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Abstract

Piston engine system identification models are crucial for autonomous and control-oriented
applications. However, piston engines exhibit relatively unstable behavior, which may
lead to overspeed during open-loop operation. In this study, system identification of a
piston engine is investigated on a piston engine–dynamometer test bench. The identi-
fication process is carried out under closed-loop conditions to ensure safe and reliable
operation. Known system parameters are utilized to transform the closed-loop system into
an equivalent open-loop representation. Three system identification models—a State-Space
model, a nonlinear ARX model, and a Hammerstein–Wiener model—are employed and
comparatively evaluated. The identified models are validated based on their closed-loop
responses. Subsequently, a gain scheduled cruise controller is designed using the identified
model and implemented on an engine dynamic model. Finally, a disturbance observer is
integrated into the cruise controller to enhance disturbance rejection performance. The
disturbance observer is developed based on the identified system model.

Keywords: closed loop system identification; piston engine model; cruise controller design;
disturbance observer design; system identification model validation; disturbance observer
based on system identification model

1. Introduction
Engine model is a crucial process for engine controller design because it provides

effective testing and simulation possibilities [1]. Numerous modeling methods are deployed
into piston engines for closed-loop control [2]. Early modeling methods started with
modeling subsystems such as throttle body, manifold, crankshaft, and injection system with
physical laws [3]. Then, experimental data is used to feed the mathematical model of piston
engines [4]. The Mean Value Engine Model (MVEM) is proposed to adjust mathematical
model coefficients by mean value error criteria in experimental datasets [1]. The mean
value model is widely used to present engine model, and higher accuracy is achieved by
adding more subsystem into model and increasing model complexity [1]. Although the
MVEM is widely used and has high accuracy, it requires aerodynamic and thermodynamic
knowledge; it also requires piston engine mechanical part specification. Thus, system
identification methods are employed to create piston engine dynamic models [5]. In
addition to classical system identification methods, neural-network-based approaches,
such as recurrent neural networks (RNNs), deep neural networks (DNNs), and more
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recently transformer-based architectures, have been applied to engine modeling due to
their strong capability in capturing nonlinear and time-dependent system dynamics [6–9].
However, these approaches typically require large datasets, and their use in control-oriented
applications remains limited due to challenges in interpretability, stability analysis, and
controller design [10–12]. Therefore, in this study classical identification models such as
State-Space, nonlinear ARX and Hammerstein–Wiener are employed. System identification
on a piston engine is a challenging process; it requires load torque which is provided by
a dynamometer. In case of no load conditions, engine speed can go overspeed. System
identification on the dynamometer–engine system is being investigated by some researchers.
In ref. [13], the engine is represented as a first-order transfer function with time delay and
assumes the dynamometer as a first-order transfer function; then, system identification
methods are applied on frequency domain and design controller to keep the system at the
desired speed and torque curve. In ref. [13], system identification is performed separately
for the engine and the dynamometer. In ref. [14], the engine is modeled as a first-order
system with time delay. System identification is performed separately for the engine–
dynamometer model, and a controller is designed to maintain the desired speed and
torque profile. In ref. [15], parameter estimation is performed for the dynamometer–engine
system, and the study focuses on controller design following the system identification
process. In previous studies, the system identification processes are applied on system
while the system is driven with open-loop operation. In this work, piston engine system
identification is applied while the test bench is operated in closed-loop mode. Closed-loop
system identification provides safe, time-efficient and accurate system identification on
piston engines. In closed-loop operation, the electrical DC motor dynamometer regulates
test bench speed at the desired value and engine torque is adjusted by the engine’s throttle.
From a control perspective, the engine–dynamometer system can be characterized as a
nonlinear system affected by disturbances and parameter variations, where maintaining
the desired operating condition is critical. Nonlinear control strategies and model-based
control approaches have been widely studied to handle such systems, particularly in the
presence of external disturbances [16,17]. In this context, gain scheduling is employed to
handle system nonlinearities by adapting controller parameters across operating conditions.
Furthermore, disturbance observer (DOB)-based methods are utilized to estimate and
compensate unknown disturbances affecting engine torque. Therefore, the proposed
approach combines gain scheduling and disturbance observer design to achieve effective
disturbance compensation.

2. Piston Engine–Dynamometer System
In the industry, piston engine performance tests are carried out via dynamometer

setups. These tests aim at extracting piston engine torque-speed, temperature and fuel
consumption characteristics. The dynamometer is connected to piston engine shaft as seen
in Figure 1. Dynamometer is an essential part of the test bench because the piston engine
is a relatively unstable system. This means that the engine can go overspeed at no load
condition. The dynamometer provides brake torque for the piston engine, thus regulating
piston engine speed and preventing overspeed cases. Dynamometers may have different
types such as hydraulic, electric motors, and eddy current-actuated ones [18].

In this work, the dynamometer system was selected as the DC motor type, which has
adequate control performance [18].

In closed-loop operation, the dynamometer controls system speed by adjusting brake
torque. Since the dynamometer is connected to the engine shaft, the piston engine and
dynamometer have the same speed.
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Figure 1. Piston engine–dynamometer system representation.

2.1. Piston Engine Model

The engine model is deployed in the Simulink environment. A 1.5 L Spark-Ignited
turbocharged engine model is used as the engine dynamic model, as seen in Figure 2 [19].
The model includes air mass flow dynamic components such as environmental intake,
air filter, air intake system, compressor, throttle body, intake manifold and turbocharger.
The model is based on air flow into a piston cylinder. The air flow is expressed as engine
parameters, engine speed and throttle angle. Engine torque is derived from engine speed–
air mass look-up tables. The detailed expression for the engine model is explained in
the [19].

A simplified representation of the engine model structure is shown in Figure 3.
In an engine model, the engine torque Teng is a function of engine speed engspeed,

throttle angle throttleangle and engine parameters engparam as expressed in Equation (1).

Teng = f
(

engparam, engspeed, throttleangle

)
(1)

f function includes differential functions, nonlinearities and look-up tables.
The main symbols and variables used throughout this study are summarized in Table 1

for clarity and ease of reference.

Table 1. Summary of notations.

Symbol Description

Teng Engine torque

Tdyno Dynamometer torque

Loadtorque External load torque

Gidsm Identified minimum phase engine model

Gdyno Dynamometer dynamics

Gsys Transmission dynamics

G f ilter Low pass filter used to obtain implementable system

thr Throttle input

Thrdist Throttle compensation signal from disturbance observer

spd System speed

re f Speed reference

err Speed error

PI PI controller

V(t) Motor voltage

Vcontroller(t) Controller output voltage

Vbias(t) Bias voltage

i(t) Motor current

L Motor inductance

R Motor resistance

https://doi.org/10.3390/app16084037
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Figure 2. Engine dynamic model at Simulink environment.
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Figure 3. Engine model diagram.

2.2. Dynamometer Model

In this work, a DC motor type dynamometer is deployed and modeled with an
equivalent circuit model as in shown in Figure 4.

L·di(t)
dt

+ R·i(t) = V(t)− em f ·motorspeed (2)

Tmotor = Kt · i(t) (3)

L = motor inductance R = motor resistance

i (t) = motor current V(t) = motor voltage

motorspeed = motor speed em f = back em f constant

Kt = torque constant Tmotor = torque o f motor

Figure 4. Dc motor model.

2.3. Transmission Model

The piston engine and the dynamometer are connected by a shaft, thus their speeds
are the same. The engine intends to accelerate the system, and the dynamometer intends to
decelerate the system. The transmission system illustrated in Figure 5 and its dynamics are
expressed in Equation (4).

Jsystem
.

ω = Tengine − Tdyno − Bsystemω (4)

Jsystem = Inertia o f system Tdyno = Dynamometer Torque

https://doi.org/10.3390/app16084037
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Bsystem = Friction coe f f icient Tengine = Engine Torque

ω = System angular speed
.

ω = System angular acceleration

Figure 5. Transmission system representation.

3. Closed-Loop System Identification
In this work, the dynamometer controller is selected as PI for its linearity properties.

The system speed is kept constant by the dynamometer controller during the dynamometer
test operation by adjusting dynamometer torque Tdyno. Thus, motorspeed in Equation (2) is
assumed to be a constant value. Bias voltage is added to controller response to eliminate
the back emf effect on motor dynamics as depicted in Equation (2).

V(t) = Vcontroller(t) + Vbias(t) (5)

Vbias(t) = em f ·motorspeed(t) (6)

V(t) = Motor Voltage Vbias(t) = Bias Voltage

motorspeed = Dynamometer System Speed

Vcontroller(t) = Controller Response Voltage em f = back em f constant

The closed-loop system diagram is shown in Figure 6.

Figure 6. Dynamometer system closed-loop diagram.

The controller, dynamometer dynamics and transmission dynamics are the known
systems, but the engine model is an unknown blackbox system. In the literature, researchers
have focused on closed-loop system identification [20–23]. In ref. [20], system identification
is performed on a closed-loop system by converting it into an open-loop system. In ref. [21],
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a method for converting a closed-loop system into an open-loop system is also suggested.
In this work, the closed-loop system is transformed into an equivalent open-loop system,
where the input is speed error err and the output is engine torque Teng.

Teng(t) = engine torque

Tdyno(t) = dynamometer torque

thr(t) = throttle input

spd(t) = system speed

re f (t) = speed reference

err(t) = re f (t)− spd(t)

Geng = engine dynamics

Gdyno = dynamometer dynamics

Gsys = transmission dynamics

PI = Proportinal − integral controller

Teng = thr ∗ Geng (7)

Tdyno = err ∗ PI ∗ Gdyno (8)

(T eng − Tdyno) ∗ Gsys = spd (9)

re f − (Teng − Tdyno) ∗ Gsys = err (10)

re f −
(

thr ∗ Geng − err ∗ PI ∗ Gdyno

)
∗ Gsys = err (11)

re f −
(
thr ∗ Geng ∗ Gsys

)
= err(1 + PI ∗ Gdyno ∗ Gsys) (12)

err =
re f − thr ∗ Geng ∗ Gsys

(1 + PI ∗ Gdyno ∗ Gsys)
(13)

err ∗ (1 + PI ∗ Gdyno ∗ Gsys) = re f − thr ∗ Geng ∗ Gsys (14)

thr ∗ Geng ∗ Gsys = re f − err ∗ (1 + PI ∗ Gdyno ∗ Gsys) (15)

Teng =
re f − err ∗ (1 + PI ∗ Gdyno ∗ Gsys)

Gsys
(16)

Note that in Equation (16), 1
Gsys

term is a non-causal system. It cannot be modeled

mathematically. Thus, GFilter is deployed. GFilter is a low pass filter and makes
Gsys

GFilter
implementable. The same concept is used in the disturbance observer design as the Q(s)
filter [24].

Teng ∗ GFilter =
(

re f − err ∗ (1 + PI ∗ Gdyno ∗ Gsys)
)

∗
(

GFilter
Gsys

)
(17)

GFilter’s cut-off frequency should be chosen to be too high; therefore, it does not affect
system identification performance. Engine torque is derived from the measured values
and system parameters as expressed in Equation (17). Speed error err is a measured value
and system speed reference re f , dynamometer controller PI, dynamometer dynamic Gdyno,
transmission dynamic Gsys, and low pass filter GFilter are known parameters.
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In this work, the chirp signal, which is commonly used in the identification process, is
injected into throttle command. Its formula is expressed in Equation (18) [23].

u(t) = Acos(w1t + (w2 − w1)

(
t2

2N

)
) (18)

w1 = initial f requency , w2 = f inal f requency

t = time index, N = time period 0 < t < N

The dynamometer controller tries to keep the system at constant reference speed; then,
a chirp signal is added to the throttle command. The identification process is shown in
Figure 7. Engine torque Teng, is obtained from Equation (17).

Figure 7. System identification diagram.

In the simulation, the LEM-200D135RAGS motor was chosen as a dynamometer. Its
parameters are shown in Table 2 [25].

Table 2. LEM-200D135RAGS parameters.

Name Parameter Value Unit
Torque Constant Kt 0.21 Nm/A
Back Emf Constant emf 0.239 V/(rad/s)
Electrical Resistance R 16.95 mΩ
Inductance L 16 uH

Transmission system parameters are taken from [15], as shown in Table 3.

Table 3. Transmission system parameters.

Name Parameter Value Unit

System Inertia Jsystem 0.155 Kg·m2

Friction Coefficient Bsystem 0.089 Nm·(s/rad)

The simulation engine model is deployed as a 1.5 L Spark-Ignited turbocharged engine.
The dynamometer controller is iteratively tuned. Note that this work does not focus on
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https://doi.org/10.3390/app16084037


Appl. Sci. 2026, 16, 4037 9 of 24

dynamometer controller design, thus the dynamometer controller is tuned iteratively. PI
values are indicated in Table 4.

Table 4. PI controller parameters.

Name Parameter Value Unit
Proportional Term P 1.05
Integration Term I 0.95
Reference speed ref 2000 rpm

After the closed-loop system reaches steady state, chirp signal is injected into the
throttle input and speed error is recorded, as shown in Figures 8 and 9.

Figure 8. Throttle position in the system identification process.

Figure 9. Speed error in the system identification process.

Motor torque, Teng, is derived from Equation (17) as shown in Figure 10.

https://doi.org/10.3390/app16084037

https://doi.org/10.3390/app16084037


Appl. Sci. 2026, 16, 4037 10 of 24

Figure 10. Motor torque, Teng, in system identification process.

4. System Identification Methods
Three system identification methods—the State-Space model, nonlinear ARX model

and Hammerstein–Wiener model—are deployed. Three methods are commonly used in
the identification of piston engine dynamics [26–28].

4.1. State-Space Model

The State-Space model is depicted in Equation (19). A, B, C, D are State-Space matrices,
x(t) is the state vector, u(t) is the system input, y(t) is the system output, d(t) is the
disturbance and K is disturbance distribution matrix.

.
x(t) = Ax(t) + Bu(t) + Kd(t) (19)

y(t) = Cx(t) + Du(t) + d(t)

The Subspace State-Space system identification (N4SID) method uses numerical tech-
niques for the identification process. This method is commonly used for State-Space model
identification [29]. The State-Space System is chosen as a second order and the model
reaches 91.57% simulation fits, as seen in Figure 11.

Figure 11. State-Space model system identification result.
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4.2. Nonlinear ARX Model

The nonlinear ARX Model uses past input and output states and the input’s current
states to compute the current output states, as seen in Equation (20) [30].

y(t) = F(y(t − 1), y(t − 2), . . . , y(t − a), u(t), u(t − 1), u(t − 2), ..., u(t − b) ) (20)

F = output mappin function

a = number of output past term

b = number of input past term

In the nonlinear ARX model, nonlinearity is configured as a Wavelet Network. The a
term is selected as 2 and the b term is selected as 2. As seen in Figure 12, the nonlinear ARX
model reached 98.42% fitting rate.

Figure 12. Nonlinear ARX model system identification result.

4.3. Hammerstein–Wiener Model

The Hammerstein–Wiener model includes linear and nonlinear blocks to describe
systems, as seen in Figure 13. A linear block describes system dynamics. Nonlinear blocks
represent nonlinear effects such as saturation or dead zone [31].

Figure 13. Hammerstein–Wiener model representation.

In the model configuration, the nonlinearity function is selected as a piecewise linear
function and the linear block is selected as the 2 zeros 2 poles transfer function. The
Hammerstein–Wiener model reached 94.65% fitting rate as seen in Figure 14.

https://doi.org/10.3390/app16084037
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Figure 14. Hammerstein–Wiener model system identification result.

5. Model Validation
Three system identification models are validated on closed-loop performance with

the same PI controller coefficient. Engine torque closed-loop model is created in Simulink
as seen in Figure 15. Then engine model block is replaced with the State-Space, nonlinear
ARX, Hammerstein–Wiener model and engine dynamic model respectively.

Figure 15. Engine models’ closed-loop diagram.

The closed-loop responses are compared based on step response characteristics. The
graphical results are presented in Figures 16–18. To quantitatively evaluate model accuracy,
the Root Mean Square Error (RMSE), defined in Equation (21), is used and the results are
reported in Tables 5–7.

RMSEIdenti f icationModel =

√
1
N ∑N

k=1 (y EngDynamicModel(k)− yIdenti f icationModel(k))
2 (21)

yEngDynamicModel(k) = engine dynamic model output

yIdenti f icationModel(k) = identification model output

N = total number o f sample

Table 5. Closed-loop RMSE comparison of identification models.

Model RMSE (Nm)
State-Space 0.0144

Nonlinear ARX 0.5695
Hammerstein-Wienner 0.0389

https://doi.org/10.3390/app16084037
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Figure 16. Closed-loop response of models.

Figure 17. Closed-loop response of model at 60–74 nm reference.

Figure 18. Closed-loop response of models at 63–64 nm reference.
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Table 6. Closed-loop RMSE comparison of identification models at 60–74 nm reference.

Model RMSE (Nm)
State-Space 0.5241

Hammerstein–Wiener 0.4313

Table 7. Closed-loop RMSE comparison of identification models at 63–64 Nm reference.

Model RMSE (Nm)
State-Space 0.0126

Hammerstein–Wiener 0.0405

The nonlinear ARX model’s closed-loop response is prone to oscillation in some torque
ranges. Therefore, it is negatively distinguished from the other models. The State-Space
and Hammerstein–Wiener models provide adequate response at all torque ranges.

In conclusion, the State-Space and Hammerstein–Wiener models provide adequate
closed-loop validation. The Hammerstein–Wiener model shows better performance at
the high torque reference step as seen in Figure 17. The State-Space model shows better
performance at the small torque reference step as seen in Figure 18. The State-Space model
is used for the cruise controller design in the following sections.

6. Cruise Controller Design
The piston engine speed controller has been investigated by previous research [32–34].

In this work, the cruise control concept is implemented on a piston engine, as shown
in Figure 19. The cruise controller maintains the engine speed at constant reference val-
ues [34,35]. The controller is deployed after the system reaches reference speed; then, it
preserves system speed against load torque.

Figure 19. Cruise controller model diagram.

Load torques change during operation. For example, in vehicle drive applications,
it changes alongside drive characteristics [32], in generator applications, it changes with
load current [33] and in aircraft applications, it changes alongside flight characteristics [36].
Cruise control conserves system speed against drastic load torque changes. The dynamic
model of the piston engine relating throttle to torque, based on the State-Space formulation,
has been obtained in previous work. The piston engine dynamic system strongly depends
on air flow which is adjusted by throttle level. Therefore, system dynamics change with
throttle angle. Deploying a single PID controller could not achieve an adequate response.
Thus gain scheduling controller is deployed.

https://doi.org/10.3390/app16084037
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Gain Schedule Controller

The gain schedule method is widely used to control complex nonlinear systems [37,38].
In gain schedule control, different operation points are determined; then, sufficient control
is designed for these points. Controller gains are interpolated between designed controller
gains according to operation point changes during operation [35,36]. The gain schedule
controller is used when a single controller set cannot provide sufficient performance
throughout the entire operation range. In a gain schedule controller, the nonlinear plant
is linearized at different operation points, then the linear controller parameters are tuned
on linearized plants. The controller gains are scheduled according to operation points [39].
In progress work, State-Space system identification models are used instead of linearized
models. The operation points are adjusted by throttle angle such as 3◦, 5◦ and 10◦. The
State-Space system identification process is repeated at these three different throttle angles.
Then, the PID controller is tuned based on these system identification models, as shown
in Figure 20.

Figure 20. Gain schedule controller design process.

After designing a PID controller for three throttle positions (3◦, 5◦ and 10◦) with
disturbance rejection criteria, the PID coefficients are scheduled with a throttle signal as
seen in Figure 21. The overall gain scheduled cruise controller design diagram is shown
in Figure 22. Cruise control maintains the system speed at 2000 rpm, the controller’s
coefficients are interpolated with the throttle angle as seen in Figure 22 and the load profile
changes during operation.

Figure 21. Gain schedule controller Simulink implementation.
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Figure 22. Gain scheduling cruise controller diagram.

The load torque profile is selected as a ramp profile which increases from 10 Nm to
70 Nm in 10 s as seen in Figure 23 and decreases from 70 Nm to 10 Nm in 10 s as seen
in Figure 24.

Figure 23. Load torque ramp-up profile.

Gain scheduling cruise controller rejects ramp-up load torque disturbance in 17 s and
deviates at a maximum of 50 rpm from reference speed as seen in Figure 25.

https://doi.org/10.3390/app16084037
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Figure 24. Load torque ramp-down profile.

Figure 25. Gain scheduled cruise controller engine speed response against ramp-up load profile.

Gain scheduled cruise controller rejects ramp-down load torque disturbance in 16 s
and deviates at a maximum of 62 rpm from the reference speed, as seen in Figure 26.

https://doi.org/10.3390/app16084037
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Figure 26. Gain scheduled cruise controller engine speed response against ramp-down load profile.

7. Disturbance Observer Design
In the general disturbance observable concept, the disturbance is added to plant

input, as seen in Figure 27, but in the cruise controller concept, the disturbance is added
to engine torque. Therefore, classic disturbance observable method is not proper for the
cruise controller.

Figure 27. Classical disturbance observer design.

The disturbance observer helps the controller to overcome disturbance effect. In this
work, a disturbance observer is designed for measurable load torques and unmeasurable
load torques. Thrdist command is added to throttle, the command compensate load torque
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effect. Thrdist is expressed at Equation (22). G f ilter is added to make the (G idsm)
−1 ∗ G f ilter

term causal. The corresponding block diagram is shown in Figure 28.

Thrdist = Loadtorque ∗ (G idsm)
−1 ∗ G f ilter (22)

Gidsm = System Identi f ied Engine Model

G f ilter = Low pass f ilter

Loadtorque = External load torque

Figure 28. Disturbance observer design for measurable load torque.

If load torque is unmeasurable, throttle compensation is applied based on the system
speed using the following equations.

(spd) ∗ (G sys)
−1 ∗ G f ilter = (T eng − Tload) ∗ G f ilter (23)

Teng ∼= thr ∗ Gidsm

thr ∗ Gidsm ∗ G f ilter − (spd) ∗ (G sys)
−1 ∗ G f ilter

∼= Tload G f ilter (24)

thrdis = Tload ∗ G f ilter ∗ Gidsm
−1 (25)

In Equation (24), both sides is multiply with Gidsm
−1

thr ∗ G f ilter − (spd) ∗ (G sys)
−1 ∗ G f ilter ∗ Gidsm

−1 ∼= Tload ∗ G f ilter ∗ Gidsm
−1 = thrdis

thrdis = thr ∗ G f ilter − (spd) ∗ (G sys)
−1 ∗ G f ilter ∗ Gidsm

−1 (26)

G f ilter is selected to guarantee that the (spd) ∗ (G sys)
−1 ∗ G f ilter ∗ Gidsm

−1 term is
causal. It could be second-degree or a higher degree. The thrdis command is derived from
system-measured values and parameters, as defined in Equation (26). Figure 29 presents
the block diagram of the disturbance observer for non-measurable load torque.

https://doi.org/10.3390/app16084037

https://doi.org/10.3390/app16084037


Appl. Sci. 2026, 16, 4037 20 of 24

Figure 29. Disturbance observer design for unmeasurable load torque.

Non-Minimum Phase Criteria

The disturbance observer design method is limited to a minimum phase system, which
means that all poles and zeros are inside a stable region. Designing a disturbance observer
for a non-minimum phase system which has an unstable zero is a challenging process.
Although some research focuses on disturbance observers for non-minimum phase systems,
the research includes additional design and mathematical processes [40,41]. The State-Space
system identification method reaches non-minimum phase models. Therefore, a transfer
function identification model is used to guarantee that the model is minimum-phase for
disturbance observer design. A third-degree one-zero minimum phase transfer function
model is used (G idsm) and a second-degree high-cutoff frequency filter is used as G f ilter.

Disturbance observer design improves cruise controller response, as seen in Figure 30;
maximum deviation is reduced from 62 rpm to 37 rpm with disturbance observer design
against ramp-down load profile. Similarly, against ramp-up profile, the disturbance ob-
server design reduces maximum deviation from 50 rpm to 28 rpm, as seen in Figure 31. In
addition, the control performance is further quantified using the reference tracking error
(RMSE), which also demonstrates improved performance with the disturbance observer
method as shown in Tables 8 and 9. The RMSE of the reference tracking error is defined in
Equation (27).

RMSEre f erencetralinerror =

√√√√ 1
N

N

∑
k=1

r(k)− y(k))2 (27)

r(k) = cruise re f erence speed(2000 rpm)

y(k) = engine speed

N = Number o f sample
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Figure 30. Cruise controller with disturbance observer against ramp-down load profile.

Figure 31. Cruise controller with disturbance observer against ramp-up profile.

Table 8. Performance comparison under ramp-down load profile.

Method Maximum Speed Deviation (rpm) Reference Tracking Error RMSE (rpm)

Gain Scheduling 62 27.72

Gain Scheduling + Disturbance Observer 37 12.7

Table 9. Performance comparison under ramp-up load profile.

Method Maximum Speed Deviation (rpm) Reference Tracking Error RMSE (rpm)

Gain Scheduling 50 26.29

Gain Scheduling + Disturbance Observer 28 9.36

8. Conclusions
In this work, the system identification process is applied on a piston engine–dynamometer

system while the system is operated in closed-loop mode. The piston engine’s throttle is a
measurable value. But obtaining engine torque is not possible due to noncausality; there-
fore, a high-cutoff frequency low pass filter is deployed to overcome noncausality. Engine
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torque is derived from a closed-loop model by using known parameters and measured
values. System identification is applied on throttle to engine torque and three identification
methods are used. Identification models are validated on their closed-loop performance.
Although the nonlinear ARX model reached the highest fitting rate, the State-Space and
Hammerstein–Wiener models achieve more correlated results in closed-loop validation.
Thus, the State-Space model has been chosen for cruise controller design. Piston engine
dynamics changed with throttle angle, thus one single PID coefficient could not provide
adequate response; therefore, gain schedule concepts are deployed. Finally, the disturbance
observer method is deployed to improve cruise controller performance. Classical distur-
bance observable design is not proper for this case. Therefore, the disturbance observable
design is reshaped for this case. State-Space model identification reaches a non-minimum
phase which is not suitable for a disturbance observer. Thus, instead of a State-Space model,
a transfer function model is used for the disturbance observer. In this manner, the identified
model is granted to be a minimum phase system. Disturbance observer improves cruise
controller response in simulation response.
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