g., to deal with unexpected situations

that can be extremely difficult to anticipate and fully automate. In

aviation, pilots’ capacity for quick and timely adaptation is regarded

as critical to deal with changes in the vehicle dynamics caused by

aircraft damage and autopilot or stabilization system mode switches

or disengagement [1–3]. Systems to support pilots in dealing with

these (unexpected, sudden) changes are being developed, for

instance, through haptic shared control [4], in the context of aircraft

loss-of-control mitigation [5].

Adaptive support systems are likely to affect the stability of the

closed-loop control systemand,with that, the safety of operation. The

changing dynamics of both vehicle and operator must be accounted

for. A first crucial enabler is therefore to detect, preferably in real

time, changes in the vehicle dynamics, an active field of study since

the 1970s leading to many methods to objectively measure the

controlled element (CE) dynamics [5]. Our knowledge about when

and how HOs adapt to changing CE dynamics, the second key

enabler, is significantly lacking. Advancements since Young’s semi-

nal paper on adaptive manual control [6] have been small.

Techniques to estimate changes in pilot dynamics form a niche in

the domain of system identification and aremuch less successful than

methods that estimate steady-state HO behavior. Human controllers

are nonlinear, noisy, and time-varying; their dynamics need to be

estimated in closed loop; and in many real-life control situations, the

human inputs are unknown [7]. In aircraft control, for instance, the

pilot’s brain and body can close a plethora of loops using visual and

vestibular inputs, patterns that all potentially relate to the pilot’s

output, which is known. Manual control studies describe human

control behavior in situations where the task variables (CE dynamics,

displays, manipulators) are constant [8–10]. The resulting objective,

quantitative modeling approaches mainly consider HOs as (quasi-)

linear, time-invariant (LTI) feedback systems [11–13].
To investigate time-varying HO behavior, this time-invariance

assumption must be abandoned [12]. There is a need to be able to

detect when an operator adapts and to model how this adaptation is

performed in real time. Not only would this ability be extremely

useful from a scientific perspective, it would also allow for many

novel applications. Examples are the adaptive operator support sys-

tems mentioned above but also systems to detect reduced operator

attention or distraction and fatigue [14]. These all need an online

operator monitoring component to work.
Two main techniques for capturing time-varying pilot behavior

were developed in previous work. Time-varying behavior was either

captured in empirically derived logic rules [1,15] or determined using

system identification methods. Studies taking the second perspective
tried to identify human adaptation to time-varying CE dynamics [2]

and other time-varying task variables such as visual [16] and physical

motion [17] and control manipulator changes [18]. These studies

mostly aimed at offline, a posteriori, identification and can be clas-

sified to fit either a batch of data at once or to estimate model

parameters recursively. All applied different ways of introducing

the adaptation in the operator model. For example, in [19] wavelets

were applied. Zaal [2] used genetic maximum likelihood estimation

while the adaptation is assumed to follow a sigmoid shape, the

defining parameters of which are included in the estimation. In

[20] a linear parameter-varying model is fit with experimentally

determined scheduling functions to represent the adaptation. In

[21] a two-step method is used: the wavelet transform identifies a

time-varying frequency response, and then an operator model is fit to

that response. All are batch estimation methods and thus not directly

applicable online [22].
Recursive methods require no assumption on the shape (or time)

of adaptation and are directly applicable for online estimation. A

nonparametricmethod combines finite impulse response estimation

with recursive least squares (RLS) [18]. Parametric methods

include the extended Kalman filter [16,23], dual extended Kalman

filter [24], and unscented Kalman filter [25] to estimate the HO

parameters directly. Alternatively, autoregressive with exogenous

(ARX) input models can be used with an RLS estimation of the

ARX model coefficients, which are then converted to HO parame-

ters [26]. The authors of Ref. [26] extend existing LTI techniques to

time-varying HO modeling [27,28].
In the state-of-the-art, a validated onlineHO identificationmethod,

together with a tested algorithm for detecting the moment of adapta-

tion using estimated HO parameter traces, is missing. This paper

addresses this issue, with a focus on adaptation to time-varying CE

dynamics [29,30]. In Sec. II, the control task, identification, and

adaptation detection methods are briefly introduced. Section III dis-

cusses the experiment conducted to test the techniques. Results are
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shown in Sec. IV and discussed in Sec. V. Conclusions are drawn
in Sec. VI.

II. Methods

A. Control Task and Pilot Model

A single-axis, single-channel compensatory tracking task was set
up to evaluate the HO identification and adaptation detection meth-
ods, similar to Zaal’s experiment [2]. Figure 1 illustrates the task,
where the HO controls the CE dynamics Hc such that its output y
tracks the target forcing function ft as closely as possible. The only
feedback to the HO is the tracking error e, shown on a compensatory
display. The HO provides a single control output u. In this paper, we
focus on what Young [6] refers to as “controlled element adaptation,”
illustrated by the gray arrow in Fig. 1.
Two factors play a role in inducing time-varying HO behavior: i)

the extent to which the CE dynamics change, and ii) the time it takes
for the CE dynamics to change. Larger changes in dynamics that
occur rapidly can be expected to be easier for pilots to detect than
subtle changes that occur slowly. Whereas from an operational point
of view, the latter, subtle changes, are more relevant, from an exper-
imental perspective, the former, rapid changes, are preferred, as then
the chance of detection increases. To align with other recent experi-
ments on time-varying HO behavior [2,24,25], we adopted Zaal’s
approach [2016], who changed the CE dynamics in Eq. (1) over time
according to a sigmoid scheduling function (2).

Hc�s; t� �
Kc�t�

s2 � ωc�t�s
(1)

P�t� � P1 �
P2 − P1

1� e−G�t−M� (2)

In Eq. (2) the P1 and P2 parameters describe the initial and final
values of the sigmoid function P�t�, respectively. Both the CE gain
Kc and break frequencyωc ofEq. (1)were scheduled, substituting the
initial value P1 and final value P2 for the respective CE parameter
values.
The sigmoid transition is characterized by a maximum rate of

change G and centered around time M, the “moment of transition.”
Assuming a measurement run to last Tm � 81.92 s and putting M
half-way the run, the transition in the CE parameters is illustrated in

Fig. 2 for two settings of G. In the fast (G � 100 s−1) and slow
(G � 0.5) settings the system dynamics change in approximately

0.35 and 15 s, respectively. Whereas the initial CE dynamics resem-

ble single-integrator-like dynamics in the crossover region, the final
CE dynamics approximate a double integrator in the crossover

region, forcing the HO to generate lead to stabilize the system [8].
It is this necessary change in HO lead that we hypothesize to be

detectable by our methods and also causes the HO to detect the CE

variation.
A validated HO model in time-invariant compensatory control

tasks is McRuer’s simplified precision model, a quasi-linear model
[8]. It consists of a linear time-invariant describing function Hp�s�
and an additive noise, called remnant, with filter Hn�s�, as in Fig. 1.
The remnant n is used to describe nonlinear, randomly time-varying
effects in HO behavior [8]. A common describing functionHp�s� for
the considered CE dynamics is:

Hp�s� � Ke�1� TLs�e−sτHnm�s� (3)

where Hnm�s� represents the neuromuscular dynamics, and Ke, TL

and τ are theHOgain, lead time (in seconds), and effective time delay
(in seconds), respectively. The possibly also time-varying neuromus-

cular system (NMS) dynamics aremodelled as a second-order system

with natural frequency ωnm in rad/s and damping ratio ζnm [31]:

Hnm�s; t� �
ω2
nm�t�

ω2
nm�t� � 2ζnm�t�ωnm�t�s� s2

(4)

The NMS dynamics were included in the model because the

forcing functions applied in the experiment (Sec. III) excited our
participants’ control dynamics also at higher frequencies, where the

NMS dynamics dominate. Our high-performance experimental setup
allows for these NMS dynamics to be estimated. Excluding the NMS

dynamics would mean that the ARX time series model (discussed

next) would not be able to capture the measured HO behavior with
sufficient accuracy to facilitate reliable detection of behavior/

parameter changes.
To model the time-varying HO, it was assumed that the describing

function in Eq. (3) still holds if all its parameters are free to vary over

time. To reduce a possible identification ambiguity between the HO
error response gain Ke and lead time constant TL, an explicit error

rate response gain K _e�t� � Ke�t�TL�t� was introduced:

Hp�s; t� � �Ke�t� � K _e�t�s�e−sτHnm�s; t� (5)

Due to identification method constraints (discussed later), the HO

delay τ was assumed constant, which was found valid for the con-

sidered task in earlier work reported by Zaal [2]. Summarizing, the
HO model used in this paper has four time-varying parameters

(Ke;K _e;ωnm; ζnm) and one time-invariant parameter (τ) to be
estimated.

B. Online Time-Varying HO Model Identification Using ARX

Using measured time traces of the tracking error e and control
signal u, a model for the HO can be identified. In this paper, an

“autoregressive exogenous” (ARX) model structure is used for this
purpose [26]. The ARX coefficients are first obtained using RLS and

then converted to the actual HO model parameters to complete the

identification process. The method is explained in detail in [26,30]
and will be summarized below.

1. ARX Model Structure

The general ARX model structure is shown in Eq. (6). This is a

discrete-time model with time shift operator q, such that q−nke�t� �
e�t − nk� models the HO delay. The HO describing function is

approximated by the ratio B�q�∕A�q� and delay shift of nk samples.
In ARX models, the HO remnant noise is modeled by the ratio

1∕A�q�, which filters a white noise input signal ϵ�t�. Note that the
process and noise dynamics are thus coupled through A�q�, poten-
tially leading to biased estimates, depending on the power and

spectrum of the remnant signal [26]:

Fig. 1 A compensatory tracking task with time-varying CE dynamics

and adapting quasi-linear HO model.

Fig. 2 CE parameters scheduled by sigmoid function for fast
(G � 100 s−1) and slow change (G � 0.5 s−1).
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u�t� � B�q�
A�q� q

−nke�t� � 1

A�q� ϵ�t� (6)

Second-order A�q� and B�q� polynomials were chosen to match

Eq. (5) and to allow for a straightforward HO parameter retrieval, as

described later. This results in Eq. (7) for the HO model approxima-

tion Hp�q�. The model structure allows the use of RLS for the

polynomial coefficients but not for the time shift parameter nk [26],
which was assumed to be set a priori at 28 corresponding to τ �
0.28 s [2] (simulation running at 100 Hz; time step Δt � 0.01 s).

Hp�q� �
B�q�
A�q� q

−nk � bd0 � bd1q
−1

1� ad1q
−1 � ad2q

−2 q
−nk (7)

Preliminary attempts to include nk in the (potentially online)

estimation are described in [29]. Batch ARX results of nk estimates

are reported in [26]. Both attempts only used simulated HO behav-

ior and showed that estimating nk is challenging. The work of

Zaal [2], featuring the same CE dynamics and forcing function

used here, showed that the value τ � 0.28 s is representative for the
HO delay found when controlling systems transitioning from

single-integrator-like to double-integrator-like dynamics. Apply-

ing McRuer’s “Verbal Adjustment Rules” [8] for CEs in between

pure integrator and pure double-integrator dynamics, a time delay

of 0.28 swould correspond with tracking a forcing function ft with
a bandwidth of 2.3 rad∕s, close to the current task (1.3 rad∕s; see
Sec. III.B).

2. Recursive Least Squares and HO Parameter Retrieval

The ARX model can be rewritten in linear regression form as

û�iji − 1; θi� � φ�i�θi, for each step i, with the regression vector φ
and coefficient vector θi in Eqs. (8) and (9); see [32].

φ�i� � −u�i − 1� −u�i − 2� e�i − nk� e�i − nk − 1� (8)

θi � ad1 ad2 bd0 bd1
T (9)

An RLS algorithm with exponential forgetting factor λ (here set

at 0.99609 based on previous work [26]) was used to estimate the

ARX coefficients, (9). These were then converted to the four

continuous-time time-varying HO describing function parameters

(Ke;K _e;ωnm, ζnm). The ARX model can be written as a discrete-

time transfer function Hp�z� using the following Z-transform prop-

erty: Z�q−nf�iΔt�� � z−nF�z�. Note that nk � τ∕Δt in Eq. (10).

Hp�z� �
bd0 � bd1z

−1

1� ad1z
−1 � ad2z

−2 z
− τ
Δt (10)

The estimate for this discrete-time transfer functionwill be updated at

each time step. To retrieve the HO model parameters, it needs to be

converted to its continuous-time equivalent. Using a zero-order-hold

conversion yields:

Hp�s� �
bc0s� bc1

s2 � ac1s� ac2
e−sτ (11)

Comparing Eq. (11) with the HO model in Eqs. (4) and (5), the

following relations are then obtained:

Ke �
bc1
ac2

K _e �
bc0
ac2

ζnm � ac1
2 ac2

ωnm � ac2

(12)

When using higher-order ARXmodels, these relations between the

ARX coefficients and the HO model parameters become overdeter-

mined, and a model order reduction technique is required [26,32].

3. Estimation Biases

Van Grootheest et al. [26] reported on the potential biases in the

estimated parameters using the recursive ARX method. The esti-

mated control dynamics and remnant dynamics are coupled in the

A�q� polynomial for ARX models, resulting in biased estimates

proportional to the remnant level. Different models for the remnant

can mitigate these effects [26]. Different model structures (such as

autoregressive moving average with exogenous (ARMAX) inputs or

Box–Jenkins models [32]) may also mitigate these issues. As these

model structures are currently, to the best of our knowledge, not

applicable in real time, the ARX model structure is maintained.

C. Automatic HO Adaptation Detection

For the considered task, with the CE dynamics changing from

integrator-like to double-integrator-like dynamics, the expected HO

adaptation is a reduced error gainKe and increased error rate gainK _e:

more lead compensation is required [8]. For the considered change in

CE dynamics, the delay and neuromuscular parameters were found

not to vary significantly in the experiments of Zaal [2]. With the HO

delay assumed constant, the adaptation detection methods will need

to be based on time traces of either Ke or K _e estimates, where the

largest changes are expected to occur.

1. Two Methods: TICA and MA

Two detection methods are proposed, and both use an “average

measure” of the considered estimated parameter, plus or minus a

certain margin, i.e., the “reference band.” Figures 3a and 3b illustrate

the working principle, for K _e only; Ke is equivalent. The used time-

varying average measure is method-specific, as will be described

below. Thewidth of the reference band (blue area) is set by the δK : : :

value, a hyperparameter that is the same for both methods.
The two methods differ in what time-varying average measure is

used for the reference band. First, in the time-invariant condition

average (TICA) method, the average measure is calculated by aver-

aging the identified time-varying ARX parameter estimate traces of

the three a priorimeasured time-invariant task runs, in which the HO

controlled the initial single-integrator-like CE dynamics (Fig. 2). For

every participant, an average tracewas stored, which contained small

time variations as are clear in Fig. 3a. Second, in the moving average

(MA) method, the average measure is calculated through applying a

moving average, over awindow of ns samples up to the current step i,
of the identified parameter trace in that run. See Eq. (13) for K _e; the

calculation for Ke is equivalent:

a) TICA method b) MA method

Fig. 3 Illustration of adaptation detection for a) TICA and b) MA methods.
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K _e;MA � 1

ns

ns−1

k�0

K _ei−k (13)

For every participant, the actual, but smoothed, average trace is
obtained (see Fig. 3b).
Both methods were applied to identified traces of bothKe andK _e.

In Figs. 3a and 3b the reference band (blue) represents the nonadapted
HO behavior (TICA) or adapting HO behavior (MA), with a margin
for typical oscillations seen in the estimated parameter value (red
trace). When the estimated parameter moves outside this band at a
particular time and remains outside this band for a period longer than
a window with length ΔT, in seconds, an adaptation is considered
“detected,” and the initial time of the current window saved as tdetect,
further referred to as td.

2. Hyperparameter Tuning

To minimize false positives (FPs) and false negatives (FNs), both
methods require hyperparameter tuning. An FP would occur when a
detection was made outside the interval M < td < 60 s, with M �
40.96 s the central moment of transition; see Eq. (2). The limit of 60 s
was arbitrarily chosen, since by then HOs should have adapted to the
new CE dynamics (if not, the loop would become unstable) and the
estimated parameters should be sufficiently converged to trigger a
detection. An FNwould occur when no detectionwasmade. This, for
instance, can happen when the parameter trace did not go outside the
reference band for longer than ΔT seconds during a run.
The following hyperparameters are tuned. For both methods, the

accepted variability margin parameters δKe and δK _e define thewidth
of the reference band (around the middle defined above) that sets the
allowed (or expected) deviation of the HO parameter estimates from
the average. For both methods, ΔT sets the minimum time the
estimated parameter trace should be outside the reference band for
the parameter deviation to be considered a detection. For the MA
method, ns defines the number of samples taken in the moving
average calculation [Eq. (13)]; hence, this parameter directly affects
the MA method’s tracking speed.
A sensitivity study of the detection performancewith respect to the

described hyperparameters will be performed for each method
(Sec. IV). Each hyperparameter will be varied over a relevant range
while keeping the other hyperparameters at their initial chosen value.
Parameters λ (forgetting factor) and nk (HO time delay) will remain
fixed. For each combination of variability margin, ΔT and ns (MA
only), the mean-squared error (MSE) of the estimated detection time
td with respect to the actual (central) moment of transitionM can be
calculated:

MSE�δK _e;ΔT; ns� �
1

nruns

nruns

j�1

�M − td�j; δK _e;ΔT; ns��2 (14)

In Eq. (14), the MSE calculation is shown for K _e; it is equivalent for
Ke. This will be repeated for all measured runs in a certain condition.
In case of a too early detection (td < M) or no detection, the maxi-
mum possible MSE will be assigned for that run by setting td � 0 s.
TICA will be used as a baseline, as for most applications a priori

knowledge of parameter variations in equivalent time-invariant sce-
narios is not available. TheMAapproach requires less additional data
to tune and is therefore more promising for online implementation.

III. Experiment Setup

An experiment was done to evaluate the performance of the online
recursive ARX identification to tune and evaluate the TICA and MA
detection methods. Adaptation detection times as experienced by the
HOs were also obtained.

A. Apparatus

The experiment was performed in the fixed-base Human-Machine
Interaction Laboratory (HMI lab). Task simulation and identification
modules ran at 100 Hz. The control task was an aircraft pitch attitude
compensatory tracking task (Fig. 1). Participants were seated approx-
imately 75 cm in front of a simplified artificial horizon display, as in
Fig. 4b, showing the pitch tracking error e between the aircraft
symbol and the horizon line. The display had an update rate of
60 Hz, and the display lag for this setup was determined to be
20–25 ms.
Control inputswere givenwith an electrohydraulic side-stick at the

participant’s right-hand side, as in Fig. 4a. The stick’s torsional
stiffness was 2.5 �N ⋅m�∕rad, its damping 0.22 �N ⋅m ⋅ s�∕rad,
and its inertia 0.01 kg ⋅m2, with a moment arm of 9 cm. The stick
could only rotate around the pitch axis. Apush button on the stick (see
Fig. 4c) was used by the participants to indicate when they detected a
change in the CE.
On the researcher’s monitoring station (not shown), the tracking

performance (root-mean-squared error, RMS(e)), time-varying HO
model parameter estimation results, and the adaptation detection
(button push) by the participant could be monitored in real time
throughout the experiment.

B. Forcing Function

The forcing function ft was defined as a sum of 10 sinusoids with
different frequencies, amplitudes, and phases as in Eq. (15). The
frequencies were integer multiples of the base measurement fre-
quency ωm � 2π∕Tm.

ft�t� �
10

k�1

Af�k� sin�nf�k�ωmt� ϕf�k�� (15)

This forcing function, Table 1, was identical to the signal used by

Zaal [2]; it has a bandwidth of 1.25 rad∕s and power 2.25 deg2. In our
experiment, ft was shifted backward in time by 10.5 s (see Fig. 5)
through adjusting the phases ϕf. This placed a larger magnitude

change in the forcing function right within the CE dynamics tran-
sition region (see vertical lineM in Fig. 5), possibly giving the HO a
better chance of (early) detecting the CE transition.

C. Independent Variables

Two independent variablesweremanipulated: 1) the rate of change
of the scheduling sigmoid for the time-varying (TV) CE dynamicsG

a) HMI lab simulator b) Pitch attitude display c) Stick with push button

Fig. 4 HMI lab a), compensatory display b), and control stick with push button c).
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in Eq. (2) (two levels), and 2) the run-in time (three levels). In
addition, two time-invariant (TI) reference conditions, where the
CEdynamics did not change over time,were given to the participants.

Thus, in total, eight different conditions were tested, listed in Table 2
and described below.
A transition inCEdynamics could be either present (TV) or not (TI)

in a run. The time-invariant CE runs had either single-integrator-like

dynamics (TI1) (Hc1 , with Kc � 90;ωc � 6 rad∕s) or double-inte-
grator-like dynamics (TI2) (Hc2 , withKc � 30;ωc � 0.2 rad∕s), the
same as [2]. The estimated parameters of Ke and K _e in the TI1
conditionwere used for the “averagemeasure” calculation in the TICA

adaptation detection method (see Sec. II.C).
For runs with time-varying CE (Hc1 to Hc2 ), the transition was

scheduled by a sigmoid withM � Tm∕2, thus halfway the measure-

ment window. The maximum rate of change had two levels: G �
0.5 s−1 to represent a gradual change and G � 100 s−1 to represent

an almost instantaneous change (see Fig. 2).
Each experiment run had a total measurement time of Tm �

81.92 s. A run-in time was added to allow possible transients, due to
the HO accommodating to the task, to die out. This run-in time was

varied (5, 10, and 15 s) to avoid the CE transition to become “predict-
able” by the participants. Care was taken to make sure that the forcing

function inside the measurement window remained the same for each
level and was kept aligned withM, as illustrated in Fig. 5.

D. Participants, Experimental Procedure, and Instructions

Eight subjects participated, who provided written informed con-
sent. The experiment had a training and measurement part. During
training a participant performed each time-invariant condition and
the two time-varying conditions, all with a run-in time of 5 s. The
measurement partwas divided into three blocks,with each containing
the eight conditions, enabling three repeatedmeasurements. For each
block, conditionswere presented in a randomized order by a balanced
Latin square design. After each run, the RMS of the tracking error e
was reported to motivate the participant.
Participants were instructed to maximize their tracking perfor-

mance: minimize RMS(e). In addition, they were told to press the
button on the stick (Fig. 4c) when they felt that the CE dynamics had
changed. The time of pressing the button was recorded as tpush.
Participants did not know whether a run contained a change in CE
dynamics, and with the variation in run-in time they could also not
develop a strategy (e.g., counting) to anticipate a dynamics transition.

E. Dependent Measures

Tracking performance was monitored in terms of the RMS(e) of
the pitch tracking error. The discussion in this paper will focus on
comparing results obtained with the subjective HO detection of the
CE dynamics change, tpush, and the objective (TICA or MA) detec-

tion of the HO dynamics change, td. These two measures will be
analyzed both from a numerical perspective, i.e., “how long does it
take the HO to detect a change” (allowing us to calculate detection
lags), and from the perspective of being correct or incorrect in
detecting a change.
Recall from Sec. II.C.2 that the objective detectionmethods can be

evaluated in terms of their accuracy in correctly detecting a change in
the HO control behavior; the same can be done for the subjective HO
detection. An FP means that the HO incorrectly pushed, in the TI1
and TI2 conditions, or pushed before an actual transition happened,
in the six time-varying CE conditions, thus tpush < M. An FN means
that the HO did not push during the run while a CE transition did in
fact occur, i.e., in the time-varying conditions. True positives (TPs)
indicate that theHOdid pushwhen required in those conditions; thus,
M < tpush. True negatives (TNs) indicate that the HO did not push the

button when it was indeed not required, as in the TI1 and TI2
conditions. Collecting all data on these decisions allows an overall
detection accuracy to be calculated:

Acc � TP� TN

TP� FP� TN� FN
⋅ 100% (16)

F. Hypotheses

Our first and main hypothesis (H.1) is that the detection in CE
transitions (in case they occur) will be earlier (smaller detection lags)
and more accurate (better detection performance) when the CE
transition occurs faster, i.e., in the G � 100 s−1 conditions. This is
because a faster CE transition will more rapidly force theHO to adapt
her/his control behavior, as the system more rapidly becomes less
stable.
Our secondary hypothesis (H.2) is that the run-in time variation

will have no effect on the dependent measures and that all data for
these variations can be lumped together. If this hypothesis is
accepted, nine runs per “changing CE dynamics condition” will
become available, allowing an analysis of the TV12S-T5, TV12S-
T10, and TV12S-T15 data altogether as one condition, TV12S
(mutatis mutandis, TV12F).
Because the detection algorithms required hyperparameter tuning,

no hypotheses were stated regarding the (relative) performance of the
two detection algorithms and the HO detection.

IV. Results

A. Time-Invariant Runs Parameter Estimates

Using the data from the time-invariant conditions (TI1, TI2), the
five HO model parameters were estimated for each run and then
averaged over the three runs per participant. Figure 6 shows boxplots

Fig. 5 Viewof forcing functionft in theCE transition region (M) before

and after the shift in time.

Table 1 Forcing function parameters
(modified from [2]).

k nf nfωm, rad∕s Af , deg ϕf , rad

1 3 0.230 1.186 −0.753
2 5 0.384 1.121 1.564
3 8 0.614 0.991 0.588
4 13 0.997 0.756 −0.546
5 22 1.687 0.447 0.674
6 34 2.608 0.245 −1.724
7 53 4.065 0.123 −1.963
8 86 6.596 0.061 −2.189
9 139 10.661 0.036 0.875
10 229 17.564 0.025 0.604

Table 2 Experiment conditions.

No. Condition
Initial CE
dynamics

Final CE
dynamics Run-in time, s G; s−1

1 TI1 Hc1 — — 5 — —

2 TI2 Hc2 — — 5 — —

3 TV12S-T5 Hc1 Hc2 5 0.5

4 TV12S-T10 10
5 TV12S-T15 15
6 TV12F-T5 5 100
7 TV12F-T10 10
8 TV12F-T15 15
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of the parameter estimates. In this and later boxplots, the stars indicate
individual data points (eight per condition, since we have eight
subjects and averaged over three runs), the bars show the “inter-
quartile ranges,” the circles (if any) show the outliers, and the red lines
and text show the medians. Figure 6 shows that the expected changes
in operator behavior when comparing the single-integrator-like con-
dition TI1 with the double-integrator-like condition TI2 indeed
occur: the error gainKe decreases, and the lead TL increases. Similar
to the experiment of Zaal [2], our results show that the operator time
delay τ changes only slightly, from a median of 0.29 to 0.31 s. This
also implies that fixing the operator time delay in our ARX model
estimates to 0.28 s is valid, although in hindsight fixing it at 0.30
would have been better. Results of [26] indicate that biases in the
estimates are small when slightly deviating from the operator delay,
as done here. Note that because in both conditions lead was gener-
ated, this caused the HO time delay to change only slightly between
conditions, relative to a situation where no lead would be generated,

as in pure single-integrator dynamics [8]. The neuromuscular param-

eters remain fairly constant. In all parameters, individual differences

are considerable.

B. Initial Data Processing

Using the data from the time-varying conditions, a two-way

repeated-measures analysis of variance (ANOVA) was performed,

with the independent variables G and run-in time as factors to check

whether they affected the dependent measure tpush. The three repeti-
tions with the same run-in time were first averaged per condition for

each subject and then used in the ANOVA. After verifying normality

and sphericity assumptions, the ANOVA revealed no significant

effect on tpush due to run-in time (F�2; 14� � 1.92, p > 0.05), as

hypothesized (H.2). The CE transition variable G did have a signifi-

cant effect on tpush (F�1; 7� � 15.76, p < 0.05). As hypothesized

(H.1), in the conditions featuring a sudden CE dynamics change

Fig. 6 Boxplots of operator model parameters for the time-invariant conditions TI1 and TI2.

Fig. 7 Averaged time traces of control error a) and input b), median of button pushes c), and averaged time traces of identified HO parameters d–g)
(all nine TV12F runs, per subject).
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(G � 100 s−1), the participants pushed the button approximately 6 s
earlier than in the conditions with the gradual CE change (G �
0.5 s−1); this finding will be discussed further in Sec. IV.D.
This test outcome allows the trimming of the experimental data to

the final 8,192 samples, corresponding to the measurement window
Tm. Also, the run-in time levels can from this point on be regarded as

one larger set of nine measurements (three repetitions and three run-
in times) for each of the TV12S and TV12F conditions for each

subject.
Two of the measurement runs (subject 2, TV12S; subject 6, TI2)

were considered outliers and discarded because the RMS(e) values in
these runsweremore than four times higher than the averageRMS(e)
for these subjects. Hence, a total of 190 of the total 192 �8 × �6�
9� 9�� measurement runs will be analyzed in the following.
To present the identification results, the parameter traces were

averaged over those nine runs per time-varying condition (TV12S

or TV12F) for each subject. Adaptation detection is, on the other
hand, still analyzed and presented on a run-per-run basis, with con-

dition repetitions seen as separate results.

C. Online HO Parameter Estimation

The average tracking and identifiedHOparameter traces per subject

are shown in Figs. 7 and 8 for conditions TV12F and TV12S, respec-
tively. In these two figures, subfigure (a) shows the operator (visual)
input e, and subfigure (b) shows the operator output (stick deflection)
u. Regarding tracking performance, a performance degradation
(higher RMS(e), see Figs. 7a and 8a) and increase in control effort

(Figs. 7b and 8b) can be seenwhen transitioning from the initial single-
integrator-like CE dynamics to double-integrator-like dynamics, i.e.,

for t > M. This result can be expected from ample earlier experiment

results (e.g., [8]).
Regarding the parameter estimate traces, a clear and expected

increase in K _e (Figs. 7e and 8e) can be seen for all subjects in both

conditions, sometimes more than 100%, showing that our partici-

pants indeed started to generate more lead when the CE dynamics

changed to double-integrator-like after the moment of transition M.

The expected decrease in Ke (Figs. 7d and 8d) is less evident and

depends more on the subject. The neuromuscular damping notice-

ably decreases after the transition (Figs. 7f and 8f), which can be

explained by the operator attempting to create more phase margin in

the crossover region with double-integrator-like dynamics. Note that

all these parameter estimates may include an unknown bias due to the

unknown remnant, as explained in Sec. II.B. For “real” HO tracking

data presented here, however, no ground truth is available, and these

biases cannot be computed.

D. Subjective, HO Adaptation Detection Accuracy, and Lag

Figures 7c and 8c show the median of the button push times for

each subject and will be analyzed from a performance and detection

lag perspective. All HO button push results are listed in Table 3,

according to their correctness for each respective condition, and are

summarized in Table 4. Note that the time-invariant conditions TV1

and TV2 have no TP and FP (as never a change occurs) and should

ideally only have TNs. The time-variant conditions TV12S and

TV12F had no TN (as always a change occurs) and should ideally

only have TPs.
The FPs were mainly incorrect pushes for the time-invariant con-

ditions (15 for TI vs 5 for TV), with a majority in the TI2 condition

Fig. 8 Averaged time traces of control error a) and input b), median of button pushes c), and averaged time traces of identified HO parameters d–g)
(all nine TV12S runs, per subject).
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(12). Here, the more difficult double-integrator-like dynamics may

have confused subjects in detecting a changed CE. After debriefing,

subject 4 indicated to be unaware of the option to not push the button

during a run, resulting in six of the recorded FPs (3 in TI1, 3 in TI2);

see Table 3. When subjects made a detection mistake, they often

immediately told the experimenter (not shown). The accuracy in the

TI runs was 68% (without subject 4, 78%).

FNs (12 in total) were spread among subjects and were equally

spread over the TV12S (6) and TV12F (6) conditions, and thus no

direct effect was found of G. The detection accuracy, as defined in

Eq. (16), of the HOwas 83% for all conditions (158∕190), 88%when

considering only the time-varying conditions (126∕143).
By comparing the button push time with the moment of transition

M, detection lags can be calculated. Their distribution for all subjects

is shown in Fig. 9 for both time-varying conditions. Condition

TV12F had a lower median detection lag (median 5.2 s) than

TV12S (median 11.4 s). A dependent t-test showed that this differ-

ence is indeed significant (t�7� � −3.63, p < 0.05). This supports
hypothesis H.1, which stated that HOs detect a change earlier (about

6 s in our experiment) when the CE dynamics transition occurs

instantaneously.

The lower detection lag for TV12F makes sense, as the CE

transition completion time in TV12S is much longer (≈15 s) than
for TV12F (≈0.35 s). The slow CE change does not provide the HO

the same opportunity to detect the transition, which is confirmed

when plotting the distribution of button pushes against the sigmoid

completion percentage (Fig. 10): the vast majority of button pushes

occurred in the final 5% of the sigmoid change.

E. Objective, TICA, and MA Adaptation Detection Accuracy

1. Detection Procedure

To illustrate the working principle of the two adaptation detection
algorithms, typical example results for two different TV12F condi-

tion runs are shown in Figs. 11 and 12 for the TICA andMAmethods,
respectively. The initial hyperparameters for both methods (δKe �
0.06, δK _e � 0.022, ΔT � 3 s, and for MA, ns � 1;500) were heu-
ristically based onvisual inspection of the nature and variability of the
estimated HO model parameter traces.
In these figures, three levels of the detection calculations are

shown. First, the unfiltered detections are given, which are triggered
whenever the estimated parameter trace (shown in red) is outside of

the blue-shaded reference band (Figs. 11e and 12e). With the TICA
example, the more variable Ke estimates lead to more false detec-

tions. Second, the detections that use the ΔT threshold are shown

(Figs. 11f and 12f). Third, only the first occurrences of such detec-
tions are kept, resulting in the (blue) step signal of Figs. 11g and 12g.

Per method, this filtering is performed for both the Ke and K _e

parameter traces. In the MA example, Fig. 12, no detection was in
the end found based on the Ke parameter trace since Ke never

exceeded the reference band for longer than ΔT s, yielding an FN.

2. Detection Accuracy Optimization

Two hyperparameter tuning iterations were performed to obtain the
best performance of the TICA andMAmethods. Setting (δKe � 0.05
and δK _e � 0.02) and (δKe � 0.025 and δK _e � 0.012) for the TICA
and MA methods, respectively, and ΔT and ns unchanged, yielded a
minimum MSE [Eq. (14)]. Table 5 shows the final results.
Bothmethods perform best using the (K _e� parameter estimate trace,

which was expected.When using this trace for detection, performance

remains the same for both the rapidly changing (TV12F) and slowly

changing (TV12S) CE condition. TICA performs best, with 57–58%
accuracy, compared to MA, with 42–43% accuracy, when using the

(K _e� trace. The MA method has ≈9% more FPs and ≈6% more FNs

than TICA.

F. Comparing Subjective and Objective Detection Lags

With the objective detection methods optimized, their perfor-

mance in terms of timing (i.e., the moment a detection is made) can
be compared with the subjective HO detection.¶ Figure 13 shows

the distribution of detection lags for all TP cases of the subjective
HO detection (top, with some outliers not shown in the TV12S

condition) and the MA and TICA detection methods. For the latter,

only theK _e-trace input cases are shown, as these yield themost TPs.
In the MA and TICA figures, the thick gray vertical line shows the

HO detection time median for ease of comparison.
To check the significance of the comparison, independentWelch’s

t-tests were used. This test can deal with different sample sizes in the

compared groups. This is required because the number of runs in each
boxplot is not the same, since only runs with a TP detection for the

subjective and objective detection methods are included. Further-

more, the test should be independent since a TP HO detection and a
TP detection by one of the methods are independent events.
In the TV12F condition, median detection lags are in the same

order of magnitude (around 5 s) for both HO and the algorithmic
methods. Differences between the HO and the TICA method

Table 3 Analysis of all HO button pushes (all subjects, all
conditions).

Condition TI1 TI2 TV12S TV12F

Result FP TN FP TN TP FN FP TP FN FP

Subject 1 0 3 0 3 9 0 0 9 0 0
2a 0 3 1 2 6a 2a 0a 7 2 0
3 0 3 3 0 7 1 1 8 1 0
4 3 0 3 0 7 0 2 6 2 1
5 0 3 2 1 7 1 1 9 0 0
6a 0 3 1a 1a 9 0 0 8 1 0
7 0 3 1 2 8 1 0 9 0 0
8 0 3 1 2 8 1 0 9 0 0
totals 3 21 12 11 61 6 4 65 6 1

aOne run discarded for subjects 2 and 6.

Table 4 Summary of all HO button pushes, including the

detection accuracy.

CondiKon, result TP TN FP FN sum Acc, %

TI conditions —— 32 15 —— 47 68
W/o subject 4 —— 32 9 —— 41 78
TV conditions 126 —— 5 12 143 88
all conditions 126 32 20 12 190 83

0 5 10 15 20 25 30 35 40 45

TV
12

F

5.2 N = 65

0 5 10 15 20 25 30 35 40 45
detection lag, s

TV
12

S

11.4 N = 61

Fig. 9 Distribution ofHOdetection lags (all subjects,TV12FandTV12S
conditions).

Fig. 10 Percentage of sigmoid transition completion required to trigger
HO detection (TV12S).

¶Note that the FP definition for themethods is stricter than for the subjective
HO adaptation detection, as the former detection must be within 20 s (see
Sec. II.C.2).
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a)

b)

c)

d)

e)

f)

g)

Fig. 11 Adaptation detection traces using TICA.

a)

b)

c)

d)

e)

f)

g)

Fig. 12 Adaptation detection traces using MA.
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(t�103.1� � −1.62, p > 0.05) and between the HO and the MA
method (t�79.4� � 0.0016, p > 0.05) are not significant.
In the TV12S condition, both objective methods outperform the

HO in howquickly they detect the adaptationwhen taking themedian
as the central measure. That is, they detect the HO adaptation earlier
than the HOs’ button presses: the MAmethod is approximately 4.4 s
faster (a significant effect: t�83.2� � 2.68, p < 0.05); the TICA
method is approximately 1.4 s faster (not significant t�97.0� �
1.42, p > 0.05).
It can be concluded that TICA is more accurate, but consistently

later, than MA in its detection. Humans are more accurate but slower
in their detection of the more gradual changing dynamics
(G � 0.5 s−1). For fast-changing dynamics (G � 100 s−1), the HO
has superior performance accuracy while being just a fraction slower
than the objective methods. Note that in this setup, whereas the HO
indicates a change in either perceived changes in the CE dynamics or
in his/her adaptation to these changes, the objective method detects a
change in the estimated HO dynamics alone.

V. Discussion and Recommendations

The feasibility of online human control model identification and
adaptation detection is investigated using recursive ARX model
identification.An experimentwas performedwhere theCEdynamics
were either single-integrator-like, double-integrator-like, or changed
from the former to the latter at some unpredictablemoment during the
compensatory tracking run. Subjective data on when the participant
detected the dynamics transition were obtained. The estimated time-
varying HO control behavior parameter traces were used by two
algorithms to objectively detect when the operator starts adapting.
The dynamics transition occurred fast or slow, and our main hypoth-
esiswas that both subjective and objective detectionswere earlier and
more accurate for faster transitions.

A. Online, Time-Varying HO Identification

Recursive ARX is indeed a feasible online identification method
for time-varying HO dynamics, extending earlier work [26] to real-
time applications. To the best of our knowledge, for the first time, HO
parameter variations were estimated online and are shown as a
function of time. The operator’s equalization parameters (error gain
Ke, error-rate gain K _e, with the latter representing the operator lead)
and neuromuscular limitations (natural frequencyωnm, damping ζnm)
were found to vary as expected: when transitioning from single-
integrator-like to double-integrator-like dynamics, the error-rate gain
significantly increased, requiring to maintain a stable control system.
The time delay in the HOmodel was fixed to 0.28 s, which showed

to be close to the delays identified in the time-invariant k∕s-like
(average 0.29 s) and k∕s2-like (0.31 s) conditions. In contrast to
McRuer and Jex [1967], who found an increase of 150 ms when
comparing the time delay between their pure integrator and double-
integrator dynamics, our results confirm those of Zaal [2016]. Tenta-
tively, the fact that in our experiments pilots were found to generate
lead in both conditions led to approximately the same time delays.
Results are promising, but significant steps still need to be made.

First, the current method yields estimates of parameters of a simple
model aiming to capture human behavior, and while these estimates
are obtained in real timewe have no “ground truth” to verify whether
the estimates are correct. This fundamental problem exists, however,
for all identification techniques applied to experimental HO data.
Biases can only be investigated using computer simulations of a
known, simulated, time-varying HO model [26]. Second, the HO
time delay cannot be identified online, since inARXmodels the delay
parameter (shift nk) cannot be included in the RLS update. Future
work focuses on obtaining an estimate of the HO time delay in real
time, for instance, using an approach where multiple ARX models
with different nk values are identified at the same time and evaluating
which model captures the observed HO behavior best.

B. Objective Adaptation Detection

Two algorithms were developed to detect HO adaptation using the
estimated time traces of either theHOmodel error gainKe or the error-
rate gainK _e. While TICA created a fixed band of average gains based
on a priori time-invariant data, theMAmethod used a running average
of current gain estimates. Adaptation was considered “detected”when
the current estimate of the gainwas outside this fixed (TICA) or slowly
changing (MA) band for 3 s, with the latter based on a hyperparameter
optimization. Both methods showed the best performance when oper-
ating on the error-rate gainK _e, the parameter trace showing the largest
changes after transition, as mentioned above. Hence, our work clearly
indicates that one should aim to capture the HOparameters that are the
most likely to change, and to a significant extent (in magnitude), to
become observable from the tracking data.
Both algorithms required hyperparameter tuning anddidnot achieve

a level of accuracy that directly enables practical applications. Tenta-
tively, theHO ismorevariable and noisy than generally assumed in our
time-invariantmodeling efforts. Analyzing the data run by run showed,
for instance, that some subjects did not track the forcing function very
well during some parts of the run, causing the HO parameter estimates
to move outside the reference band quickly while the CE dynamics
were the same. Tentatively, the algorithmswere successful in detecting
(intervals of) operator performance degradation, but were penalized in
our approach as it focused on behavioral changes induced by a change
in CE dynamics. Inherent fluctuations in the operator estimates were
less consistent than expected, leading to a considerable number of FPs
or FPs, impairing the algorithms’ performance.
The MAmethod has three advantages over TICA, as it uses a past

window of the current identified parameter trace for change detec-
tion: i) no prior measurements are needed, ii) it can be used online,
and iii) it has no prior assumptions and continues to detect HO
adaptation to different changes in CE dynamics. A disadvantage of
both methods is that an interval of data is needed (here 3 s) to avoid
too many FPs, causing detection delay.
Possible avenues to improve on these results could be to simulate

and test with (transitioning or constant) pure SI to pure DI dynamics,

Table 5 Detection accuracy, TICA, and MA methods
(time-varying conditions only).

Condition Method Parameter TP FP FN sum Acc, %

TV12F TICA Ke 16 41 15 72 22

K _e 41 24 7 72 57

MA Ke 9 50 13 72 12

K _e 31 30 11 72 43

TV12S TICA Ke 11 36 24 71 15

K _e 41 22 8 71 58

MA Ke 9 48 14 71 13

K _e 30 29 12 71 42

0 5 10 15 20 25 30

H
O

TV12F

5.2 N = 65

0 5 10 15 20 25 30

M
A

4.6 N = 31

0 5 10 15 20 25 30
detection lag, s

TI
C

A

6.4 N = 41

0 5 10 15 20 25 30

H
O

TV12S

11.4 N = 61

0 5 10 15 20 25 30

M
A

6.9 N = 30

0 5 10 15 20 25 30
detection lag, s

TI
C

A

9.9 N = 41

Fig. 13 Detection lags of TP detection of the HO and optimized TICA
and MA methods (all subjects).
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as in the current experiment subjects may have also applied consid-
erable lead in the single-integrator-like condition (TL ≈ 1∕6 �
0.17 s). Both detection algorithms only consider one of the four
possible parameters, and it is worthwhile to pursue methods that
use them all at the same time. Methods could be further improved by
performing more extensive hyperparameter tuning, including a
training/validation data split. Although tuning per subject could be
warranted for certain applications to improve detection accuracy, this
requires much more data. Overall, we conclude that the current
performance is not spectacular and several tuning issues remain.
As a final note, this paper discussed the hyperparameter tuning of

the TICA and MA algorithms; both were only tested offline. How-
ever, with the tunings obtained, both algorithms can be applied online
without further work.

C. Adaptation Detection Performance: Timing and Accuracy

Regarding the timing of the adaptation detection, ourmain hypoth-
esis, that detection occurs fasterwhen theCEdynamics transition fast
(a high G-value), is confirmed for both the subjective and objective
detections. Both objective algorithms yield the highest accuracy
when applied to the error-rate gain parameter.When only considering
the true positives, the MA method is always faster than TICA and
subjective HO detection, especially for the slow-changing CE tran-
sition (6.9 s vs, respectively, 9.9 s and 11.4 s). In the fast-changing
CE transition, the HO detection (5.2 s) lies in between TICA (6.4 s)
andMA (4.6 s). So when it comes to detection speed, the algorithms
perform quite well and even detect operator adaptation before the
operator detects the CE to change, especially when the dynamics
transition occurs slowly. In fact, in the latter case, 95% of the HO
detections occurred in the final 5% of the dynamics transition.
Regarding the accuracy of detection, the HO outperforms both

algorithms in the time-varying runs (88% vs 57% (TICA) and 42%
(MA)). The main reason for the lower accuracy of both algorithms is
that they showmany more FPs. For both the subjective and objective
detections, there is no effect of fast or slow CE transitions on
accuracy. This contradicts our main hypothesis, which stated that
detection would be more accurate when the CE dynamics change
rapidly. In contrast, the HO and TICA/MA detection accuracy is
remarkably similar for the slow- and fast-changing CE transitions.
Concluding, the TICA and MA methods do not match the detection
qualities of the HO yet. When considering only the TPs, the latter
methods could be sufficiently quick and accurate to detect HO
adaptation to drive adaptive HO support systems. Whereas TICA is
more accurate, the MA method achieves lower detection lags.
Note that, in our experiment, the participants were instructed to

detect possible changes in theCEdynamics: theywere aware, alert, and
also expected a change to occur as this happened in the majority of
conditions (75%). In more realistic situations, certainly in the case of
actual operation, pilots are not aware, do not expect a change, and may
react to such change in a differentway.The two algorithms, on the other
hand, do not depend on any expectations; they simply work on the
estimated parameters that are fed to them. Comparing the algorithms’
performance to the operator’s performance in correctly detecting
changes may therefore have been tilted in favor of the operator in the
current experiment. The changes in operator behavior in real operation,
reacting to an unexpected change in CE dynamics, may be larger and
more easily identified by the algorithms. This is a topic of future work.

D. Further Research

The ARX-based identification method needs to be compared with
other approaches reported in the literature [16,18,19,23–25], includ-
ing estimates using neural networks [33,34]. Comparing the perfor-
mance of methods, e.g., in terms of bias and variance of the obtained
HO model parameters, can only be investigated through (massive)
computer simulations. Special attention should be given to simulat-
ing representative HO remnant models and representative levels of
HO nonlinearity and time-varying state. In this respect, as the authors
of [26] and [29] have convincingly shown, the coupling of the HO
dynamics and HO remnant model in the ARX model structure leads
to biased parameter estimates. Therefore, other model structures,

such as ARMAX or Box–Jenkins, which allow more degrees of
freedom to resolve this coupling issue [32], must be investigated
and made applicable in real time.
Second, all adaptation detection results presented in this paper

could depend on the specific excitation caused by the single forcing
function in the compensatory tracking task considered. Further
research should investigate the effects of forcing function properties
on time-varying HO adaptation and detection performance, bearing
in mind that, in a realistic task, no similar excitation might happen.
Applying the developed methods to control tasks with a different

kind of time-varying element could investigate the general usability
of the adaptation detection methods. Compared to earlier work [6],
the CE dynamics transition investigated in this paper (replicating
Ref. [2]) was relatively benign. Better performance can be expected
for more drastic transitions in CE dynamics (like a sign change [6])
requiring immediate and significant HO adaptation. From the per-
spective of actual operational use, however, picking up on more
subtle changes (in the CE and operator dynamics, in the transition
time) would be more relevant for the development of support sys-
tems. The current results show that indeed these slower changes
require more time to detect than faster changes.
Perhaps more important would be to change the control task

altogether and move to more relevant and realistic tasks with pursuit
or preview displays. Not only is compensatory tracking an exception
in real-life human control and not the rule [12], it can also be expected
that human and algorithmic detection of adaptationwill improvewith
a pursuit (or preview) display, as here the operator can directly see the
result of one’s control actions on the CE, whereas with a compensa-
tory display these are not directly shown and have to be inferred from
the error signal.
Possible applications for the adaptation detection methods are

attention monitoring and adaptive HO support systems (e.g., haptic
feedback [4]). Our current results show that, for these applications to
work, a proper weighing will need to be found between reducing the
amount of FPs or FNs, at the cost of TPs. Although hyperparameter
tuning can be used to emphasize FP or FN suppression as much as
possible, the severity of an erroneous detection in realistic settings will
determine which classification errors should be reduced the most.
Thispaper shows that even in a simple, one-dimensional control task,

where the pilot has one input and one output, automatically detecting
HO behavior changes is challenging. Without adequately matched
adaptations, the highly variable behavior of humans in realistic control
conditionsmay severely hamper the potential of such adaptive systems,
as anymismatched adaptationswill quickly reduce anoperator’s trust in
and acceptance of these systems. Given the variability in human
behavior, even in simple tracking tasks, developing trustworthy, accept-
able human–automation teaming systems seems a daunting challenge,
requiring significant advancements in the state-of-the-art.

VI. Conclusions

The feasibility of online time-varying HO model parameter esti-
mation using recursive ARXmodel fits has been demonstrated. Two
methods to detect pilot adaptation using the recursively estimated
operatormodel parameter traces, TICA andMA,were developed and
tested. Data from a human-in-the-loop experiment with time-varying
CE dynamics were used for validation. Results show that pilots
(instructed to detect changes) correctly detected 88% of dynamics
changes when they occurred. The objective detection methods were
less accurate, 58% at best. When only considering the correct detec-
tion of pilots and algorithms, results show that for gradual CE
dynamics changes, the MAmethod detects pilot adaptations approx-
imately 4.5 s earlier than pilots do (6.9 s vs 11.4 s). For the fast
dynamics transition, the detection lags of algorithms and pilots are
similar (≈4.6–6.4 s). The observed variability in pilot control behav-
ior, even in a simple one-dimensional compensatory tracking task,
leads to a consistently high number of FPs of the detection algo-
rithms. Developing adaptive pilot support and monitoring systems
for more realistic manual control tasks require significant advance-
ments in the state-of-the-art.
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