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Abstract

Human interaction with time-varying systems is commonplace these days. Driving a car or piloting
an aircraft are examples of such human-machine interactions, where the human operator must adapt
his control strategy to the changing dynamics of the system. However, changes in control dynamics of
the human operator may also be induced by internal factors, namely fatigue, boredom or even a sudden
scare. Therefore, the search for a suitable method that can correctly and sharply identify these changes
in the operator dynamics is of the highest importance. In this work, a novel application of the Linear
Parameter Varying (LPV) framework to the human operator in single-loop time-varying tracking tasks
and subsequent time-varying identification with a Predictor-Based Subspace Identification (PBSID)
algorithm is tested. Additionally, two experimentally determined Scheduling Functions, derived
from the measured output of the human operator, are tested regarding their model identification
performance. A simulation analysis with offline testing based on a recent experimental study was setup
and the PBSID algorithm was used to identify the human operator model in different conditions. The
results obtained from offline Monte Carlo simulations show good overall model identification, but high
noise realization sensitivity. The results further show the possibility of increased freedom in human
operator parameter evolution over time when using the LPV framework. An experimental Scheduling
Function obtained from zero-phase filtering the second derivative of the human operator output signal
was found to capture the time-variation in human operator dynamics, with equivalent accuracy as
obtained with analytical Scheduling Functions.
Keywords: LPV, PBSID, time-varying identification, human-machine, scheduling variable

1. Introduction

When controlling complex machinery such as an air-
craft, the human operator must constantly employ
the best control strategy at a given instant. This
strategy emerges from the need to correct the be-
haviour of the aircraft by interacting with its inputs:
a human-machine interaction, where the human op-
erator effectively acts as an in-the-loop controller of
the aircraft. Therefore, it is of paramount impor-
tance to mathematically model the pilot as a dy-
namic system, not only to understand and try to
predict its response in familiar or unforeseen situa-
tions, but also to enhance its training and improve
the quality of flight simulator facilities.

The very beginnings of human-machine inter-
action studies may be traced to the work devel-
oped by McRuer et al. [2, 7]. Ever since, exten-
sive research has been done on the identification
of the human operator in-the-loop, in both simple
single-channel and complex multi-channel tracking
tasks [8,11,13,17], in most cases with constant con-
trolled element dynamics. An increased interest in
time-varying modeling of the human operator has

been emerging, supported on the reasoning that in
real-life situations very frequently the human opera-
tor needs to adapt himself, either due to a controlled
element dynamics that changes over time [20, 21]
(for example, an aircraft that stalls, or suffers struc-
tural damage), or simply due to accumulated fa-
tigue, momentary distractions or even the boredom
experienced while performing a task.

Numerous time-varying identification techniques
have been proposed and previously tested, not
only for human-in-the-loop identification purposes,
but also for industrial-oriented applications [3, 5,
6, 9, 15, 16, 19, 22]. Within the human in-the-loop
framework, recursive least-squares, maximum like-
lihood and wavelet transform analysis algorithms
have been implemented [5, 9, 15, 22]. On the other
hand, the Linear Parameter-Varying (LPV) system
class has been successfully studied and applied for
the identification of time-varying behavior of indus-
trial systems [3, 6, 16, 19]. An LPV model assumes
the system dynamics change over time and de-
pend exclusively on measurable external variables,
called Scheduling Variables. A promising example
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of an LPV system identification technique is the
Predictor-Based Subspace Identification (PBSID)
algorithm, developed and optimized by Chiuso and
Van Wingerden et al. [1, 18], and having already
been applied for wind turbine LPV identification,
with encouraging results. [19]

The innovative use of the LPV framework to iden-
tify time-varying human neuromuscular admittance
dynamics for steering tasks using the grip force on
the steering wheel as Scheduling Variable has re-
cently yielded promising results [12]. However, LPV
framework application and subsequent identifica-
tion of the human in-the-loop operator in aeronauti-
cal tracking tasks is still fairly unexplored territory,
as selecting an appropriate1 Scheduling Variable in
this context is not a trivial problem.

Most recently, Zaal used a genetic MSE algorithm
to identify the adaptation of test subjects to chang-
ing controlled element dynamics [20]. However,
the assumption that the human operator dynamics
change according to the same function that defines
the controlled element dynamics change limits the
potential for capturing possible non-mapped details
and nuances in the evolution of the operator dy-
namics over time. Due to its reliance on an explicit
and possibly experimental Scheduling Variable, the
LPV framework could provide an increased freedom
in human operator identification, by not requiring
strict assumptions on the time-variation of the pa-
rameters of the human operator.

The goal of this work thus is to assess the via-
bility of adapting and applying the LPV framework
and PBSID algorithm to the time-varying human
operator identification problem.

Therefore, this work has the following structure.
In Section 2, the fundamental mathematical basis of
the PBSID algorithm is described. Section 3 intro-
duces the Zaal setup and offline testing conditions
that are used to achieve the goal of the paper. In
Section 4, the results of the PBSID algorithm tun-
ning and offline Monte Carlo simulations for all test-
ing conditions are presented and discussed. Finally,
the relevant conclusions are presented in Section 5.

2. Background - The PBSID algorithm

The chosen algorithm for the identification of the
human operator LPV model is the Predictor-Based
Subspace Identification (PBSID) [19]. This sec-
tion briefly explores its mathematical fundamentals.
The following description is based on Refs. 19 and
18.

A Linear Parameter-Varying (LPV) system state-
space model with parameter-independent output

1Accurate, low-noise and sensitive to changes in system
dynamics.

equation may be modeled by Eq.(1).

xk+1 =

m∑
i=1

µ
(i)
k

(
A(i)xk +B(i)uk +K(i)wk

)
(1a)

yk = Cxk +Duk + wk (1b)

where k represents the discrete time unit and m
is the number of considered Scheduling Variables;
xk ∈ <n, uk ∈ <r and yk ∈ <l are, respectively,
the state, input and output vectors. The matrices
A(i) ∈ <n×n, B(i) ∈ <n×r, C ∈ <l×n, D ∈ <l×r
and K(i) ∈ <n×l are, respectively, the dynamics,
input, output, feedthrough and error intensity ma-
trices. The vector µ(i) ∈ < is the Scheduling Func-
tion (SF), and is comprised of the timed samples
k of the ith Scheduling Variable (SV). The white
innovation process, wk ∈ <l, has zero mean and ac-
counts for the error committed when approximating
the output yk with its prediction ŷk, in a one step
ahead predictor framework (Eq.(2)).

xk+1 =

m∑
i=1

µ
(i)
k

(
Ã(i)xk + B̃(i)uk +K(i)yk

)
(2a)

yk = Cxk +Duk + wk (2b)

where Ã(i) = A(i)−K(i)C and B̃(i) = B(i)−K(i)D.
The main goal of the algorithm is to introduce

a factorization which separates the to-be-identified
system matrices from the to-be-assumed scheduling
sequence. Before achieving it, however, some defi-
nitions need to be introduced:

• The extended time-varying controllabil-
ity matrix

The transition matrix for discrete-time time-
varying systems may be defined as in Ref. 14:

φp,k = Ãk+p−1...Ãk+1Ãk (3)

where p is defined as the past window of col-
lected data.

Using Eq.(3), and grouping the matrices B̃ and

K as B̆k =
[
B̃k Kk

]T
, B̄(i) =

[
B̃(i) K(i)

]
,

the extended time-varying controllability ma-
trix is defined as:

K̄pk = [
(
φp−1,k+1B̆k

)
, . . . ,

(
φ1,k+p−1B̆k+p−2

)
,(

B̆k+p−1

)
]

(4)

• The extended time-invariant controlla-
bility matrix
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The operator L is introduced, which allows for
the systematic multiplication of matrices Ã and
B̄, in permutations:

L1 =
[
B̄(1), . . . , B̄(m)

]
(5)

Lp =
[
Ã(1)Lp−1, . . . , Ã(m)Lp−1

]
(6)

where m represents the number of SVs. Us-
ing this operator, the LPV extended time-
invariant controllability matrix may be con-
structed ( Eq.(7)).

Kp =
[
Lp, Lp−1, . . . , L1

]
(7)

• The Scheduling matrix

The Scheduling matrix N is introduced, ag-
gregating the scheduling sequence within the
range of the past window p:

N p
k =


Pp|k 0

Pp−1|k+1

. . .

0 P1|k+p−1


(8)

where Pp|k = µk+p−1 ⊗ µk+p−2 ⊗ · · · ⊗ µk ⊗ I,
and ⊗ represents the Kronecker matrix prod-
uct.

Finally, the desired factorization of the time-
varying extended controllability matrix is achieved:

K̄pk = Kp︸︷︷︸
unknown

·
known︷︸︸︷
N p
k (9)

Note that Kp depends on the unknown system
matrices and N p

k depends exclusively on the known
scheduling sequence. Consequently, the state equa-
tion for the modelled states may now be written
as:

xk+p = φp,kxk +KpN p
k︸ ︷︷ ︸

K̄p
k

z̄pk (10)

where z̄pk =
[
zk zk+1 ... zk+p−1

]T
and zk =[

uTk yTk
]T

. If the system is uniformly exponen-
tially stable, φj,k ≈ 0 for all j > p, as the influ-
ence of the transition matrix outside the considered
past window is assumed to be negligible. This ap-
proximation becomes perfect for p→∞, but might
result in biased estimates for finite p [19]. Conse-
quently:

xk+p ≈ KpN p
k z̄

p
k (11a)

yk+p ≈ CKpN p
k z̄

p
k +Duk+p + wk+p (11b)

Now, the known data is stacked in matrices:
Ui = [up+i, . . . , uN−f+i+1] ,
Yi = [yp+i, . . . , yN−f+i+1] ,

Zi =
[
N p+i

0 z̄p+i0 , . . . , N p+i
N−p−f z̄

p+i
N−p−f

]
.

If the matrix
[
ZT UT

]T
has full rank the fol-

lowing linear regression may be solved, to estimate
CKp+i and D:

min
CKp+i,D

‖ Yi −
(
CKp+iZi +D Ui

)
‖2 (12)

However, the state sequence cannot be directly
estimated. So, firstly the extended observability
matrix is constructed:

ΓF =


C

CÃ(i)

...

C
(
Ã(i)

)F−1

 (13)

where F denotes the future window of predicted
data. The product of the extended observabil-
ity and controllability matrices is then computed
(Eq.(14)) using Eq.(13), relation Eq.(15) and the
estimation of CKp+i, previously obtained solv-
ing Eq.(12).

ΓFKp =


CLp · · · CL1

CÃ(1)Lp · · · CÃ(1)L1

...
. . .

...

C
(
Ã(1)

)F−1

Lp · · · C
(
Ã(1)

)F−1

L1


(14)

CKp = [CLp, CLp−1, . . . , CL1] (15a)

CLp =
[
CÃ(1)Lp−1, . . . , CÃ(m)Lp−1

]
(15b)

The extended observability matrix multiplied by
the state sequence (ΓFKpZ) is then computed, and
the state sequence X̂ = KpZ is estimated by per-
forming a Singular Value Decomposition:

Γ̂FKpZ =
[
W W⊥

] [ΣN 0
0 Σ

] [
V
V⊥

]
(16)

where ΣN denotes a diagonal matrix contain-
ing the N largest singular values and V are the
corresponding singular vectors. By selecting only
the largest singular values, a reduced number of N
states can be estimated:

X̂r = ΣNV (17)

Since the states, the input, the output, the
feedthrough and the scheduling sequence are now
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known, the remaining system matrices can be de-
termined from Eq.(1).

While the LPV model structure and PBSID al-
gorithm have been successfully used for the identi-
fication of wind turbines [18,19], this paper focuses
on their usage for the purpose of human operator
identification in a simple single-axis tracking task
in an aeronautical context.

3. Implementation
3.1. Tracking Task
The manual control scenario which serves as the
basis for the identification algorithm testing is that
presented in Ref. 20, with minor adjustments to bet-
ter fit the purpose of LPV algorithm testing. The
block diagram of the pitch control task used to ob-
tain the identification data is shown in Figure 1.

Hn(s)

Hp(s, µ) Hc(s, µ)
ft

−

e

W

u θ

+

++

Human Controller

Figure 1: The pitch control task used for testing.

The simplified aircraft pitch dynamics (Hc) and
the linear human operator controller and neu-
romuscular dynamics (Hp) are assumed to have
time-varying parameters according to a predefined
Scheduling Variable µ, while the human operator
remnant filter (Hn) is assumed to be time-invariant.
Furthermore, ft represents the used sinusoidal forc-
ing function and W is a pseudo-white noise signal.

3.2. Scheduling Function
In Ref. 20, the time-varying parameters of Hc and
Hp were changed over time according to the sigmoid
function:

P (t) = P1 +
P2 − P1

1 + e−G(t−M)
(18)

where P1 represents the initial value of the generic
parameter P and P2 its final value. G is the max-
imum rate of change of the parameter and M is
defined as the time (in seconds) at which it occurs.

For testing purposes, this sigmoid function was
defined as the reference analytical scheduling func-
tion µA1

, by introducing the following relation:

µA1
(t) =

1

1 + e−G(t−M)
=⇒

P (t) = P1 + (P2 − P1) · µA1
(t)

(19)

where µA1
denotes, from now on, the reference ana-

lytical Scheduling Function within the LPV frame-
work. Fixed G = 0.5 s−1 and M = 50 s were used.

The corresponding time variation of µA1
is repre-

sented in Figure 2.
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Figure 2: The sigmoid scheduling function µA1 ,
used for reference testing purposes.

3.3. Controlled System Dynamics
The controlled dynamics, represented in Figure 1 as
Hc, is defined by the transfer function:

Hc(s, µ) =
Kc(µ)

s2 + ωb(µ)s
(20)

where both the break frequency wb and the static
gain Kc change over time according to the relation
presented in Eq.(19). The initial and final param-
eter values were set according to Ref. 20.

3.4. Linear Human Operator Dynamics
According to the human operator model developed
by McRuer et al. [7], the human operator is ex-
pected to close the loop in a way that the closed-
loop frequency response approximates that of a
single-integrator system, around the crossover fre-
quency. In this case, the human operator compen-
sation dynamics is expected to be mostly a gain in
the early stages of the simulation, and both a gain
and a lead component in the later stages of the sim-
ulation: a result verified in Ref. 20.

Hence, for the linear human operator model Hp,
a time-varying visual gain Kv, a time-varying first-
order term Ks, a constant visual delay τv and neu-
romuscular limitations ωnm and ζnm are assumed,
as shown in Eq.(21). [20]

Hp(s, µ) = [Ks(µ)s+Kv(µ)] · e−sτv

× ω2
nm

s2 + 2ζnmωnms+ ω2
nm

(21)

where both Kv and Ks change over time according
to Eq.(19), with initial and final conditions accord-
ing to the results obtained by Zaal [20].

3.5. Non-Linear Human Operator Dynamics
The non-linear human operator dynamics was simu-
lated by having a pseudo-white noise signal W pass-
ing through a low-pass remnant filterHn. This filter
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was defined as Hn = Kn/ (0.2s+ 1), and the gain
Kn was chosen so that the power of the remnant sig-
nal in the initial single-integrator dynamics phase of
the simulation, Pn = σ2

n/σ
2
u, is as desired. Since no

time variation of Kn is assumed, a lower remnant
signal power towards the end of the simulation en-
sues, as the controlling activity increases. The re-
sulting filtered white-noise signal is then added to
the linear response of the human operator, to pro-
duce its output u.

3.6. Scheduling Function Tests

In the LPV framework, the Scheduling Function is
critical, as it directly drives the time variation of the
modelled system dynamics. [18]. For the LPV iden-
tification of a human controller, a suitable, measur-
able Scheduling Variable must be found, so that a
Scheduling Function that reflects the change in dy-
namics of the human operator can be constructed.

Therefore, the Scheduling Function tests focus on
comparing different Scheduling Functions regarding
their performance on the identification of the LPV
model, with data collected from Monte Carlo runs
of 100 noise realizations each, and with respect to
three regions of interest (Figure 3).

I II III
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Figure 3: The three regions of testing assessment,
with µ represented.

In Region I, the human operator equalization is
predominantly a gain; Region II is the transition
region; in Region III, the human operator dynamics
is the combination of a gain and lead compensation.

As Region II is the crucial transition phase in be-
tween dynamics, the VAF and Correlation between
Scheduling Functions results were obtained for the
full simulation and for the transition Region II. The
parameter estimation bias results were obtained for
all of the regions (I - III).

Four Scheduling Functions were selected for test-
ing: two of analytical origin (µA) and two of exper-
imental origin (µE).

• Analytical Scheduling Function µA1
(Fig-

ure 4(a)) is the reference Scheduling Function,
previously defined in Section 3-3.2.

• Analytical Scheduling Function µA2
(Fig-

ure 4(a)) consists on the Scheduling Function
µA1

with a ”perturbation” added to it. This
perturbation is a Gaussian curve with average
at 50 seconds, standard deviation of eight sec-
onds and amplitude of 0.6.

• Experimental Scheduling Function µE1

(Figure 4(c)) is based on the second derivative
of the human operator output, ü. Figure 4(b)
indicates that ü might hold crucial information
about the evolution of the human operator sys-
tem dynamics over time. However, to be usable
as a Scheduling Function, the raw data of ü
had to undergo some post-processing. Here, ü
was treated with successive RMS filterings [4],
where a movable filtering window ten samples
wide was used. The high amount of RMS fil-
tering was necessary to guarantee the usabil-
ity of µE1

as Scheduling Function, specially
in high human operator remnant conditions.
Afterwards, the filtered ü was normalized, to
ensure a fair comparison between Scheduling
Functions.

• Experimental Scheduling Function µE2

(Figure 4(c)) treats ü with a zero-phase digi-
tal filtering, processing the data with a linearly
optimized Butterworth low-pass filter in both
forward and reverse directions. [10] The opti-
mization process makes use of a cost function
which compares the resulting µE2

with the cor-
responding experimental Scheduling Function
µA and strives to minimize the error by tweak-
ing the filter coefficients.

µA1

µA2

t, s

µ
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(a) The analyt-
ical Scheduling
Functions µA1

and µA2
.
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(b) µA1
and ü

over time. The
change in control
activity coincides
with the change
in dynamics.
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(c) Time traces of
µE1

and µE2
, for

a single realiza-
tion with Pn =
0.05.

Figure 4: Analytical and experimental Scheduling
Functions.

The four Scheduling Functions were tested by
performing the identification of Hp for two differ-
ent conditions:

• Condition P̄ : without the Gaussian pertur-
bation in Hp parameters Kv and Ks.

• Condition P : The same Gaussian curve that
is included in µA2 is added to Kv and Ks.
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Table 1 compiles the testing conditions. A conse-
quence of this setup is that the Scheduling Function
µA1

serves as the reference for the Hp condition P̄ ,
while µA2 is the reference for condition P .

Table 1: Scheduling Function testing con-
ditions.

Hp

Condition

Scheduling Function

Analytical Experimental
µA1

µA2
µE1

µE2

P̄ P̄A1 P̄A2 P̄E1 P̄E2

P PA1 PA2 PE1 PE2

4. Results
The results obtained in this section are based on
the models obtained using F = N = 2 and p = 120
as PBSID settings.
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(a) Full simulations.
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(b) Region II.

Figure 5: VAF of identified reduced models, for dif-
ferent SF conditions and Pn = 0.05, 0.15 and 0.25.

Figure 5(a) represents the distribution of the
VAF values attained in the Monte Carlo runs for the
different SF and Pn conditions. For no Hp pertur-
bation conditions (P̄ ), the SF µA1

yields the high-
est VAF values for every Pn level bar Pn = 0.05,
being the reference SF for this condition. Remark-
ably, the SF µE2 presents very similar results for
every Pn value, providing good indications about
the usefulness of this experimental SF in the iden-
tification process. The SF µA2

is very similar to
µA1

, the difference being the addition of the pertur-
bation in Region II. As such, the results are quite
similar between the two analytical SFs, with both
obtaining quite similar scores for condition P̄ and
µA2

obtaining higher scores for condition P , where
µA2

is the reference. The VAF values of the models
identified with µE1

are generally lower than with
µE2 , for both conditions. These trends are main-
tained throughout Region II (Figure 5(b)), but the
differences between µA1

, µA2
and µE1

, µE2
are now

more pronounced. In fact, this is a critical region:
the perturbation that differentiates µA1

and µA2
is

defined in this region, and the penalization of using
an unsuitable SF for identification is clearly visible.
Regarding the experimental SFs, the heavy RMS fil-

tering needed to make ü usable as an experimental
SF introduces a delay in µE1

, which is most clearly
perceptible in Region II. This in turn accentuates
the VAF difference between µE1 and µE2 in this re-
gion and fleshes out the dangers of phase-altering
filtering Scheduling Functions.

Figure 6 further explores the comparison between
the experimental Scheduling Functions by showing
their correlation with the respective reference ana-
lytical SF, for different Pn levels. It is perceptible
that for every condition, µE2

is better correlated
with either µA1

or µA2
than µE1

. Furthermore, the
correlation values concerning µE2

are consistently
above 0.9, a value µE1 only seldom achieves. It is
also noticeable a general trend for the correlation
to decrease as the condition changes from P̄ to P ,
which suggests both experimental SFs have some
trouble detecting small perturbations in the human
operator dynamics. Focusing on Region II, it is pos-
sible to observe a high correlation variance concern-
ing µE1 , which indicates a severe lack of consistency.
When comparing the results of the full simulation
with those of Region II, a general drop in corre-
lation becomes apparent. This drop is strong for
µE1 , due to its relative delay; it is, however, much
smaller for µE2 , further evidencing the superior SF
quality of µE2

over µE1
.
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(a) Full simulations.
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(b) Region II.

Figure 6: Correlation of experimental SFs with
their analytical counterparts, for different SF con-
ditions and Pn = 0.05, 0.15 and 0.25.

Through analysis of Figures 7(a)-(c), it is possi-
ble to observe a much more accurate Kv estimation
for all testing conditions in Region I when compared
with Region III. In fact, the absolute value of the
normalized bias for Region I is rarely above 20%,
even for Pn = 0.25. On the other hand, Region III
Kv estimations seem to be worse, with some runs
of Pn = 0.25 achieving a normalized bias as high
as 80%. Throughout the different testing regions,
a distinct tendency for undershooting the estima-
tion of Kv is present, as evidenced by the median
of the normalized biases of the different conditions.
Finally, there is not much difference in Kv esti-
mation between the considered SFs, apart from a
slightly worse performance of µE1

in Regions I and
II. Analysing these plots with the help of Figure 5, it
may be concluded that the parameter Kv has rela-
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Figure 7: Bias in parameter estimation, for different
regions and Pn = 0.05, 0.15 and 0.25.

tively small influence in the estimated overall model
quality.

In turn, the subsequent trio of sub-figures (Fig-
ures 7(d)-(f)) presents much more conclusive re-
sults regarding the fundamental differences in VAF
witnessed in Figure 5. In fact, the Ks estimation
using µE1 proves to be worse than with µE2 , es-
pecially concerning Regions I and II. This result
combined with Figure 5 indicates that, in the con-
sidered framework, the lead term Ks is more im-
portant than Kv in obtaining good-fitting models.
There is not a significant difference in estimation
bias between different human operator remnant in-
tensities, and the overall bias reduces in Region III,
evidencing very good performance in Ks estimation
for this particular region.

Figures 7(g)-(i) concern ωnm, which is supposed
to be non time-varying. Accordingly, the normal-
ized bias results are the same throughout the differ-
ent regions. A very high variance is observed, with
a tendency to overshoot the real value. This un-
usually high variance contributes to a lack of ωnm
estimation precision, and gets worse as Pn increases.
No significant differences between SFs or Hp condi-
tions are detected.

For ζnm, Figures 7(j)-(l) show no bias varia-
tion between regions, as expected. However, much
like ωnm, the normalized bias variance is still very

high. As Pn increases, the estimation gets gradu-
ally worse, and there are no significant differences
between SFs or Hp conditions.

These results collectively reveal the potential of
ü to be used as an experimental Scheduling Func-
tion, by carefully filtering the high-frequency os-
cillations. A phase-shifting filtering method, like
RMS, was shown to be especially problematic in Re-
gion II, where the dynamics transition occurs. The
zero-phase filtering of ü (µE2) presented better VAF
results, in both the full simulation and Region II,
yielding estimated models with very close VAF val-
ues to the ones generated by the analytical sigmoid-
based SFs. However, both experimental SFs fail to
accurately capture the perturbation introduced for
condition P , as evidenced by the decrease in SF
correlation for this condition (Figure 6).

Additionally, the parameter estimation bias is
generally higher than that obtained in Ref 20 and a
high number of parameter estimates turned out to
be outliers, which shows the high-sensibility nature
of the algorithm to different noise realizations. A
possible solution to this problem might be averag-
ing the identification data of the Monte Carlo runs,
so that the human operator remnant is diluted and
reduced.

5. Conclusions
This work had the goals of assessing the viability
of using the LPV framework and the PBSID algo-
rithm to solve the time-varying human in-the-loop
identification problem, and to find a suitable ex-
perimental Scheduling Variable that can be used
for the LPV identification. To accomplish this, an
offline recreation of the experiment in Ref 20 was
used as a testing bed. Monte Carlo runs with rep-
resentative human operator remnant noise realiza-
tions were performed, and the human operator dy-
namics was identified as an LPV model using the
PBSID algorithm, with different testing conditions
and Scheduling Functions. The identified models
were compared using VAF and the relative bias of
the model parameters. The comparison between
analytical and experimental Scheduling Functions
yielded encouraging results regarding the Schedul-
ing Function obtained from zero-phase filtering the
second derivative of the human operator output sig-
nal (µE2

). In fact, the models identified with this
experimental SF produced VAF values very close to
the models identified with the analytical Schedul-
ing Functions for condition P̄ (no perturbation in
Hp dynamics). Furthermore, for condition P (per-
turbation in Hp dynamics), the µE2

models had
slightly higher VAF values than the models ob-
tained through the reference analytical SF taken
from Ref. 20, which represents an improvement.

Future work in the application of the LPV frame-
work for the identification of the human operator
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in tracking tasks may be developed. Experimental
data testing using the time-varying controlled ele-
ment of Ref. 20 and human test subjects to validate
µE2 as a suitable SF for LPV identification is a nat-
ural continuation to the work developed in this pa-
per. Within the PBSID algorithm, a thorough anal-
ysis on the effects of the p and F in model estima-
tion quality would add a more precise understand-
ing on the optimal PBSID settings for the specific
application presented in this paper. The key aspect
of the LPV framework lies in the Scheduling Vari-
able. Therefore, a research on suitable candidate
Scheduling Variables to be used for time-varying
human operator identification in tracking tasks is of
high importance. An interesting research topic also
lies on the possibility of using multiple Scheduling
Variables for LPV identification, and their effects
on model quality and parameter estimation.
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