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Abstract

Real-time hybrid simulation is an experimental method used to obtain the dynamic
response of a system whose components consist of loading-rate-sensitive physical and
numerical substructures. The coupling of these substructures is achieved by actua-
tion systems, i.e., an arrangement of motors or actuators, which are responsible for
continuously synchronizing the interfaces of the substructures and are commanded in
closed-loop control setting. To ensure high fidelity of such hybrid simulations, per-
forming them in real-time is necessary. However, real-time hybrid simulation poses
challenges as the inherent dynamics of the actuation system introduce time delays, thus
modifying the dynamic response of the investigated system and hence compromising
the simulation’s fidelity and trust in the obtained response quantities. Therefore, a
reference tracking controller is required to adequately compensate for such time delays.

In this study, a novel tracking controller is proposed for dynamics compensation
in real-time hybrid simulations. It is based on an adaptive model predictive control
approach, a linear time-varying Kalman filter, and a real-time model identification al-
gorithm. Within the latter, auto-regressive exogenous polynomial models are identified
in real-time to estimate the changing plant dynamics and used to update the predic-
tion model of the tracking controller. A parametric virtual real-time hybrid simulation
case study is used to validate the performance and robustness of the proposed control

scheme. Results demonstrate the effectiveness of the proposed controller for real-time
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1. Introduction

Hybrid simulation (HS), sometimes also called hardware-in-the-loop (HiL) or
system-in-the-loop testing, is an experimental method used to obtain the dynamic
response of a prototype system whose model consists of numerical (NS) and physical
substructures (PS). The so-called hybrid model is obtained by the coupling of NS and
PS. Such coupling is achieved using an efficient interface data exchange system and an
actuation system, i.e., an arrangement of motors or actuators, which are responsible for
continuously synchronizing the interfaces of the substructures and are commanded in
a closed-loop control setting. HS is based on a step-by-step numerical solution of the
equations governing the motion of the hybrid model [1]. In more detail, in each time
step of HS, the NS generates a command that needs to be tracked by the PS to preserve
synchronization of the substructures’ boundary conditions. The dynamic response of
the PS is then measured using appropriate sensors and fed back to the NS to establish
the state of the hybrid model and advance the HS to the next time step.

HS is adesirable dynamic response testing technique since it combines the versatility
and risk-free testing of numerical simulations along with the realism of experimental
campaigns. However, ensuring high fidelity of hybrid dynamic response simulations
of a loading-rate-sensitive prototype often necessitates performing HS in real-time.
Real-time hybrid simulation (RTHS) poses several challenges. One challenge arises
from complex NS because of the computational power required to compute the NS
response on time, i.e., within the HS time step. For example, to adequately capture
the dynamic response of high dimensional and/or nonlinear numerical models, it is
common practice to decrease the time step of the NS simulation which increases the
demanded computational power. Not completing the computations to establish the state

of the NS on time introduces delays and risks distorting the time scale of HS. In such
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cases, model order reduction of the NS is a very effective countermeasure [2, 3].

Another challenge in RTHS originates from the PS, specifically from the actuation
system, as its inherent dynamics introduce time delays that modify the dynamic response
of the PS and hence compromise the fidelity of the entire HS. Addressing this challenge
is the focus of this paper.

Various control schemes for dynamics compensation in RTHS exist in the literature.
A selection of such schemes is presented below. An initial approach has been developed
by Horiuchi using a polynomial extrapolation algorithm [4], which was afterwards
extended into an adaptive scheme [5, 6]. Compensation for the phase shift of the
actuation system, via phase-lead compensators, was also proposed by various authors
[7, 8, 9]. Inverse compensation is another technique used in RTHS, in which an inverse
model of the actuation system is employed as a feedforward compensator [10, 11]. In
order to improve the robustness of RTHS in the presence of experimental uncertainties,
adaptive compensation strategies were developed aiming at estimating in real-time the
controller parameters [12, 13, 14, 15]. H. loop shaping control schemes were also
proposed as an alternative robust approach [16, 17]. Additionally, a feedforward-
feedback control scheme based on linear-quadratic regulator (LQR) and Kalman filter
was developed for controlling both single and multi-actuation setups [18, 19]. A model-
based sliding mode control approach has also been developed for RTHS making use
of a reduced plant [20]. Recently, a control scheme based on model predictive control
(MPC) [21] was also presented.

As shown in [21], MPC is an effective control strategy for RTHS. A key advantage of
MPC is its ability to perform optimization in real-time as well as satisfying constraints of
the examined system, e.g., actuation system capacity limitations. However, in MPC the
real-time optimization is performed based on predictions of the future dynamic response
of the system under control. Therefore, the performance of the optimization depends
on the accuracy of the predictions. Classical MPC utilizes a prediction model, e.g., a
linear time-invariant (LTI) dynamic model, for these predictions. In case the dynamics
of the examined system are highly nonlinear or linear with time-varying parameters,
the predictions from a LTI model may not be accurate and thus the performance of

MPC will be degraded. In this regard, an adaptive MPC is a suitable solution, since
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the LTI model used to predict the dynamic response of the controlled system is adapted
during the simulation in order to capture the changing dynamics of the system under
control (the co-called plant). Some of the common practices for model updating in
MPC include real-time system identification and successive linearization [22, 23].
This study presents a novel tracking controller for dynamics compensation in RTHS
extending the classical MPC of [21] to an adaptive scheme. It is based on the adaptive
MPC approach, a linear time-varying Kalman filter, and a real-time model identification
algorithm. Within the latter, auto-regressive exogenous (ARX) polynomial models are
identified in real-time to estimate the changing plant dynamics and used to update the
prediction model of the adaptive MPC. A parametric virtual RTHS case study is used
to demonstrate and validate the performance and robustness of the proposed controller.
The paper is organized as follows. Section 2 describes the tracking controller.
Section 3 introduces the virtual RTHS case study where the proposed controller is
developed, validated and demonstrated. Section 4 discusses the obtained results and

Section 5 presents the overall conclusions of this study.

2. The tracking controller

In this section, the individual components of the proposed tracking controller are
described. As mentioned above, these correspond to the adaptive MPC, the linear time-
varying Kalman filter and a real-time model identification algorithm used to update the
prediction model of the MPC. Figure 1 illustrates the block diagram of the controller.
The plant corresponds to the system under control. The latter is addressed in more

detail in Section 3.

2.1. Adaptive model predictive control

In the MPC approach, the current control action is calculated by solving, in each
control interval, a finite horizon optimization problem utilizing the current state of the
plant as its initial conditions. The outcome of this optimization is an optimal control
sequence. The first control action of this sequence is used in the current control interval

[24, 25]. Control intervals are sets of consecutive time steps, obtained from a sampling
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Figure 1. Architecture of the proposed tracking controller.

frequency that the MPC uses internally. Essentially, a MPC solves a finite horizon
optimization problem similar to H, and LQR control techniques. A fundamental
difference nevertheless lies in the fact that MPC solves it in real-time; namely, at each
control interval a new optimization problem in a receding horizon approach is solved.
Therefore, the control actions are updated in real-time, while in classical optimal control,
e.g., LQR, the optimization is solved offline and thus the control law is defined prior
to the simulation and remains constant. Additionally, MPC offers the capability of
satisfying hard constraints regarding the inputs, outputs and/or states of the plant while
solving the optimization problem in real-time [26].

A MPC encompasses four elements, namely the prediction model, the performance
index (or the cost function), the constraints, and a solver used to compute the control
actions. The prediction model constitutes the core of the MPC as it is used to predict
the future plant outputs based on information available up to the current time instant,
e.g., previous and current inputs/outputs, and on the future control actions [27]. As
mentioned above, the overall performance of MPC is directly influenced by the responses
of the prediction model. Therefore, this model should capture the dynamics of the plant
as accurately as possible. Although the MPC updates the control actions in real-time,
the controller is still not adaptive in its structure, e.g., the prediction model remains
the same. Updating the prediction model in real-time results in the so-called adaptive

MPC.
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Figure 2 displays the structure of the MPC and Figure 3 illustrates its methodology.
In more details, the prediction model predicts at each control interval k the next plant
outputs y(k +ilk), i =0,..., P for every time instant i within a prediction horizon P.
The notation j(k + i|k) correspond to the output at the time instant k + i evaluated at
k. The control sequence z; = [u(k|k)" ... u(k +ilk)" ... u(k + P — 1]k)"] includes
the sequence of future control actions u(k +i|k). At each k, a new control sequence is

computed optimizing a new cost function expressed by:

ny P
Y (i S zi) = ) {wi [k +ilk) = 9;(k +ilk)] o+ (1)
j=1i=1
n, P-1
DU [y (k + i) — (ke +i = 1RTE,
j=1 i=0

where n, is the number of plant outputs, n,, the number of plant inputs, r;(k +i|k) the
reference value to be tracked at the i-th time instant step from the j-th plant output,
9 (k+i|k) the predicted value of the j-th plant output at the i-th time instant, u ; (k +i|k)
the j-th plant input at the i-th time instant, w?/ the tuning weight of the j-th plant output
and w' the tuning weight of the j-th plant input. The P, w>/ and w"/ parameters of
Eq. (1) are computed offline and remain constant in the work presented herein.

In addition, an output disturbance d and a measurement noise model n are used in
the proposed tracking controller. They are implemented as additive to the plant outputs,

representing potential disturbances and sensor noise that could be present in RTHS. The
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models of the disturbance d and the noise n are expressed in state-space, as described

in Egs. (2) and (3), respectively:

xq(k+1) = Agxq(k) + Bauq(k) 2

d(k) = Caxa(k) + Dqua(k),

xn(k + 1) = Anxn(k) + Bnun(k) 3)

n(k) = Cnxn(k) + Dnun(k),

where Ay, B4, Cq, Dgand A,,, B,,, C,,, D,, are matrices associated with the disturbance
d and noise n respectively. The inputs to these state-space models, namely u, for the
disturbance and u, for the noise, are Gaussian variables with zero mean and unit
variance.

The control sequence zx is computed at the beginning of each control interval in
the optimizer (see Figure 2). The cost function of Eq. (1) is formulated into a Quadratic
Programming (QP) problem [28, 29] and this is what the optimizer eventually solves.

The QP formulation admits:

1
min(szHx + fTx) (€]
subjectto  Ax < b, (®)]

where the Ax < b inequality represents the applied constraints, x the solution vector
and H its Hessian matrix. The vectors A and b define the constraints, and f is a vector

computed using:

f = Kx(k|k)T x(k|k) + Kr(k|k)T r(k|k) + Ku(klk — DT u(k|k - 1), (6)

where r(k|k) is the reference signal at the current control interval, u(k|k — 1) is the
applied control action in the previous control interval and K a weighting factor. For a

more comprehensive review of QP, the reader is encouraged to consult [30, 31].
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In the proposed tracking controller, the QP problem of Egs. (4) and (5) is solved
employing an active-set solver which applies the KWIK algorithm [32]. The latter is a
built-in QP solver from the Model Predictive Toolbox of MATLAB, used in this study
to compute the control law sequence [33].

The utilized adaptive MPC algorithm is summarized as follows:

1. Prediction step: Considering a discrete time multiple-input-multiple-output

(MIMO) system that represents a linearized model of the plant, the prediction

model in state-space formulation at the control interval k follows:

xp(k+1) = Alx, (k) + Byu(k) (7

yp(k) = Chxp (k) + Diu(k),

where Af,, Bf,, Cﬁ and Df, are matrices associated with the prediction model at
the control interval k, representing the plant dynamics. The disturbance and
noise models of Egs. (2) and (3) respectively, are assumed to be additive to

the measured plant output y signal in Figure 1, and hence the latter admits:

y(k) = yp(k) +d(k) +n(k).

. Identification step: At each control interval k, an ARX polynomial model of

the plant is identified and used to adapt the prediction model of MPC, i.e., the
matrices Af,, Bf,, Cllj and Df,, (see Section 2.3 for a more detail description of

the algorithm).

. Update step: Ateach control interval k, the L and M vectors of the Kalman filter

are updated to be consistent with the adapted prediction model (see Section 2.2).

. Optimization step: Using the current state estimates and predicted plant outputs

from the Kalman filter (Egs. (16) and (19)), the MPC solves the optimization

problem described by Eq. (1) for the current control interval k:

rrzlinJ*(Vk,ﬁk,Zk) (8)

subjectto  wuj, . <uj <uj. .., ©)
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where the above constraints represent safety limits regarding input signals to the
actuation system.

5. Control step: The control sequence z; = [u(k|k)" .. u(k+ilk)" .. u(k+P-
11k)T] for the current control interval is computed and its first control action is
applied to the plant.

6. Steps 1-5 are repeated till completion of the RTHS.

If the control interval coincides with the sampling frequency of RTHS, then at
the next time step of RTHS a new optimization will be performed and a new control
sequence will be computed taking into account the new information available, e.g.,
disturbance, noise, introduced in that time step. When the control interval is larger than
the RTHS time step, i.e., includes several time steps, then the first control action of
step 5 will be applied as long as the ongoing control interval lasts. Therefore, reducing
the time steps in the control interval would result in a more robust MPC. However, the
smaller the control interval the more the optimizations that must be performed, thus in-
creasing the computational load. In this regard, a higher dimensional prediction model,
that could potentially capture more accurately the plant dynamics, would increase the
performance of MPC as the predictions would be more accurate. Nevertheless, a higher
dimensional model would require additional computational power. Consequently, taken
the aforementioned points into consideration, there exist a trade-off between controller
accuracy and its computational performance and simulation model accuracy and its

computational performance.

2.2. Linear time-varying Kalman filter

As mentioned above, the performance of the MPC depends on the accuracy of the
predicted plant outputs. In order to provide the MPC with low-noise plant outputs, a
Kalman filter is used. Furthermore, the Kalman filter provides estimates of the plant
outputs when there are none available from the plant sensors. Since the prediction model
of the MPC is adapted in real-time, the gain vectors of the Kalman filter also need to
be adapted in real-time, resulting in a linear time-varying Kalman filter. Considering
Egs. (7), (2) and (3), the state-space formulation including the plant dynamics, the

disturbance and noise model follows:
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xe(k+1) = Abxc (k) + Bbuc (k) (10)

where

A
Ak =10
Ck=|ck
xzz xg

T T T _|.T T 7|
X xn]anduc—[u u, uy,|-

$(k) = CExc (k) + DEuc(k),

0 0 BY 0 0

Aq O, B =0 By 0, (11
0 A, 0 0 B,

Cy C,,], p*=|px p, D,|.

Af,, ij, C;‘, and Df, matrices are updated in real-time while Ay, By, C4 and D4 and

Ay, By, C, and D, of Egs. (2) and (3) are considered constant during RTHS. The x.,

u. vectors contain the states and inputs of the plant p, the disturbance d and noise

n, respectively. The weighting coefficients O, R, N of the Kalman filter are constant

during RTHS and are computed from the following expectations:

Q=E[dd"|, R=E[nn"], N=E[dn"]. (12)

Figure 1 displays the interconnection of the Kalman filter within the proposed tracking

controller. In more detail, at each control interval k, the x. states are estimated as

follows:

1. Gain computations: The gain vectors L, M of the Kalman filter are updated to

be consistent with the adapted prediction model:

-1

Lk = (A’gpklk—lc§T +N) (cfpklk—lch +R) , (13)
Mk = prlk-1ck” (CfP""“ICfT + R)_l, (14)
PrRHLIk = pk plk=1 AkT (A'C‘Pk“"'CfT + N)LkT +0, (15)

10
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where LK, M* denote the L, M gain vectors at the control interval k and P¥*11¥
the state estimate error covariance matrix at k + 1, calculated with information

obtained from the k control interval.

2. Measurement update step: The current state estimate x. (k|k) is adjusted with

the latest measurements:

xe(K|k) = xe (klk = 1) + M* [y (k) = CExe (klk = )], (16)

where x. (k|k — 1) denotes the state estimate from the k — 1 control interval.

3. Prediction step: The state for the next, k + 1, control interval is estimated as:

X (k+ 11k) = A¥x, (k|k = 1) + BX u(k) + LF[y(k) = CExc(klk = D], (17)

c

where u(k) the control action used from (k — 1) till &k, y(k) the plant output

measured at k and Bf_ | the first column of Bk,

Once the current state of the plant is estimated, the controller predicts plant outputs for

the entire prediction horizon of the current control interval.

1. For any successive time instant of the prediction horizon, i = 1,..., P, the

predicted plant states are obtained by:

Xe(k +ilk) = AXxe(k+i—1]k) + BX u(k +i - 1]k). (18)

c

2. The predicted plant output fori = 1, ..., P is obtained by:

$(k +ilk) = Ckxe(k +ilk). (19)

2.3. Real-time model identification algorithm

At each control interval k, a real-time model identification algorithm is employed
and ARX polynomial models [34] of the plant are identified and then used to update
the prediction model of the MPC. The formulation of ARX polynomial models is the

following:

11
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A(q)y(t) = B(q)u(1) +e(1), (20)

where g is a time shift operator, A(q) = 1 + ;g™ + a2¢2 + -+ + @paqg ™%, B(q) =
bi+byqg " +b3g7>+ -+ bupg~"P"D and u(z), y(r) and e(z) the inputs, outputs and
error respectively.

The model identification is based on the recursive infinite-history algorithm [35]

following:

0(t) =0(t — 1) + K(1) (y(1) — yprea(116)), (21)

where

00 = a1 o) .. D) B0 ... b 22)

corresponds to the identified parameters at time ¢, y(¢) the measured plant output at ¢,
ypred(116) = ¢ (1)0(1 — 1) the prediction of y(f) accounting for measurements up to

t —1and K(z) = Q(t)y (t), where ¢ (¢) is the gradient of ypeq(#|6) and Q(¢) admits:

y P@-1)
OO =TT O RG- De 2
where
Py =P -1)+1- LU= DY @4 (OPG 1) 24)

L+yT ()P(t = Dy (1)
P(t) represents the covariance of parameter identification error with P(0) = 1.
At each control interval, the parameters 6(¢) are identified and the A(q), B(q)
polynomial are converted to state-space formulation resulting in the A%, B;‘, ,C ,’j and Df,
matrices used in Eq. (7).
As mentioned earlier, a Kalman filter is used in the control scheme for state estima-
tion and the recursive infinite-history algorithm for real-time parameter identification of
the prediction model. As displayed in Figure 1, these are implemented as two separate

blocks, in a decentralized approach. This approach offers the flexibility of the inde-

pendent design of the state and the parameter estimation algorithms. Consequently, a

12
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variety of combinations of different real-time model identification algorithms can easily
be tested. A single joint algorithm, a centralized approach, featuring both state and

parameter estimation could also be implemented, but this is not examined in this study.

3. Case study

To validate the performance and robustness of the proposed AMPC tracking con-
troller, a parametric case study is utilized. To facilitate the design and testing of the
controller, the hybrid model is simulated virtually in the sense that all of its substructures
are simulated numerically and thus virtual PS (vPS) are employed instead of physical
specimens. In this section, the utilized performance metrics are defined first, then the
problem formulation of the case study is introduced and, finally, the design properties

of the tracking controller are addressed.

3.1. Performance metrics

To assess the performance of the controller, three metrics are defined. These are:

1. Tracking time-delay, defined by the correlation between the reference signal r

and plant output y:

Ji = (arg max ( Corr(r (i), y(i — k))))fRTHS [msec], (25)
k

where frrus = 10 kHz is the sampling frequency of RTHS.

2. Normalized Root Mean Square Error (NRMSE) of the tracking error, denoted as:

2 [y -r)]

Jr = 5 x 100 [%]. (26)
= )
3. Peak Tracking Error (PTE), denoted as:
Jz = M x 100 [%]. (27)

max |r(7)|

13
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Above, J; represents the maximum cross-correlation between the reference and the
measured plant output. It is used to quantify how these two signals differ in time.
Specifically, cross-correlation represents the number of time steps that the measured
plant output should be shifted to match the reference. For J; > 0 the measured plant
output has a delay with respect to the reference, i.e., there is a tracking delay, while
for J; < 0 the measured plant output is leading the reference, i.e., overcompensation is
occurring. Performance measure J, establishes the level of how quantitatively different
the reference and measured plant output are, considering the entire simulation period.
Performance measure J3 represents the maximum tracking error. The objective of the

tracking controller is to maintain Jy, J> and J3 as close to zero as possible [36].

3.2. Problem formulation

The case study prototype is a motorcycle. The hybrid model of the motorcycle
is made of four NS and one vPS. The NS are: i) the engine, ii) the motorcycle body
dynamics, iii) the rear wheel braking system and iv) the front wheel braking system. The
vPS is the electrically continuously variable transmission (eCVT) of the motorcycle.

The eCVT vPS corresponds to a MIMO model with two sets of one input / one
output. The first set is connected to the motorcycle engine NS and the second one to the
motorcycle body NS. The latter connection corresponds to the transmission output shaft
of the motorcycle. The engine NS simulates the dynamics of the combustion engine. It
is represented by a multi-input-single-output (MISO) model, with its inputs being the
throttle percentage thr and the angular velocity of the engine w,, and its single output
being the torque of the engine 7.,. The motorcycle body NS represents the body or
chassis dynamics of the motorcycle together with the dynamics of the wheels, tires and
suspensions along with the road profile and the environmental driving conditions. It is
represented by a MIMO model with 3 sets of one input / one output. The first set is
connected to the eCVT vPS with the torque 7,4 as input and the angular velocity w, g4
of the transmission output shaft as output. The second and third sets are linked to the
rear and front wheel braking system NS respectively. Both braking systems are MISO
models. The rear wheel braking system NS inputs are the angular velocity of the rear

wheel w,,, and the applied force on the brake pedal F},,, while its single output is the

14
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Figure 4. Hybrid model block diagram.

braking torque of the rear wheel 7,,,. Respectively, the front wheel braking system NS
inputs are the angular velocity of the front wheel w r ,,, and the applied force on the brake
lever Fy,,,, and its single output is the braking torque in the front wheel 7¢,,. Figure 4
illustrates the interconnections between NS and the vPS, while Figure 5 depicts the real
eCVT PS that would be utilized in a non-virtual RTHS. To develop the substructures of
the hybrid model, the multi-physics simulation software Simcenter Amesim was used.
The report of [37] offers a thorough description of the utilized substructures along with
the equations governing their motion. To interconnect and co-simulate all substructures
as well as the RTHS algorithm in real-time, the Simcenter real-time platform was used.

The forces applied on the brake pedal (to activate the rear wheel brakes) and the
brake lever (to activate the front wheel brakes) are considered equal and expressed in
Newton, Fp,,, = Fpr;,,, and thr, Fp,,, as defined in Eqgs. (28) and (29) respectively.
The maximum applied throttle is 0.5 (50%), which corresponds to half-open throttle. In
Figure 6 the applied driving scenario of the case study is shown. The road profile, i.e.,
height of the ground, is expressed by the /2 (x) sinusoidal signal and follows Eq. (30),
where x is the current motorcycle position in meters. The ambient wind velocity is
considered to be zero. The simulation duration of the case study is 45 sec. A fourth-
order Runge—Kutta (RK4) method with a fixed time step of 0.1 msec is used as the
numerical integration scheme in the conducted RTHS of the dynamic response of the
motorcycle virtual hybrid model during the driving scenario. Figure 7 displays some

indicative dynamic responses of the virtual hybrid model of the motorcycle, excited

15
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a7 under the driving scenario on the given road profile and in the given wind conditions.
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50 ,25 <t <32
Fpr,,, (1) = (29)
-10r ,32<t <37

0 , elsewhere

0 ,0<x<2
h(x) = (30)
0.02(005 (32x) - 1) , elsewhere
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Figure 7. Indicative hybrid model responses: (a) angular velocity of the rear wheel, (b) braking torque of
the rear wheel, (¢) angular velocity of the transmission output shaft, (d) torque of the transmission output

shaft, (e) torque of the engine and (f) motorcycle velocity.

Because the eCVT vPS (the motorcycle transmission) has two inputs, 7., and w4,

two actuation systems would be required if the RTHS would be conducted physically;
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hence two individual tracking controllers would be needed. However, without loss
of generality and for the sake of simplicity, one actuation system/tracking controller is
utilized as illustrated in Figure 4. It is applied between the eCVT vPS and the Engine NS
as the interconnection between the two has the highest frequency content thus requiring
the compensation for the RTHS to be as good as possible.

The plant of the case study corresponds to the eCVT vPS actuation system, i.e., the
inverter and the electric motor of Figure 4. Therefore, the plant output y of Figure 1
corresponds to the torque of the engine 7., while the reference r signal to Te,,,.
Measurements were conducted on the corresponding test bench at the testing facilities
of Siemens Industry Software for the system identification of the inverter and the electric
motor. This actuation system was identified as a second-order transfer function. Such

system is represented in continuous time as follows:

b b
G, = #’ (31)
azsc+ais+ap
where
bl = O, b() =ap= 5657, any = 1 and a) = 78.62. (32)

It can also be expressed as G, = w?/(s? + 2{w,s + w?), with w, and ¢ its natural
frequency and damping, respectively.

In a study by Silva et al. [36], coefficients of variation of up to 5% and 7% of the
plant’s natural frequency and damping, respectively, were identified after conducting
several HS runs. These were mainly due to physical changes of the experimental setup
after repeated testing. Therefore, in order to simulate potential variations of the plant
G, used in this study, its natural frequency w, and damping { were selected to vary. To
be conservative and expose the tracking controller to more severe conditions, w,, and ¢
vary with a coefficient of variation of 15% and 17% respectively, during the simulation,
every 0.25 seconds of the RTHS. The variations are implemented by changing the
values of by, ag. Particularly, by, ag ~ N (5657, 1640.53) and b equals ag. Therefore,
the goal of the real-time model identification algorithm, presented in Section 2.3 is to

capture the applied variations of G,, and to correctly identify its changing dynamics
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and provide the MPC with the updated prediction model. Figures 9a-d illustrate in blue
color the applied variations of G, over the simulation time. The initial values of G,
are those of Eq. (32).

Furthermore, to assess the robustness of the proposed tracking controller under
various hybrid model configurations, eleven parameters of the motorcycle virtual hybrid
model are selected to vary. Table 1 provides an overview of these parameters. A uniform
distribution is assigned to each chosen parameter. Their mean values and standard
deviations are identified from [38, 39, 40] to reflect a range of possible parameter
variations of the corresponding motorcycle components. The nominal parameter values
for this case study are their mean values. Using the Latin hypercube sampling (LHS)
method [41], 200 samples are obtained from each parameter and hence 200 hybrid
model evaluations are performed. In contrast with ag, by parameters of G, that are
varying in real-time, the parameters of Table 1 remain constant during each RTHS run,
but their values are changed in every successive RTHS. For the scope of the presented
study, 200 sample points are considered sufficient to adequately capture the underlying
probability space and thus to expose the tracking controller to wide parameter variations.
The stability of the hybrid model was not affected by the variation of the plant dynamics
and Table’s 1 parameters. This can be appreciated from the results presented in Table 2

and Figure 8 of Section 4, as in each case the hybrid model response was stable.

3.3. Tracking controller design properties

The initial matrices of the prediction model (A%, BY, C and DY, of Eq. (7)) coincide

with the dynamics of the plant model of Eq. (31) and follow:

o 096859 -0.0348| |0.0031
AY = BY = : (33)
0.02519  0.9996 0
0 0
Y = [o 11.0488] DY) = [0] :

The disturbance d and noise n models, described in Egs. (2) and (3), respectively, are

additive to the plant output and admit:
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N M Standard
Parameter Description Distribution va?ﬁlt: deiz,lilat?;n Units
Vertical stiffness
Ky rear tire Uniform 58570 11714 N/m
Vertical damping
Zrt rear tire Uniform 11650 3495 Ns/m
Vertical stiffness
Kgy front tire Uniform 25000 5000 N/m
Vertical damping
Zfy front tire Uniform 2134 640.2 Ns/m
Stiffness
K rear suspension Uniform 125000 25000 N/m
Damping
Zyrs rear suspension Uniform 10000 3000 Ns/m
Stiffness
Ky front suspension Uniform 19000 3800 N/m
Damping
Zfs front suspension Uniform 1250 375 Ns/m
M Motorcycliggass Uniform 300 6 Kg
Engine moment
J of inertia Uniform 0.0115 0.0023 Kgm?
Engine coefficient
u of viscous friction Uniform 0.001 0.00005 Nm/(rev/min)

Table 1. Motorcycle virtual hybrid model parameters with their assigned statistical distributions.
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365

xq(k + 1) = x4(k) +0.0004uy (k) (34)

d(k) = xq(k),

n(k) = u,(k), (35)

with Ay = 1,B; = 0.0004,C4 = 1and D; = O, while A, = 0,B, = 0,C,, =
0 and D, = 1. Recall that the inputs to the disturbance and noise models, i.e., u4 and
uy, respectively, follow the standard Gaussian distribution, namely u g4, u,, ~ N(0, 1).
According to Egs. (10) and (11), the state-space formulation of the plant dynamics for

k = 0, including the disturbance and noise model follows:

0.96859 -0.0348 0 O 0.0031 0 0
0.02519 0.9996 0 O 0 0 0

c = ,Be = , (36)
0 0 1 0 0 0.0004 O
0 0 0 0 0 0 0

Ce=10 11.0488 1 0],Dc=[0 0 1],

The initial Kalman filter gain vectors admit:

0 T
L =[o.157 0.917 0.398] le-3, 37)

T

MO = [0.195 0.912 0.398] le=3.
The tuning weights of Eq. (1) are selected to be w¥ = 5.204 and w* = 0.096, while
ny, hy equal to 1 as the plant is a single-input-single-output (SISO) model. Each control
interval is obtained with a sampling frequency of 2.5 kHz and the prediction horizon is

P = 10. The constraints of Eq. (9) represent safety limits regarding the plant input and

admit:

—200 <u <200 [Nm]. (38)

21



371

372

373

375

376

377

379

380

4. Results and discussions

Table 2 presents the performance metrics, Ji, J» and Jz, of the proposed tracking

controller for the aforementioned simulation and Figure 8 displays their normalized

histograms.
Stochastic
Nominal
Mean Values | Standard Deviation
Ji [msec] 2.5 2.5 0
Jo [%] 0.32 0.34 0.01
J3 [%] 2.79 2.82 0.21
Table 2. Performance metrics results.
! 0.3
0.8 0.25
0.2
0.6
0.15
0.4
0.1
0.2
0.05
0 0 0
2.45 25 2.55 0.32 0.34 0.36 25 3 35
J; Time delay [msec] J> NRMSE [%] J; PTE [%)]

Figure 8. Normalized histograms of Ji, J, and J3, obtained from 200 virtual RTHS evaluations.

The nominal results of Table 2 refer to the case when the mean values of the parameters
in Table 1 were used: hence they correspond to a single deterministic RTHS. The
stochastic results refer to the outcomes from the 200 RTHS evaluations. In both
deterministic (nominal) and stochastic cases, the parameters ag, by of G,, vary as
displayed in Figure 9.

As mentioned above, the performance of the tracking controller is assessed by

how close to zero the performance metrics are. From Table 2 and Figure 8, it can be
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Figure 9. Applied variations in the parameters of the plant and the identified values from the real-time model

identification algorithm: (a) ag, (b) ay, (¢) by and (d) b;.

appreciated that J1, J> and J3 are quite small and hence the proposed control scheme can
adequately regulate the desired plant output even under the presence of hybrid model
parameter and plant dynamics variations, proving as well its robustness.

Figure 9 also presents in red color the parameters of the plant dynamics that the
real-time model identification algorithm estimates at each control interval. As stated in
Eq. (28), for the first 5 seconds of the simulation there is no input (zero values) to the
hybrid model and hence the output is also zero. As a result, the identification algorithm
returns zero values. It can be observed that after the first 5 seconds, the algorithm starts
to respond. Recall that there were no applied variations for a; and b;. However, the
algorithm fails to accurately identify these two parameters (Figures 9b,d). Nevertheless,

their deviation is relatively small. Regarding a¢ and b, the predictions are satisfactory
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Figure 10. Plant system identification error. Figure 11. Torque responses of the engine NS:

reference Ten,qf and measured T, .

as shown from Figures 9a,c. Figure 10 displays the overall identification error of the

real-time model identification algorithm, defined as:

_ y(t) = ypred(t)
#0) = @)

x 100  [%]. 39
From Figure 10, it can be stated that the overall identification error is quite small and thus
the parameter identifications are acceptable. It should be noted that the performance
of the real-time model identification algorithm is crucial for the overall performance of
the adaptive MPC. The model that the algorithm identifies is used internally in MPC as
its prediction model. Hence, faulty system identification of the plant could yield large
tracking errors.

Figure 11 displays, for the nominal RTHS case, the reference values of the plant,
namely the output of the engine NS 7, ,, and the plant output, namely the input
to the vPS, 7.,. An ideal tracking controller should be able to compensate for the
actuation system dynamics so that Tenyey and 7., are as close as possible. As shown
from Figure 11, the tracking error between the two signals is very small indeed.

Based on the above results, the proposed tracking controller can provide the desired
performance and at the same time be robust to hybrid model and actuation system
variations, as well as to the introduced disturbances and measurement noise. Addition-
ally, using the proposed tracking controller, the tracking errors and time delays that are

introduced due to the inherent dynamics of the actuation system used, are satisfactorily
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compensated, enabling thus RTHS outcomes of high fidelity. As a result, the proposed

control scheme is demonstrated to be suitable for RTHS.

5. Conclusions

In this study, a novel tracking controller for dynamics compensation in real-time
hybrid simulation was proposed. Although real-time hybrid simulation is an effective
testing technique, it is challenging as the inherent dynamics of the actuation system
introduce time delays that require compensation. Therefore, a good tracking controller is
an element of the physical specimen testing setup needed to obtain high fidelity real-time
hybrid simulation. The proposed control scheme is an extension of the model predictive
control presented in [21] to include an adaptive behavior. It is based on adaptive
model predictive control, a linear time-varying Kalman filter, and a real-time model
identification algorithm. For the latter, ARX polynomial models are identified in real-
time to estimate the changing plant dynamics and are used to update the prediction model
of the model predictive controller. A parametric virtual real-time hybrid simulation
case study is used to validate the performance and robustness of the proposed control
scheme. In particular, the plant dynamics were varying during the simulation in the
presence of disturbance and measurement noise, additive to its output. Additionally,
parameters of the hybrid model were chosen and assigned with random values via
prescribed probability distributions. A total of 200 samples were generated and 200
hybrid simulation evaluations were performed to assess whether the proposed control
scheme is robust and preserves the desired performance. Results indicate that the
controller can guarantee small tracking errors under uncertainties that may be present
during the hybrid simulation. As a result, the effectiveness of the proposed control
methodology was demonstrated proving that the adaptive model predictive control is
a suitable approach for real-time hybrid simulation. Future work aims to deploy the
proposed tracking controller in a test bench as well as to examine how multiple model
predictive controllers could coordinate in real-time, controlling multiple individual

physical substructures of a hybrid model.
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