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Abstract System identification techniques applied to experimental human-in-the-loop data

provide an objective test of three alternative control-theoretical models of the human con-

trol system: non-predictive control, predictive control, and intermittent predictive control.

A two-stage approach to the identification of a single–input single–output control system

is used: first, the closed-loop frequency response is derived using the periodic property of

the experimental data, followed by the fitting of a parametric model. While this approach is

well-established for non-predictive and predictive control, it is here used for the first time

with intermittent predictive control. This technique is applied to data from experiments with

human volunteers who use one of two control strategies, focusing either on position or on

velocity, to manually control a virtual, unstable load which requires sustained feedback to

maintain position or low velocity. The results show firstly that the non-predictive controller

does not fit the data as well as the other two models, and secondly that the predictive and in-

termittent predictive controllers provide equally good models which cannot be distinguished

using this approach. Importantly, the second observation implies that sustained visual man-

ual control is compatible with intermittent control, and that previous results suggesting a

continuous control model for the human control system do not rule out intermittent control
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as an alternative hypothesis. Thirdly, the parameters identified reflect the control strategy

adopted by the human controller.

Keywords Intermittent control; predictive control; optimal control; human operator;

human balancing.

1 Introduction

Physiological control systems have been the subject of research over an extended period.

One topic of debate is whether human motor control mechanisms can be modelled as tech-

nological control systems and, if so, what control algorithm is used.

One thread of research involves using the proportional-integral-derivative (PID) control

algorithm – a long-standing process control algorithm. This approach was suggested some

time ago (Johansson et al. 1988) and has received a lot of attention recently (Peterka 2002;

Maurer and Peterka 2005; Alexandrov et al. 2005; Masani et al. 2006; Lockhart and Ting

2007; van der Kooij and de Vlugt 2007; Welch and Ting 2008; van der Kooij and Peterka

2011). Typically, the three gain parameters and time delay of the PID model have been tuned

to simulate spontaneous sway (Maurer and Peterka 2005) or have been tuned to reproduce

the stimulus-response data where the support surface has been pseudo-randomly rotated

(Peterka 2002) or translated (Alexandrov et al. 2005; Welch and Ting 2008). This simple

delayed-feedback model has been shown many times to fit the data quite well; and, in the

absence of any contradictory evidence, support remains for the idea that predictive processes

are not required to explain standing balance.

Another thread of research in this area involves modelling the human operator as a

predictive feedback control system (Kleinman 1969; van der Kooij et al. 1999). In partic-

ular, the continuous-time state-observer, state-predictor, state-feedback control structure of

Kleinman (1969) provides a model of human control systems which has been shown to be

applicable under a range of experimental conditions. Kleinman et al. (1970) and Baron et al.

(1970) showed that this model explained many features of the human operator performing

compensatory tracking including the general features of the error signals – called the rem-

nant in this context (Levison et al. 1969). In his survey paper, McRuer (1980) states that this

“algorithmic model” of the human operator “works well for imitating human behaviour”.

Both the non-predictive and predictive approach are continuous-time algorithms. In con-

trast, a third thread of research starting with Craik (1947a,b) and Vince (1948) and further
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developed by Navas and Stark (1968) and Neilson et al. (1988) suggests an intermittent basis

for human control systems. The first algorithmic intermittent control model was presented

by Neilson et al. (1988) and expanded in subsequent papers including Neilson and Neilson

(1999); Neilson (1999); Neilson and Neilson (2005); Oytam et al. (2005); Bye and Neilson

(2008); Gawthrop et al. (2011). In the control-engineering literature, intermittent control

has been developed in a series of papers initiated by Ronco et al. (1999) and continuing

with Gawthrop (2002, 2004) and Gawthrop and Wang (2006, 2007); In (Gawthrop 2009),

frequency domain properties of intermittent control have been derived.

There are thus three competing hypotheses: non-predictive control, predictive control

and intermittent predictive control. These competing hypotheses must be tested using ex-

perimental data. System identification provides one approach to hypothesis testing and has

been used by Johansson et al. (1988) and Peterka (2002) to test the non-predictive hypoth-

esis and by Gawthrop et al. (2009) to test the non-predictive and predictive hypotheses. Pe-

terka (2002) uses a two stage approach to controller estimation: firstly, the transfer function

frequency response is estimated and secondly a parametric model is fitted to the frequency

response using non-linear optimisation. Such a two stage approach which has also been sug-

gested by Pintelon and Schoukens (2001); Pintelon et al. (2008) and is well-established in

the engineering literature, is adopted here. In particular, the advantageous properties of a pe-

riodic input signal (as advocated by Pintelon et al. (2008)) are used to estimate the frequency

response which is then fitted by a parametric model based on each of the three competing

hypotheses.

Identification of physiological control systems from unperturbed measured data has two

problems: first, the controller is embedded in a closed-loop system and second, the need to

estimate disturbance models. Both can lead to ambiguity in the interpretation of the results,

and these two pitfalls are avoided here by using an external measured perturbation to the

system and by identifying the entire closed-loop dynamics (van der Kooij et al. 2005).

An earlier paper (Gawthrop et al. 2009) used time-domain identification and random

non-periodic signals to compare the predictive and non-predictive hypotheses and found that

the predictive controller gave a better fit to the data taking account of the estimated time-

delay. In the present paper a frequency domain approach with a periodic excitation signal is

used instead, and a third hypothesis – intermittent predictive control – is investigated in this

context for the first time.
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Section 2 describes the three hypothesised controllers and Section 3 gives the corre-

sponding closed-loop frequency responses. Section 4 describes the two-stage identification

procedure and Section 5 applies the procedure to simulated data to verify the properties of

the method. Section 6 describes the experimental results and Section 7 concludes the paper.

2 System and Controller Models

Dynamical systems can be represented in either state-space or transfer function form. The

choice of representation is not a fundamental issue but rather a matter of convenience: either

representation can be converted into the other. This paper uses a state-space approach to

directly make use of the state-space predictor formulation of Kleinman (1969) and because

it is the natural setting for intermittent control.

As indicated in Figure 1, this paper considers single-input single-output time-delay sys-

tems with an input disturbance given in state-space form by

ẋ(t) = Ax(t)+B[u(t)−d(t)] (1)

y(t) = Cx(t) (2)

u(t) = u0(t−∆) (3)

where ∆ is the time-delay and d(t) an additive disturbance. Three candidate controllers are

considered: a non-predictive controller (Figure 1(a)), a predictive controller (Figure 1(b))

and an intermittent predictive controller controller (Figure 1(c)).

2.1 Non-predictive control (NPC)

The standard non-predictive state-space control equations are:

˙̂x(t) = Ax̂(t)+Bu0(t)−L[Cx̂(t)− y(t)]

= Aox̂(t)+Bu0(t)+Ly(t) (Observer) (4)

u0(t) =−kx̂(t) (Controller) (5)

where the observer matrix Ao is given by:

Ao = A−LC (6)

where L is the observer gain.
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(a) Non-predictive control

SystemDelay Observer

PredictorState FB

x̂(t)−
+

d(t)

y(t)

x̂p(ti)

u(t)u0(t)

(b) Predictive control

(c) Intermittent control

Fig. 1 Feedback control models. (a) The non-predictive controller is a standard observer/state feedback con-

troller designed as if the delay were zero. (b) The predictive controller extends (a) by including an explicit

predictor to overcome the time delay. (c) The intermittent control extends (b) with an impulse sampler and a

special vector generalised hold. Dashed lines represent sampled signals.
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There are many ways of choosing the feedback gain k. It is a standard result that, in the

absence of a time delay, the closed loop system poles are the eigenvalues of Ao (6) together

with the eigenvalues of Ac where:

Ac = A−Bk (7)

Unlike the predictive controller of Section 2.2 and the intermittent predictive controller (Sec-

tion 2.3), this controller does not take explicit account of the system time delay.

2.2 Predictive control (PC)

Following Kleinman (1969), the predictive controller equations corresponding to the time-

delay system of Equations (1) and (2), can be written as:

˙̂x(t) = Ax̂(t)+Bu(t)−L[Cx̂(t)− y(t)]

= Aox̂(t)+Bu(t)+Ly(t) (Observer) (8)

x̂p(t) = eA∆ x̂(t)+
∫

∆

0
eAτ Bu0(t− τ)dτ (Predictor) (9)

u0(t) =−kx̂p(t) (Controller) (10)

where x̂p(t) is the prediction of x̂(t + ∆) at time t and the state estimate x̂(t) is given by

the observer equation (8). Unlike the observer of equation (4), equation (8) uses the delayed

control u(t) = u0(t−∆).

2.3 Intermittent Control (IC)

The intermittent predictive controller of Figure 1(c) is similar to the predictive controller

of Figure 1(b) in that it shares the same observer, predictor and state feedback. However, it

differs from the predictive controller of Figure 1(b) in three ways:

1. The observer state x̂ is sampled.

2. There is a vector generalised hold element to reconstruct the sampled signal.

3. The predictor operates on a sampled signal.

Item 3 leads to a much simpler formula than that for the continuous case given by equation

(9); details are given by (Gawthrop and Wang 2007, Section 4.2.). The key issue for this

paper is the design of the hold element of item 2 which is now discussed.

Intermittent control makes use of three time frames:
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1. continuous-time, within which the controlled system (1) and (2) evolves, denoted by t.

2. discrete-time points at which feedback occurs indexed by i. Thus, for example, the

discrete-time instants are denoted ti and the corresponding estimated state is x̂i = x̂(ti).

The ith intermittent interval is defined as

∆i = ti+1− ti (11)

In this paper we assume that all intermittent intervals have the same duration, denoted

as ∆ol .

3. intermittent-time is a continuous-time variable, denoted by τ , restarting at each inter-

mittent interval. Thus, within the ith intermittent interval:

τ = t− ti (12)

In particular, the control signal u(t) = u(ti + τ) for ti ≤ t < ti+1.

This paper uses a special case of the generalised hold which has a simple intuitive inter-

pretation. In particular, the generalised hold here is a disturbance-free open-loop simulation

of the actual closed-loop system which is reinitialised to the estimated system state x̂ at each

sample interval ti. The hold state x̂h evolves in the intermittent time frame τ as


d

dτ
x̂h(τ) = Acx̂h(τ)

x̂h(0) = x̂p(ti− td)
(13)

where Ac is the closed-loop system matrix (7). As discussed elsewhere (Gawthrop and Wang

2007; Gawthrop 2009), this particular choice of hold means that the low-frequency behav-

iour of the intermittent controller is similar to that of the predictive controller.

One effect of the hold operation is that the loop time-delay with respect to some discrete

event is not constant: depending on when the intermittent interval is restarted, the time-

delay ∆ may be increased by between 0 and ∆ol . On average, the effective loop time delay

is therefore

∆e = ∆ +0.5∆ol . (14)
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3 Closed-loop Frequency responses

The system equations can be rewritten in transfer function form1 as:

y(s) = G(s)u(s)

= e−s∆ G(s)u0(s) (15)

where G(s) = C [sI−A]−1 B (16)

where I is the n×n unit matrix.

As explicitly derived in Sections 3.1 and 3.2, the first two controllers have transfer func-

tion representations H(s) where:
u0(s)
y(s)

=−H(s) (17)

In this case it follows that the system loop-gain L(s) and closed-loop transfer function T are

given by:

L(s) = e−s∆ G(s)H(s) (18)

T (s) =
L(s)

1+L(s)
(19)

with
u(s)
d(s)

= T (s) (20)

The next two sections give expressions for H(s) for the predictive and non-predictive cases

and thus, using (18) and (20) give a parametrised expression for the transfer function T (s)

relating u(s) and d(s).

3.1 Non-predictive control

Transforming equations (4)–(5) into the Laplace domain:

x̂(s) = (sI−Ao)
−1 (Bu0(s)+Ly(s)) (Observer) (21)

u0(s) =−kx̂(s) (Controller) (22)

Equations (21)–(22) can be rewritten as:

u0(s) =−H(s)y(s) (23)

where H(s) = k (sI−Ao +Bk)−1 L (24)

1 To avoid proliferation of notation, symbols followed by (s) are taken to be the the Laplace transform of

the quantity indicated by the same symbol but followed by (t)
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3.2 Predictive control

Transforming equations (8)–(10) into the Laplace domain:

x̂(s) = (sI−Ao)
−1 (e−s∆ Bu0(s)+Ly(s)) (Observer) (25)

x̂p(s) = eA∆ x̂(s)+(sI−A)−1
(

I− e−(sI−A)∆
)

Bu0(s)

(Predictor) (26)

u0(s) =−kx̂p(s) (Controller) (27)

where I is the n×n unit matrix.

Equations (25)–(27) can be rewritten as:

u0(s) =−Hy(s)y(s)− (H1(s)+H2(s))u0(s) (28)

where Hy(s) = keA∆ (sI−Ao)
−1 L (29)

H1(s) = keA∆ (sI−Ao)
−1 Be−s∆ (30)

and H2(s) = k (sI−A)−1
(

I− e−(sI−A)∆
)

B (31)

It follows that the controller transfer function H(s) is given by:

H(s) =
Hy(s)

1+H1(s)+H2(s)
(32)

3.3 Intermittent Control

The sampling operation in Figure 1(c) makes it harder to derive a (continuous-time) fre-

quency response and so the details are omitted here. Instead, the basic result derived by

Gawthrop (2009) is encapsulated as the following theorem:

Theorem 1 The continuous-time system (1) controlled by an intermittent controller with

generalised hold gives a closed-loop system where the Fourier transform U( jω) of the con-

trol signal u(t) is given in terms of the Fourier transform Xd( jω) by

U( jω) = F( jω,θ)
[
Xd( jω)

]s
(33)
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where

F( jω,θ) = H( jω)Sz(e jω) (34)

H( jω) =
1

∆ol
k [ jωI−Ac]

−1
[
I− e−( jωI−Ac)∆ol

]
(35)

Sz(e jω) = [I +Gz(e jω)]−1 (36)

Gz(e jω) =
[
e jω I−Ax

]−1
Bx (37)

Xd( jω) = G( jω)d( jω) (38)

G( jω) = [ jωI−A]−1B (39)

The sampling operator is defined as

[
Xd( jω)

]s
=

∞

∑
k=−∞

X(jω)d( jω− k jωol) (40)

where the intermittent sampling-frequency is given by ωol = 2π/∆ol .

Proof This is a simplified version of (Gawthrop 2009, Theorem 1) for the special case of

this paper.

As discussed elsewhere (Gawthrop 2009), the presence of the sampling operator
[
Xd( jω)

]s

means that the interpretation of F( jω,θ) is not quite the same as that of the closed loop

transfer function T (s) of (20), as the sample process generates an infinite number of fre-

quencies which can lead to aliasing. As shown in Gawthrop (2009), the (bandwidth limited)

observer acts as an anti-aliasing filter, which limits the effect of
[
Xd( jω)

]s to higher fre-

quencies and makes F( jω,θ) a valid approximation of U( jω). F( jω,θ) will therefore be

treated as equivalent to T ( jω) in the rest of this paper.

4 System identification

The aim of the identification procedure is to derive an estimate for the closed-loop trans-

fer function of the system. Our approach follows the two stage procedure of Pintelon and

Schoukens (2001) and Pintelon et al. (2008). In the first step, the frequency response trans-

fer function is estimated based on measured input–output data, resulting in a non-parametric

estimate. In the second step, a parametric model of the system is fitted to the estimated fre-

quency response using an optimisation procedure.
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4.1 Non-parametric estimation

The procedure described in this section aims to derive a non-parametric estimate of the

closed loop frequency response function (FRF), based on observed input–output data. The

approach here follows that described by Pintelon and Schoukens (2001), who suggest excit-

ing the system using a periodic multisine input signal,

d(t) =
N f

∑
k=1

ak cos(ωkt +φk) with ωk = 2π k f0 (41)

consisting of N f discrete frequencies ωk, with resolution ω0 = 2π f0. The amplitude and

phase of the kth frequency component are given by ak and φk, repectively. The signal d(t) is

periodic with a period of T0 = 1/ f0. To obtain an unpredictable excitation, the phases φk are

random values taken from a uniform distribution on the open interval (0,2π), while ak = 1

for all k to ensure that all frequency are equally excited. The output u(t) of a linear system

which is excited by d(t) then only contains information at the same discrete frequencies ωk

as the input signal. If the system is non-linear or noise is added, the output will contain a

remnant component at non-excited frequencies. To obtain a reliable estimate of the linear

system response, an average over several periods can be used, as described below.

If the signals are sampled with a sample period Ts, then the continuous time t is replaced

by a discrete sample time tn = nTs. A time domain signal d(tn) over one period T0 can be

transformed into the frequency domain using the discrete Fourier transformation (DFT),

dDFT ( jωk) =
N−1

∑
n=0

d(tn)e− j2π n k
N , k = 1,2, . . .N f (42)

where N = T0/Ts is the number of sample points within one signal period, and ωk is the

discrete frequency with the resolution f0. If the input signal has been applied over Np periods

of the excitation signal, then the DFT signals for the lth period can be denoted as d[l]( jωk)

and u[l]( jωk), respectively. The frequency response transfer function for this period can be

estimated as

T̂ [l]( jωk) =
u[l]( jωk)
d[l]( jωk)

, k = 1,2, . . . ,N f (43)

An estimate of the FRF over all Np periods is obtained by taking the mean,

T̂ ( jωk) =
1

Np

Np

∑
l=1

T̂ [l]( jωk), k = 1,2, . . . ,N f (44)
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This approach ensures that only the periodic features related to the disturbance signal are

used in the identification, and that the identification is robust with respect to remnant com-

ponents (resulting from nonlinearities and noise). In addition to obtaining the FRF, this

approach also allows to directly estimate the coherence (Pintelon and Schoukens 2001),

Ĉud( jωk) =

∣∣∣∑Np
l=1 u[l]( jωk)d[l]( jωk)

∣∣∣2

∑
Np
l=1

∣∣d[l]( jωk)
∣∣2

∑
P
l=1

∣∣u[l]( jωk)
∣∣2 (45)

With a periodic excitation, the coherence is unity in the absence of noise and becomes

smaller as noise increases.

4.2 Parametric optimisation

In the second stage of the identification procedure, a parametric description, T̃ ( jωk,θ), is fit-

ted to the estimated FRF of equation (44). The parametric FRF approximates the closed loop

transfer function (equation (20)) which depends in the case of non-predictive and predictive

control, on the loop transfer function L( jωk,θ), equation (18), parametrised by the vector

θ , while for the intermittent controller this is approximated by F( jω,θ), equation (33),

T̃ ( jωk,θ) =


L( jωk ,θ)

1+L( jωk ,θ) for NPC and PC

F( jωk,θ) for IC
(46)

A straightforward approach would be to parametrise the controller directly in terms

of its feedback and observer gain vectors, k and L (see section 2), together with the time

delay ∆ and, in the case of the intermittent controller, the intermittency interval ∆ol . This

approach has two problems: firstly it results in a closed loop system for which stability

is not explicitly known, and secondly there are an excessive number of parameters. We

therefore use an indirect approach were the controller and observer gains are derived using

the standard LQR approach (Kwakernaak and Sivan 1972). This allows the specification

of boundaries for the design parameters which guarantee a nominally stable closed loop

system. In the LQR approach, the controller gain vector k is chosen in such a way that the

control law u =−k x minimises the cost function

Jc(u) =
∫ t1

t0

[
xT(t)Qc x(t)+uT(t)Rc u(t)

]
dt (47)

subject to the system dynamics (1). Considering the steady state case t1 → ∞, the optimisa-

tion problem (47) is solved using the corresponding algebraic Ricatti equation. A feedback
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gain vector k can then be obtained by choosing the elements of the matrices Qc and Rc, and

nominal stability can be guaranteed if these matrices are positive definite. As discussed in

Section 5.1, the system model is second order, and we therefore choose to parametrise the

design using two positive scalars, qv and qp,

Rc = 1 Qc =

 qv 0

0 qp

 , with qv, qp > 0 (48)

The observer gain vector L is obtained by applying the same approach to the dual system

[AT ,CT ,BT ,D] (Kwakernaak and Sivan 1972). It was found that the results are relatively

insensitive to observer properties which was therefore parametrised by a single positive

variable, qo,

Ro = 1 Qo = qo BBT with qo > 0 (49)

where Ro and Qo correspond to Rc and Qc in equation (47) for the dual system.

The controller can then be fully specified by the positive parameter vector θ = [qv,qp,qo,∆ ]

(augmented by ∆ol for intermittent control).

An optimisation criterion J is defined is the weighted mean squared difference between

the estimated FRF and its parametric fit

J(θ) =
1

N f

N f

∑
k=1

w2
k
[
T̂ ( jωk)− T̃ ( jωk,θ)

]2 (50)

The estimated coherence from equation (45) was chosen as the weighting factor, wk =

Ĉud( jωk), as this penalises data depending on how much they are contaminated by noise.

This criterion favours lower frequency data since |T ( jω)| tends to be larger in this range and,

for experimental data, the coherence is smaller at higher frequencies. Other regularisation

approaches are also possible.

Similar to the approach described in (Gawthrop et al. 2009), the parameter vector is

separated into two parts, time delay parameters,

θ∆ =

[∆ ] for NPC and PC

[∆ ,∆ol ] for IC
(51)

and controller design parameters

θc = [qv,qp,qo] (52)

such that θ = [θ∆ ,θc]. The time delay parameters are varied over a predefined range, with

the restriction that ∆ol > ∆ (Gawthrop and Wang 2007). For each given set of time delay
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parameters, a corresponding set of optimal controller design parameters θ ∗c is found which

solves the constrained optimisation problem

θ
∗
c = argmin

θc
J([θ∆ ,θc]), θc > 0 (53)

In this work we chose the SQP algorithm as described by Nocedal and Wright (2006) and

implemented in the Optimization Toolbox of MATLAB (Mathworks, USA) to solve (53) for

each set of θ∆ .

The optimal cost function for each set of time-delay parameters, J∗(θ∆ ), is calculated,

and the overall optimum, J∗ is determined. For analysis, the time-delay parameters corre-

sponding to the optimal cost are determined, with ∆ and ∆ol combined to give the effective

time-delay for the IC (cf. Equation (14)),

∆e =

∆ for NPC and PC

∆ +0.5∆ol for IC
(54)

5 Simulation

As a preliminary test, the identification procedures of Section 4 were applied to simulated

data. In particular, the closed-loop system corresponding to a second-order unstable system

was simulated with each of the three controllers and the resulting three sets of data were

identified using parametric models for each of the three controllers in turn. Section 5.1

describes the system model used, Section 5.2 outlines how the simulation data was generated

and Section 5.3 presents the results.

5.1 System model

The system to be controlled was chosen to be an unstable second order system approximat-

ing the dynamics of a standing human (Loram et al. 2009). The instability meant that the

system had to be actively controlled to be stabilised.

The system was of the form of Equations (1)–(2) with

ẋ(t) =

−0.0372 1.231

1 0

x(t)+

 6.977

0

 [u(t)−d(t)] (55)

y(t) =
[

0 1
]

x(t) (56)
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The physical meaning of the system input u(t) is muscle shortening applied at the end of

the compliant tendon, while the output y(t) (the second state) is the position of the pendulum.

The first state represents the angular velocity of the pendulum. Full details of the setup the

derivation of the system model are given in Loram et al. (2009).

Taking the physical meaning of the two system states into account, the elements of

the controller design matrix Qc (equation (48)) can be interpreted as weighting factors for

control of velocity (qv) and position (qp), respectively.

5.2 Simulation method

Simulation data was generated for the three controller cases described in section 2: non-

predictive control (NPC), predictive control (PC) and intermittent control (IC). The design

parameters were

∆ = 100ms, qv = 1, qp = 1, qo = 100 (57)

for all three designs, with ∆ol = 250ms for the intermittent controller.

Periodic identification data were generated for an unpredictable multisine disturbance

input d(tn) (equation (41) with N f = 100, f0 = 0.1Hz, implying a period duration of Tp =

10sec). Simulations of 100sec duration (i.e. 10 periods) with a sample period of Ts = 0.01sec

were performed. Using the equations derived in section 3, the closed loop frequency re-

sponses T ( jωk) were calculated. Due to the periodic nature of the disturbance signal, the

resulting control signal could be obtained as

u(tn) =
N f

∑
k=1

|T ( jωk)|cos(ωktn +∠T ( jωk)+φk) (58)

An extract over three periods (30sec) of the simulation data generated in this way for the

predictive controller is shown in figure 2.

5.3 Simulation results

In a first step, we apply the system identification procedure to the three simulation data sets,

where the parameters used to generate them are known (equation (57)). The simulations are

defined by their controller structure: non-predictive control (NPC sim), predictive control

(PC sim) and intermittent control (IC sim).
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Fig. 2 Simulation data generated for the predictive controller. The vertical dashed lines indicate the periods

of 10sec duration.

As outlined in section 4.2, the time delay ∆ is varied (range [0, . . . ,400]ms in incre-

ments of 10ms) and the corresponding optimal set of controller design parameters, θ ∗c (equa-

tion (53)), is determined together with the value of the cost function J∗(θ∆ ). For the inter-

mittent controller structure, in addition the intermittent interval, ∆ol is varied over the same

range as ∆ , and for each value of ∆ , the intermittent interval which results in the lowest

value of the cost function J is chosen and denoted as ∆ ∗
ol .

The results in terms of the minimal value of the optimisation criterion J∗(θ∆ ) as a func-

tion of the loop time delay ∆ are summarised in figure 3. The bold marks in each sub-figure

indicate the minimal cost function value achieved for this controller and the correspond-

ing time delay ∆ ∗. It can be seen that for each of the three simulations, the correspond-

ing controller used for the design was identified correctly, i.e. a perfect fit was achieved at

∆ = 100ms. As expected the two other controller structures were unable to perfectly match

the data. The goodness of fit for the predictive controller and the intermittent controller are

similar while the non-predictive controller is unable to satisfactorily approximate the data

generated with the other two controller architectures.
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(b) Simulation with predictive controller. The effective optimal delay for IC is ∆ IC
e = 120ms.
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(c) Simulation with intermittent controller. The effective optimal delay for IC is ∆ IC
e = 220ms.

Fig. 3 Optimisation criterion J as a function of the time delay ∆ , for different simulations and identified

controller structures. The bold markers indicate the minima of the optimisation criterion for the corresponding

controller structure. For the intermittent controller, the intermittent interval ∆ ∗
ol corresponding to the minimum

of J is given in the legend, while the effective delay (eq. (54)) is reported in the caption. The time delay used

to generate the data is ∆ = 100ms for all simulations.
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The value of the optimal time delay ∆ ∗ obtained for the predictive controller is generally

larger than that identified for the intermittent controller. When the effective time-delays

(Equation (54)) are considered then the values corresponding to the optima are very similar

for the predictive controller and the intermittent controller, for all three simulations. The

time delay identified for the non-predictive controller is smaller than (or equal to) those

for the other two controllers in the cases of the PC simulation and the IC simulation. For

the non-predictive controller it can also be observed that the cost value increases sharply

as ∆ increases. This is due to the fact that the closed loop tends to be destabilised as the

time-delay increases, since, unlike for the intermittent and predictive controllers, ∆ is not

explicitly taken into account when designing the controller.

To illustrate the procedure behind the optimisation performed, figure 4 shows the plots

of the estimated frequency response functions, T̂ ( jωk), together with the optimised fre-

quency responses, T̃ ( jωk,θ
∗), for each controller in the complex plane, for all three sim-

ulated data sets. Figure 5 shows the impulse responses estimated from these frequency re-

sponses. These results confirm that the FRFs and impulse responses of the predictive and

the intermittent controllers are almost indistinguishable, while the non-predictive controller

results are clearly different.

6 Experiments

Experiments were conducted in which volunteers where instructed to control a dot on the

screen (the system output) using a joystick (representing the system input). The same sim-

ulated unstable system as described in Section 5.1 was used. The similarity of the system

model to the human balance problem meant that it was possible for the human to control

the system without prior practice. The resulting data is analysed in exactly the same way as

the simulated-controller data of Section 5. Section 6.1 describes the experimental method in

more detail, and Section 6.2 shows the experimental results.

6.1 Experimental method

The experimental procedures and methods were based on those described in Loram et al.

(2009). Eleven healthy adults (9 male, 2 female, aged between 21 and 59 years (36±13 years

mean±s.d.)) were using a sensitive, contactless, uniaxial joystick to control the left right



Frequency-domain Identification of the Human Controller 19

−2 −1.5 −1 −0.5 0 0.5 1 1.5 2
−2.5

−2

−1.5

−1

−0.5

0

0.5

Real

Im
ag

Simulation: NPCsim

 

 

FRF estimate
NPC
PC
IC

(a) Simulation with non-predictive controller.

−1 −0.5 0 0.5 1 1.5 2
−1.6

−1.4

−1.2

−1

−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

Real

Im
ag

Simulation: PCsim

 

 

FRF estimate
NPC
PC
IC

(b) Simulation with predictive controller.
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(c) Simulation with intermittent controller.

Fig. 4 Closed-loop nyquist plots of estimated frequency responses, T̂ (bold solid line) and the fitted responses

T̃ for the different controller structures (NPC: solid, PC: dashed and IC: dotted lines). The markers indicate

the values at the discrete frequencies ωk .
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(b) Simulation with predictive controller.
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(c) Simulation with intermittent controller.

Fig. 5 Impulse response plots obtained from the estimated frequency responses (bold solid line) and from

the fitted responses for the different controller structures (NPC: solid, PC: dashed and IC: dotted lines).
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position of a dot on an oscilloscope screen. The joystick position corresponded to the input

to the 2nd order unstable model of Section 5.1 while the dot indicated the position of the

simulated pendulum. The virtual pendulum load was subject to an unpredictable multisine

disturbance d(t), containing frequencies between 0.1 and 10Hz (N f = 100 and f0 = 0.1Hz

in equation (41)). Data was recorded at a sample period of Ts = 0.01sec, and the duration of

one trial was 200sec. For the identification procedure, the first 20sec of data were discarded,

resulting in 18 periods (180sec) available for analysis.

While the primary objective of the participants was to stabilise the load throughout the

trial, they were also instructed to apply one of two control strategies:

i) Position control: keep the load position as close as possible to the centre of the oscillo-

scope screen.

ii) Velocity control: minimise the velocity of the load, while the position on the screen is

secondary.

Examples of experimental data for 3 periods (30 seconds) are shown in figure 6 for both

control strategies.

6.2 Experimental results

The same identification procedure as descibed in Section 5.3 was applied. Figures 7 and 8

show detailed results for one subject for data obtained during position control and velocity

control trials, respectively. Figure 7(a) and 8(a) depict the best fit values, J∗(θ∆ ), for each

time delay ∆ . Predictive and intermittent control result in similar minimal fit values and

effective time delays (eq. (54)), while the non-predictive control structure has a smaller time

delay with a slightly larger minimal fit.

The complex-plane frequency response plots are shown in figures 7(b) and 8(b). The

frequency responses for predictive and intermittent controllers are almost indistinguishable,

while the response with the non-predictive controller is different, particularly at higher fre-

quencies (i.e. close to the origin). The impulse responses derived from the frequency re-

sponse functions (shown in figures 7(c) and 8(c)) confirm that the approximations obtained

with the intermittent and predictive controllers are similar to each other and close to the FRF

estimate, while that derived with the non-predictive controller results in a markedly different

approximation.
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(a) Experiment, Subject 7, position control
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(b) Experiment, Subject 7, velocity control

Fig. 6 Experimental data. Position control keeps the load position close to zero, while velocity control at-

tempts to minimise variations in load position. The vertical dashed lines indicate the periods of 10sec duration.



Frequency-domain Identification of the Human Controller 23

0 50 100 150 200 250 300 350 400
0

0.005

0.01

0.015

0.02

0.025

0.03

0.035

0.04

0.045

0.05

∆ [ms]

J

Subject 7

 

 

NPC
PC
IC (∆*

ol
=170ms)

(a) Optimisation criterion J as a function of the time delay ∆ , for different identified

controller structures. The bold markers indicate the minima of the optimisation

criterion for the corresponding controller structure. For the intermittent controller,

the intermittent interval ∆ ∗
ol corresponding to the minimum of J is given in the

legend and the effective optimal delay is ∆ IC
e = 185ms.
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(b) Closed-loop nyquist plots of the estimated frequency response function (T̂ , bold

solid line) and the fitted responses (T̃ ) for the different controller structures.
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(c) Impulse response plots obtained from the estimated frequency responses (bold

solid line) and from the fitted responses for the different controller structures.

Fig. 7 Experimental results for position control, subject 7.
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(b) Closed-loop nyquist plots of the estimated frequency responses (T̂ , bold solid

line) and the fitted responses (T̃ ) for the different controller structures.
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(c) Impulse response plots obtained from the estimated frequency responses (bold

solid line) and from the fitted responses for the different controller structures.

Fig. 8 Experimental results for velocity control, subject 7.
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Results for all subjects are shown in figures 9 and 10. Figure 9 summarises the best

fit values, J(θ ∗), obtained for the three controller structures. It shows that for both control

strategies (position and velocity control), the intermittent and the predictive controllers result

in a closed loop which can fit the measured data in a similar way. The fit values obtained

with the non-predictive controller are slightly worse for almost all subjects. The mean values

of the best fit for each controller (shown as straight horizontal lines) confirm this.

The effective time delays which correspond to the best fit values are summarised in fig-

ure 10. The optimal time delays obtained for the predictive controller and the intermittent

controllers are very similar and consistently larger than those for the non-predictive con-

trollers, independent of the adopted control strategy. This is also evident in the mean time

delays over all subjects, shown as straight horizontal lines. Comparing the control strate-

gies, it appears that velocity control (figure 10(b)) results in slightly smaller time delays

than position control (figure 10(a)).

Figure 10 also shows the values for the optimal intermittent interval for each subject.

Table 1 summarises the optimal parameter values obtained for all subject for the three

control structures. Although the standard deviations are very large which reflects the sig-

nificant inter-subject variability, the results show a number of trends, independent of the

controller structure: (i) the controller design parameter qp is larger for position control than

for velocity control; (ii) the controller design parameter qv is smaller for position control

than for velocity control; (iii) the effective time delay ∆e is slightly smaller for velocity

control than for position control (this was already discussed above). (iv) for the intermittent

controller, the intermittent interval ∆ol is slightly smaller for velocity control than for posi-

tion control. As mentioned earlier, the controller parameter qp is the second element in the

matrix Qc (cf. equation (48)) and therefore represents the weight associated with the second

state (position). Similarly, qv is associated with the first state (velocity). The optimised pa-

rameters therefore appear to reflect the control strategy adopted by the subject: for position

control a larger weight is put on the 2nd state (position) while for velocity control a larger

weight is associated with the first state (velocity). The value of the observer parameter qo

appears to be unrelated to the control strategy.
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Fig. 9 Best fit values, J(θ ∗), for both control strategies, for each subject. The horizontal lines indicate the

mean value over all subjects for each controller structure.

7 Conclusions

A well-established two stage frequency domain process has been used to identify controllers

from closed loop simulation and experimental data. While this approach is an established
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Fig. 10 Time delay, ∆ ∗, corresponding to the best fit values shown in figure 9, for both control strategies, for

each subject. The horizontal lines indicate the mean value over all subjects for each controller structure. In

addition, the optimal intermittent interval, ∆ ∗
ol , is shown for each subject.
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NPC PC IC

qp
pos 9.0±15.2 42.4±63.4 51.1±82.3

vel 2.1±4.3 13.1±12.4 15.9±16.1

qv
pos 0.6±1.1 0.4±1.0 0.8±2.1

vel 0.8±0.8 5.3±12.0 6.7±14.8

qo
pos 136.2±206.2 92.4±168.3 470.9±983.9

vel 31.5±22.5 275.4±614.6 409.4±984.7

∆e[ms]
pos 106±35 213±37 219±52

vel 97±37 193±42 192±45

∆ol [ms]
pos 155±39

vel 135±31

Table 1 Optimised parameters (mean ± standard deviation).

technique for linear time-invariant control structures such as non-predictive and predictive

control, for which FRFs can be readily derived, it has been used here for the first time

for intermittent control, based on the results of (Gawthrop 2009). The method is found to

be robust even when used with physiological data which are noisy, non-linear and have

high inter-subject variability. This is illustrated by the consistency of the best fit results

for all 11 subjects (cf. figure 9), and by the concave shape of the cost functions for the

experimental data (cf. figure 7 and 8) which have a clear minimum and are similar to those

for the simulated data (cf. figure 3). It was noted that optimisation using the non-predictive

control model is more problematic due to the unstable closed-loop associated with some

parameter values; this problem does not occur in the other two cases provided that all of the

parameters were constrained to be positive.

Three controller structures were compared: non-predictive control, predictive control

and intermittent predictive control. The method was verified using simulated data and, in

this case, could distinguish the three approaches although the difference between predictive

and non-predictive was greater than that between intermittent and continuous predictive

control.

The experimental results show that the best fit values are consistently worse for non-

predictive control than for the two predictive control structures; this verifies earlier results

(Gawthrop et al. 2009) comparing non-predictive and predictive continuous control, though

the results are more clear cut using the approach of this paper.



Frequency-domain Identification of the Human Controller 29

Two experimental conditions were considered, position control and velocity control. The

controller parameters identified reflect these conditions: for position control, the weight-

ing factor qp associated with the position state is increased, while for velocity control, the

weighting factor qv associated with the velocity state is larger. This could be observed con-

sistently for all three controller structures.

For both the simulated data and the experimental data, the non-predictive controller

structure results in effective time delays values which are significantly smaller than those

obtained with predictive control and intermittent control. Only the predictive and intermit-

tent controllers resulted in time delays which are in agreement with previous estimates (Lo-

ram et al. 2009; Gawthrop et al. 2009; Loram et al. 2011), and confirms the robustness of

this method when used with experimental data.

From the results it appears that predictive and intermittent predictive controllers are

equally valid descriptions of the human balancing control task investigated here. Both ap-

proaches allow fitting the estimated non-parametric frequency responses with comparable

quality. This implies that the experimental data can be equally well explained using con-

tinuous predictive and intermittent predictive control hypotheses. This result is particularly

interesting as it means that experimental results showing good fit for continuous predictive

control models, dating back to at least those of Kleinman et al. (1970), do not rule out an

intermittent explanation. A theoretical explanation for this result is given in (Gawthrop et al.

2011, Section 4.3) where the masquerading property of intermittent control is discussed:

As shown there, the frequency response of an intermittent controller and that of the corre-

sponding predictive controller are indistinguishable at lower frequency and only diverge at

higher frequencies where aliasing occurs. As aliasing is due to the open-loop interval, its

effect would be more obvious in the case when the plant dynamics and controller bandwidth

were small compared to the intermittent interval. For our experimental conditions, however,

where the pendulum dynamics are similar to those of human standing, the responses of the

predictive and the intermittent controllers would be difficult to distinguish, and therefore

both explanations appear to be equally valid.
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