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Chapter 1
Introduction 

1.1 Background and objective 

Feedback control systems have been known for over 2000 years; the oldest case is 
speculated to be the water clock devised by Ktesibios (ca. 270 BC) in Alexandria, ancient 
Greece [1]. The first full-scale use of feedback control in industry was the centrifugal 
governor used in J. Watt’s steam engine in 1778 [2]. In the nineteenth century, J. C. 
Maxwell, E. J. Routh, A. Hurwitz, A. M. Lyapunov, and others conducted research on 
stability. The Routh–Hurwitz stability criterion, which is based on characteristic 
equations for linear systems, and Lyapunov’s stability theorem, which can discriminate 
stability for a wide range of systems, including nonlinear systems, are well known today. 
In 1922, N. Minorsky conceived the prototype proportional–integral–derivative (PID) 
controller. H. Nyquist and H. W. Bode subsequently established the frequency-domain 
response method. The Nyquist stability criterion was devised in 1932, and the concepts 
of gain margin and phase margin were devised in 1940. In 1948, W. R. Evans proposed 
root locus analysis, which is a technique used as a stability criterion that differs 
completely from the method based on characteristic equations. Thus, by the 1950s, 
classical control theory, which is based on analysis and design in the frequency domain 
using the concept of a transfer function, was established [3] [4]. 

A paper authored by R. E. Kalman in 1960 [5] led to the systematization of modern 
control theory by the 1970s. Modern control theory is a control system design method 
that operates in the time domain using state variables. With advances in the practical use 
of computers, optimizing control and using Kalman filters became compatible with 
numerical computation and were rapidly developed. Research on adaptive control began 
in 1965; in the 1980s, robust control and model predictive control became active research 
topics. In addition to modern control theory, advanced methods such as robust control, 
adaptive control, and model predictive control are model-based control methods that 
enable a control system to be designed on the basis of the state-space model of the 
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controlled object. Whereas classical control involves extensive human intervention, such 
as in the design of PID controllers, model-based control is a systematic design method in 
which mathematical models are used to design an optimal control system by minimizing 
a cost function that quantifies the control performance. 

In control system design, knowledge of the controlled object model, such as its transfer 
function and state space, is important. In classical control, the control system is designed 
in the frequency domain; however, in reality, there are numerous aspects in which humans 
intervene and in which the experience and intuition of the designer are important factors 
[2]. In particular, the structure of the controller is commonly determined in advance and 
the controller parameters are tuned by trial and error so that indicators such as the steady-
state deviation, damping coefficient, gain margin, and the phase margin can be satisfied 
to some extent [6]. On the other hand, model-based control, which includes modern 
control, is a design method that requires less human intervention; however, it requires a 
state space model of the controlled object. Thus, an accurate understanding of the model 
of the controlled object is important. Although model-based control has produced 
extensive research results, an accurate mathematical model cannot be obtained for a 
complex controlled object with strong nonlinearity, such as an industrial system, which 
has led to the effects of model-based control not being fully demonstrated. In addition, 
the application of model-based control to industrial products is limited by the facts that 
(i) the order of the controller cannot be increased because of factors that limit the 
controller performance, such as its CPU and ROM/RAM area, and (ii) the model-based 
control system design requires specialized knowledge. Therefore, more than 90% of the 
closed-loop systems used in industry are PID controllers treated in classical control theory 
[7]. That is, PID controllers are highly compatible with industrial products because of 
their controller structure, which is suitable for implementation in mass production and is 
easy to understand intuitively. However, the trial-and-error tuning of controller 
parameters is required for high control performance. Although the well-known classical 
PID gain tuning methods are the frequency-domain method and the step-response method 
proposed by Ziegler and Nichols in 1942 and 1943 [8] [9], respectively, and the Chien–
Hrones–Reswick (CHR) method proposed by K. L. Chien, J. A. Hrones, and J. B. 
Reswick in 1952 [10], these are not methods to obtain the parameters that minimize the 
cost function. Indeed, they do not always yield the optimal PID gain. Moreover, they are 
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limited to PID controllers, single-input single-output (SISO) systems, and linear 
controllers.  

In recent years, data-driven control without using a controlled object model has been 
widely studied. Figure 1.1 shows the design procedures for model-based control and data-
driven control. Because model-based control is based on a mathematical model, a nominal 
model that represents the main dynamics of the actual system is needed. However, a 
nominal model does not match the actual system, causing uncertainty. In addition, models 
for complex systems are not easily obtained. By contrast, data-driven control does not 
require a mathematical model of the controlled object; it is therefore expected to be 
applied to controlled objects for which system identification is difficult and to reduce the 
man-hours devoted to control system design. The proper use of model-based control and 
data-driven control is summarized in Figure 1.2 [11]. 

Well-known methods of data-driven control include simultaneous perturbation 
stochastic approximation (SPSA) [12] [13], model-free adaptive control (MFAC) [14], 
unfalsified control (UC) [15], iterative feedback tuning (IFT) [16] [17], correlation-based 
tuning (CbT) [18] [19], virtual reference feedback tuning (VRFT) [20] [21], fictitious 
reference iterative tuning (FRIT) [22] [23], iterative learning control (ILC) [24], lazy 
learning (LL) [25], and Bayesian optimization (BO) [26]. These data-driven control 
methods, which do not use a model of the controlled object, are currently applied to 
industrial systems such as process systems, automobile systems, and vibration control 
problems [27] [28] [29] [30] [31] [32]. Among the aforementioned methods, this thesis 
focuses on VRFT and FRIT, which are data-driven control methods. VRFT and FRIT 
enable the optimal parameters of a controller with a fixed structure to be obtained using 
only the input/output data acquired from a single experiment. In particular, because the 
parameters of a fixed controller whose structure is specified in advance are optimized, 
VRFT/FRIT is suitable for designing low-order controllers such as PID controllers and is 
highly compatible with industrial system control. Other methods require repeated 
experiments and cannot be applied to PID controllers. Although numerous prior studies 
on data-driven control related to VRFT/FRIT have been reported, most of them have been 
limited in that a linear system was assumed and stability was not guaranteed. In addition, 
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although numerous applications to process systems have been examined, few examples 
of their application to automobile systems have been reported. 

In this thesis, direct data-driven methods for feedback controllers, which are required 
in industry, especially in the automobile industry, are developed and their applicability is 
investigated. Mass-produced controllers for industrial systems should exhibit the 
following features: 

・A controller with low computational cost that can be implemented;
・Countermeasures against aging and degradation over time;
・A stable control system;
・Nonlinear control that can be understood intuitively. 

To satisfy these requirements, our aim is to develop a new direct data-driven method for 
a feedback controller and an automobile control system to address some actual problems. 
The details are described in the next section.  
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Figure 1.1. Design procedures of the model-based control and data-driven control methods. 

Figure 1.2. Controlled objects of data-driven control [11]. 
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1.2 Data-driven control required for automobile systems 

The theoretical extensions of data-driven control required for application to automobile 
systems and the practical application of data-driven control to solve actual problems in 
automobile systems are described. The data-driven control used in this thesis is based on 
VRFT/FRIT, in which controller parameters can be obtained from the input/output data 
acquired from a single experiment. 

1.2.1 Theoretical extensions of data-driven control 

The requirements for automobile systems considered in this work include coping with 
aging and product dispersion, ensuring the stability of closed-loop systems, coping with 
nonlinear systems, and considering sparsity. 

(a) Aging and product dispersion

Mass-produced products such as automobile systems are subject to aging and product 
variation. Online tuning methods of controller parameters according to characteristic 
fluctuations are required. Previous studies have proposed online tuning methods based on 
data-driven control [33] [34] [35] [36]. However, no examples of their application to 
automated transmissions, which are components of automobile systems, have been 
reported. We aim to verify the effectiveness of our proposed tuning method for slip control 
of automated transmissions, which will be described later. 

(b) Closed-loop stability 

When the controller with optimized parameters by the conventional FRIT and VRFT is 
implemented, a problem arises in that the closed-loop system is not always stable [37] 
[38] [39]. Moreover, if the designer demands a fast response that cannot be achieved by 
the system, model matching becomes impossible. Therefore, the complementary 
sensitivity function must be tuned by trial and error. One of our objectives is to guarantee 
bounded-input bounded-output (BIBO) stability for linear systems and to construct an 
automatic tuning method of reference model parameters for model matching. 
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(c) Nonlinear control 

Many industrial systems have nonlinear characteristics. Gain-scheduled control is one 
of the most effective methods for nonlinear systems [40] [41]. In particular, gain-
scheduled PID control is easy to understand intuitively and its calculation cost can be kept 
low. Gain-scheduled PID control is therefore favored in industry and can be sufficiently 
implemented in a mass-production controller. Another of our objectives is to construct a 
direct design method for the gain-scheduled PID control law. 

(d) Sparsity 

Data-driven control calculates the optimum parameters from a set of input/output data. 
If the number of data points is small, overfitting can occur and the closed system might 
not be stable. This problem is the same as that faced by machine learning. In particular, it 
is considered to occur in the design of nonlinear controllers for nonlinear systems. In 
addition, mass-produced controllers should ideally have as small a ROM capacity as 
possible. In recent years, attention has been devoted to a property called sparsity, in which 
elements with small contributions become zeros [42]. We aim to develop a direct design 
method for a high-sparsity controller.  

1.2.2 Practical application to automobile systems 

For applications to automobile systems, with a focus on shift control of an automated 
transmission and position control for a pneumatic actuator, we aim to solve actual 
problems of automobile system control by applying data-driven control. 

(a) Application to slip control of automated transmission 

Automated transmissions, which are components of automobiles, are required to have 
a good shift feeling perceived by the driver and to improve fuel efficiency. To obtain a 
good shift feeling, tracking the difference between the engine speed and the input shaft 
speed to reach the target value is important. Failure of the actual value to reach the target 
value results in the driver feeling a delay or shock. In industry, the required specifications 
are achieved by tuning the control parameters via trial and error, which results in a low 
development efficiency. Therefore, it is necessary to design a control law and 
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automatically tune parameters that can achieve the desired response. Updating the 
parameters online is also important because the engine and clutch wear will change over 
time. That is, aging occurs. For the control law, a control system that realizes coordinated 
control of the engine and transmission is constructed. For the tuning process, online data-
driven control is used to self-tune the PID gain. We aim to realize the desired slip speed 
control of the automated transmission by applying the proposed control system and online 
data-driven control. 

(b) Application to position control of pneumatic clutch actuator 

Consumers are demanding greater driving comfort, and automated transmissions are 
required not only for passenger cars but also for heavy-duty trucks. An automated manual 
transmission (AMT), which automates a manual transmission (MT), has advantages such 
as low cost, high efficiency, reduced clutch wear, and reduced fuel consumption. 
Automatic control of the clutch connection plays an important role in AMT vehicles [43]. 
Pneumatic clutch actuators are used in heavy-duty trucks because compressed air is 
installed in the vehicles. In addition, an ON/OFF valve is used because such valves are 
inexpensive, small, and robust. In such a pneumatic clutch system, controlling the desired 
position is difficult because of the compressibility of the air, the nonlinearity of the clutch 
spring force, and the operation of an ON/OFF valve. To address these nonlinearities, we 
aim to construct a practical controller design that consists of a gain-scheduled control and 
a direct tuning method of gain scheduler parameters. 

1.3 Dissertation outline 

This thesis comprises seven chapters. Chapter 1 introduces this research. Chapter 2 
explains the previously proposed data-driven control. In Chapters 3 and 4, the theoretical 
extension of data-driven control is explored. In Chapters 5 and 6, the application of data-
driven control to an automobile system is examined. The outline of each chapter is as 
follows. 

In Chapter 2, VRFT and FRIT are introduced. These methods are model-referenced 
data-driven control methods that directly tune the parameters of a pre-specified controller 
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on the basis of input and output data obtained from a single experiment. The problem 
setup and the VRFT/FRIT algorithm is described. FRIT is used in Chapters 3 and 5, and 
VRFT is used in Chapters 4 and 6.  

In Chapter 3, a direct controller design method using a fictitious reference signal to 
ensure stability is proposed because poor stability is a problem in conventional data-
driven control. A direct design method that guarantees BIBO stability for linear time-
invariant (LTI) systems is theoretically constructed. In addition, an automatic tuning 
method for the reference model parameters, which have previously required tuning by the 
user, is proposed. The effectiveness of the proposed method is confirmed using 
simulations and a simple experimental setup. 

In Chapter 4, a direct design method for a gain-scheduled PID controller with sparsity 
is proposed. The proposed direct design method is based on VRFT, and the parameters of 
the gain scheduler are obtained from a set of input and output data. In addition, sparsity 
is introduced to suppress overtraining and reduce the ROM size. The effectiveness of the 
proposed method is verified by performing simulations on two systems: a linear 
parameter-varying (LPV) system and the Hammerstein model. 

In Chapter 5, a control law with an online PID gain tuning method is proposed for slip 
control of an automated transmission, which is a device in an automobile. The control 
law consists of a PID controller and a disturbance observer to achieve cooperative control 
between engine and clutch systems. Under this cooperative control, the system can be 
treated as a linear system. In addition, the PID gain can be tuned using online-FRIT to 
address aging. The effectiveness of the proposed method is verified via gear-shifting tests 
on an actual vehicle. 

In Chapter 6, a direct design method for the position control of a pneumatic clutch 
actuator, which is installed in heavy-duty trucks, is presented. It is shown that the 
pneumatic clutch actuator is a nonlinear, integral system. A gain-scheduled PD control 
law and its direct tuning are proposed. The effectiveness of the proposed method is 
verified through position control in an actual vehicle test. 

In Chapter 7, the results obtained in this study is summarized and various prospects for 
further applications of the proposed methods is discussed.
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Chapter 2
Direct data-driven tuning method 

This chapter describes the direct tuning methods known as VRFT and FRIT, 
which are data-driven controls used in this thesis. These methods enable the 
parameters of a controller with a pre-specified structure to be tuned using 
input/output data obtained by a single experiment. The problem setting for 
each method is first described, followed by a description of the algorithm 
for each method. 

2.1 Problem formulation for model-referenced data-driven control 

We consider a general feedback control system with a reference model (Figure 2.1). 
Parameters �, �, �, and �� represent the target value (reference input, setpoint), control 
input (manipulated variable), controlled-object output (controlled variable), and the 
reference model output, respectively. �  is the controlled object, which is an unknown 
linear time-invariant (LTI) and single-input single-output (SISO) system. �(�, �) is a 
linear fixed-order controller parameterized using the tunable parameter vector � . For 
instance, �(�, �) in the z-domain is described as 

�(�, �) =
�	+
+1�	 + ⋯+ �
+2� + �
+1

�
�
 + ⋯+ �1� + 1
, (2.1)

where � = [�1 �2 ⋯ �	+
+1]�  . ��  is the reference model, which is a user-
defined target response transfer function (i.e., target complementary sensitivity function) 
from the target value � to the controlled variable �, and � represents the shift operator. 
We aim for model matching by obtaining the controller parameters that minimize the cost 
function: 

�0(�) =
1
�

∑(�0(�, �))2
�

�=1
, (2.2)
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where 

�0(�, �) = �(�, �) − ��(�)�(�). (2.3)

Alternatively, the cost function can be expressed as 

�0(�) = ∥(��(�) −
�(�)�(�, �)

1 + �(�)�(�, �)
) �(�)∥

2

2

, (2.4)

where �(�) is a weighting function chosen by the user. 

Figure 2.1. Feedback control system with a reference model. 

2.2 Virtual reference feedback tuning 

VRFT [20] [21] is a method for directly tuning the control parameters from input/output 
data without the system model. The optimal control parameters are tuned so that the 
reference model and closed-loop system have the same characteristics. Figure 2.2 shows 
the structure of the VRFT method. Here, �(�, �), ��, and �  represent the fixed-order 
controller, which is parameterized through �, the reference model, and the controlled 
object (plant), which is the stable LTI system, respectively; �(�) and �(�) denote the 
input and output, respectively; � denotes the controller parameters; and �(̄�) and �(̄�) 
are the proposed virtual reference input and virtual error in the VRFT, respectively. The 
VRFT procedure is described as follows: 

[Step 1] The input and output data of the controlled object, �(�), �(�), � = 1,… , � , 
are acquired via a test.  

[Step 2] The reference model ��, which is the desired closed-loop, is set. 

C (ρ)



2.2 Virtual reference feedback tuning 13

[Step 3] Considering �(�) as the output of the reference model, the virtual reference 
input, which generates �(�), is expressed as 

�(̄�) = ��
−1�(�). (2.5)

[Step 4] Considering �(̄�) as the reference input of the closed-loop in Figure 2.2, the 
virtual control input is described as 

�̄(�) = �(�, �)(�(̄�) − �(�)). (2.6)

[Step 5] When the virtual control input and the acquired control input data from Step 1 
are similar, the closed loop can be regarded as being close to the reference 
model. Therefore, the cost function can be minimized as 

��� =
1
�

∑(�(�) − �̄(�))2
�

�=1
. (2.7)

The combination of Equations (2.6) and (2.7) gives 

���(�) =
1
�

∑(�(�) − �(�, �)�(̅�))2
�

�=1
, (2.8)

where  

�(̅�) = �(̄�) − �(�)
= ��

−1�(�) − �(�)
= (��

−1 − 1)�(�).
(2.9)

[Step 6] Prefilter L is introduced. Equation (2.8) includes a term that represents the 
inverse matrix of the reference model, which means that the equation has a 
nonproper characteristic. A prefilter avoids nonproper characteristics. 
Equation (2.10) is obtained by adding the prefilter to Equation (2.8): 

���(�) =
1
�

∑(��(�) − �(�, �)��̅(�))2
�

�=1
, (2.10)
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where  

��(�) = ��(�), ��̅(�) = ��(̅�). (2.11)

Figure 2.2. The VRFT concept. 

Remark 2.1. On the basis of the literature [27], using Parseval’s theorem, the 
interpretation of the cost function is explained. As N approaches infinity, we obtain the 
following equation: 

���(�) =
1
2�

∫ ∣(1 −
�(�, ���)
��(�, ���)

)∣
2

Φ���
�

−�
, (2.12)

where �� is the controller that achieves the reference model, Φ� is the power spectral 
density of � , and �  is the angular frequency. Here, the expressions �� = (1 +

���)−1���  and �(�) = ��(�)  was used. The relative error between the reference 
model �� and �(�) is evaluated under a weighted controlled variable. Also, we can 
rewrite Equation (2.10) as 

���(�) =
1
�

∑(��(�) − �(�, �)(���)−1���(�))2
�

�=1
. (2.13)

Rearranging this equation, we obtain the equation 

���(�) =
1
�

∑((�� − �(�, �))��
−1��(�))

2�

�=1
. (2.14)

C (ρ)



2.2 Virtual reference feedback tuning 15

From this equation, if ��
−1�� has a value, then �(�) approaches �� when ���(�) 

becomes small. That is, even if model matching cannot be achieved, the closed-loop 
system has characteristics similar to those of the reference model. 

Remark 2.2. The design of the prefilter is introduced. For simplicity, let �(�) = 1 in 
Equation (2.4). Adopting a previously reported approach [21], the following prefilter is 
introduced: 

� = ��(1 − ��). (2.15)

In the literature [28], the following prefilter is introduced: 

� = ��. (2.16)

In the both cases, Φ�
1/2 can be used as a frequency-weighting function. The prefilters in 

Equations (2.15) and (2.16) differ; however, this difference is attributable to different 

derivation processes. The two prefilters are essentially equivalent. In the process of 

deriving both filters, the desired sensitivity function 1 − �� is assumed to be close to 

the actual sensitivity function (1 + ��(�)̂)−1  at the minimum value � ̂. In Equation 

(2.15), the prefilter is derived from the assumption after Parseval’s equation is applied. 

By contrast, in Equation (2.16), the assumption is invoked before Parseval’s equation is 

applied. The derivation process of the two prefilters is described as follows. 

First, the derivation of the prefilter shown in Equation (2.15) is described. From the 
definition of 2-norm, Equation (2.4) can be written as 

�0(�) =
1
2�

∫
|�(���)|2

|1 + ��(�, ���)|2
|��(���) − �(�, ���)|2

|1 + �(���)��(���)|2
�

−�
��,

or, more compactly, by dropping the argument ���: 
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�0(�) =
1
2�

∫
|� |2

|1 + ��(�)|2
|�� − �(�)|2

|1 + ���|2
�

−�
��, (2.17)

where � is the angular frequency. When Parseval’s theorem is applied to Equation (2.10), 
as N approaches infinity, we obtain the equation 

���(�) =
1
2�

∫ |� |2|(�� − �(�)|2|(1 − ��)|2
|�|2

|��|2
Φ�

�

−�
��, (2.18)

where Φ� is the power spectral density of �. By comparing Equations (2.17) and (2.18), 
we can describe the prefilter as 

|�|2 =
|�|2

|1 + ��(�)|2
1

Φ�
. (2.19)

This equation is �-dependent. Here, using the assumption (1 + ��(�)̂)−1 ≅ 1 − ��, 
we express the prefilter as 

|�|2 = |1 − �|2|�|2
1

Φ�
. (2.20)

Next, the derivation of the prefilter shown in Equation (2.16) is described. We consider 
following equation instead of Equation (2.11): 

��(�) = ���(�), ��̅(�) = ���(̅�) = ��(�−1 − 1)����, (2.21)

where �� , �� , and ��  are suitable prefilters. Here, by applying the assumption 
(1 + ��(�)̂)−1 ≅ 1 − �� to Equation (2.4), we obtain the equation 

�0(�) = ‖�� − (1 − �)��(�))‖2
2. (2.22)

By applying Parseval's theorem to this equation, as N approaches infinity, we obtain the 
equation 
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�0(�) =
1
2�

∫ |��|2|1 − ��|2|� |2|�(�)|2
�

−�
��. (2.23)

In the same manner, by applying Parseval's theorem to Equation (2.10), as N approaches 
infinity, we obtain the equation 

���(�) =
1
2�

∫ |��|2|�(�)|2|��|2|1 − ��|2|� |2∣��∣2Φ�

�

−�
��. (2.24)

Here, if the prefilters in Equation (2.21) are selected as 

�� = ��Φ�
1/2
，�� = �−1(�)��，�� = �(�)Φ�

1/2, (2.25)

then Equations (2.23) and (2.24) match; however, the expressions in Equation (2.25) are 
� -dependent. Thus, we obtain Equation (2.26) by taking �� = �� = � = ��  and 
�� = 1 as feasible solutions: 

���(�) =
1
2�

∫ |��|2|�(�)|2|� |2|1 − ��|2Φ�

�

−�
��. (2.26)

This equation can be read as the frequency-wise convex approximation of 

�0(�) = ∥(�� − (1 + �(�)�)−1�(�)�))Φ�
1/2∥

2

2
. (2.27)

2.3 Fictitious reference iterative tuning 

FRIT [22] [23] is a technique for automatically tuning the controller parameters of a 
closed-loop system from the controlled-object input/output data. Figure 2.3 shows the 
structure of the FRIT technique. �(�, �) , �� , and �   represent the fixed-order 
controller, which is parameterized through �, the reference model, and the controlled 
object, which is the LTI system, respectively. The FRIT procedure is described as follows: 
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[Step 1] The time-series input/output data {�(�)  and �(�) ; � = 1,2,… ,�  } are 
obtained by conducting a closed-loop experiment using controller parameters 
that stabilize the system.  

[Step 2] The reference model ��, which is the desired closed-loop, is set. 

[Step 3] Using the acquired initial input/output time-series data and the inverse of the 
controller, the fictitious reference signal [15] [44] can be calculated as 

�(̃�, �) = �−1(�)�(�) + �(�), (2.28)

where � ̃ is a fictitious reference signal and (� , � ) constitutes the set of 
input/output time-series data measured in advance via an experiment.  

[Step 4] On the basis of this fictitious reference signal, the cost function of FRIT can 
be expressed as 

����� (�) =
1
�

∑(�(�, �))2
�

�=1
, (2.29)

where 

�(�, �) = �0(�) − ��(�)�(̃�, �) (2.30)

is minimized to obtain the optimal controller parameters. 

Figure 2.3. The FRIT concept. 

C (ρ)
~

~
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Remark 2.3. Using Parseval's theorem, the interpretation of the cost function is explained. 
As N approaches infinity, we obtain the equation 

����� (�) =
1
2�

∫ ∣(1 −
��(���)
� (�, ���)

)∣
2

Φ���
�

−�
, (2.31)

where 

� =
��

1 + ��
(2.32)

is the complementary sensitive function, Φ� is the power spectral density of �, and ω is 
the angular frequency. The relative error between the reference model �� and � (�) is 
evaluated under a weighted controlled variable.  

Remark 2.4. Unlike the VRFT, the FRIT does not involve a prefilter except in special 
cases. In other words, the relationship between the FRIT cost function and the model 
reference cost function is not clear. 

2.4 Conclusions 

In this chapter, the problem formulation and algorithm of VRFT/FRIT were explained, 
along with meaning of the cost function and the prefilter design methods of VRFT/FRIT. 
The key feature of VRFT/FRIT is that the controller parameters can be tuned using data 
obtained from a single experiment. However, the shortcomings of VRFT/FRIT are that 
an LTI system is assumed and stability is not guaranteed. 
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Chapter 3
Direct tuning method considering closed-
loop stability 

In this chapter, a direct tuning method based on a fictitious reference signal 
that considers the bounded-input bounded-output (BIBO) and an automatic 
tuning of a reference model for model matching from single-experiment 
data are proposed. The stability of the closed-loop system and model 
matching with few design parameters are important features. The direct 
tuning method to ensure the BIBO stability is introduced. The pole 
information is lost in the cost function of the conventional method using a 
fictitious reference signal. Therefore, a new cost function that can prevent 
the loss of polar information is derived. This approach provides controller 
parameters that can stabilize the closed-loop system. The parameters of the 
reference model are then automatically tuned to achieve model matching. 
In the tuning process, there are no design parameters apart from the dealing 
noise. Two simulations and an experiment were performed on a system with 
dead time to verify the effectiveness of the proposed method. The results 
show that the proposed method provides BIBO stability as well as model-
matched control parameters from data collected via a single experiment (i.e., 
without trial and error). The contents in this chapter are based on the 
literature [45]. 

3.1 Introduction 

Direct tuning methods such as VRFT [20] [21] and FRIT [22] [23] are attracting 
attention because they can be used to obtain optimal controller parameters via single-
experiment input/output data of a controlled object for linear time-invariant (LTI) systems, 
as mentioned in Chapter 1. These methods are also currently used in industrial systems 
[29] [46] [47] [48] [49]. One of the problems associated with the data-driven control 
design methods is that the closed-loop system is not always stable when the obtained 
control parameters are used [37] [38] [39]. For example, a closed-loop system can be 
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destabilized using the control parameters obtained with a data-driven control design 
method that uses a fictitious reference signal [44]. This is likely to occur when an 
inappropriate reference model is given. This can be mitigated by applying a prefilter to 
the input and output data; subsequently, a power spectral density (PSD) function is 
required for designing the prefilter [21]. It is not difficult to estimate the PSD function of 
the initial input signals because VRFT uses the input/output data from open-loop 
experiments with random signals as its input signals; thus, a prefilter can be designed. 
However, although the PSD function is suitable for analyzing stationary random signals, 
it is not suitable for analyzing transient time-series signals. Therefore, it is difficult to 
estimate the PSD function using the input/output data obtained from a closed-loop 
experiment [50]. In addition, although the aforementioned problem can be avoided by 
tuning the reference model, this is a trial-and-error process. Thus, the control parameters 
cannot be obtained automatically in all the tuning processes. 

Several methods have been proposed that consider data-driven control stability. 
Extended FRIT (E-FRIT) has been proposed [46] [47], in which the weight of the control 
input is included in the cost function. This method can effectively suppress any 
destabilization because of excessive fluctuations in the control input. However, this is not 
an essential improvement with respect to the general problem of closed-loop system 
destabilization. The data-driven control method considering the stability [38] [39] has 
been proposed based on the model validation knowledge in the time domain. However, 
(i) it takes time to calculate the singular values of the Toeplitz matrix and (ii) the stability 
must be confirmed each time optimization is performed. VRFT process that considers 
robust stability has been proposed for a control structure based on the IMC [29]; however, 
it cannot be applied to a PID controller. The data-driven control design methods are for 
model matching. In case of unfalsified control, a previous study [51] showed that the 
instability of a closed-loop system cannot be detected because unstable poles are canceled 
when calculating the transfer function, namely the sensitivity function, the input of which 
is the fictitious reference signal and the output of which is the error between the fictitious 
reference signal and the controlled-object output. Then, a new cost function was proposed 
to detect the instability of the closed-loop system [51] [52] [53]. Unlike the two 
aforementioned methods [29] [38] [39] [46] [47], the method proposed in another study 
[51] sets an cost function that minimizes the error between the target value and the 
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controlled-object output and is applied to unfalsified control, which switches online 
between multiple controllers designed in advance. In other words, it is not applied to a 
method for obtaining optimal control parameters based on model matching such as FRIT. 

This study proposes a direct tuning method for the feedback controller parameters based 
on the fictitious reference signal considering the bounded-input bounded-output (BIBO) 
stability and an auto-tuning method of the reference model for model matching from 
single-experiment data. In the first step, BIBO stability is satisfied. Stability cannot be 
detected with respect to the cost function of the FRIT, which is a conventional data-driven 
control method that uses fictitious reference signals because of the loss of pole 
information. This problem is addressed by deriving a new FRIT cost function that retains 
the pole information using a transfer function (complementary sensitivity function) 
identified in the time domain, the input and output of which are the fictitious reference 
signal, which is a function of the control parameters, and the controlled-object output, 
respectively. Herein, FRIT that enables the detection of instability in a closed-loop system 
is referred to as instability-detecting FRIT (ID-FRIT). Therefore, parameters that stabilize 
the closed-loop system are obtained because the pole information is retained in the cost 
function of the ID-FRIT. In the second step, we aim to obtain the parameters for model 
matching. When model matching is realized, the characteristics including gain and phase 
margins between user-defined reference model and closed-loop system are almost 
identical. The controller parameters and the dead time that minimize the cost function are 
obtained by including the dead time as the tuning parameter in the cost functions of the 
ID-FRIT. Further, the parameters related to responsiveness are optimized by comparing 
the obtained reference-model dead time and the identified controlled-object dead time 
from the input/output data measured in advance, thereby ensuring that the reference-
model and identified dead times match. In this way, the reference-model parameters that 
enable model matching can be obtained. Thus, we can obtain parameters for model 
matching by automatically tuning the reference-model parameters. In the conventional 
method, a designer is used to tune the reference-model parameters. The optimization of 
the reference-model parameters requires the usage of ID-FRIT to detect destabilization. 
The effectiveness of the proposed method is verified via two simulations and an 
experiment. 
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This chapter is arranged as follows. In Section 3.2, the problem formulation is described. 
Section 3.3 describes FRIT that considers stability. Section 3.4 describes the reference 
model parameter tuning. In Section 3.5, the effectiveness of the proposed control method 
is verified via simulation for two types of systems. In Section 3.6, experimental 
verification is conducted. For the controlled objects with dead time, the optimum control 
parameters of the conventional and proposed methods are obtained. By applying each set 
of obtained parameters to the closed-loop system, (i) ID-FRIT leads to BIBO stable 
control parameters, whereas standard FRIT leads to an unstable closed-loop system. (ii) 
Further, the parameters that realize model matching are obtained in the proposed method. 
Section 3.7 provides the conclusions of this chapter. 

3.2 Problem formulation 

The bounded-input bounded-output (BIBO) stability, the problem with conventional 
FRIT [22] [23], and the model reference control problem are described. 

3.2.1 Input/Output stability for an LTI system 

The input/output stability for an LTI system is explained herein. We consider the 
following LTI system: 

 ̇ = ¢£  + ¤£�, � = �£ , (3.1)

where   ∊ ¥
 is the state, � ∊ ¥
 is the control input, and � ∊ ¥� is the output. 
The matrices ¢£ ∊ ¥
×
, ¤£ ∊ ¥
×	, and �£ ∊ ¥�×
 are constant matrices. This 
system is said to be BIBO stable if the output for any bounded input is bounded (i.e., if 
|�(�)| ≤ �� , � ≥ 0  for a bounded value �� , then |�(�)| ≤ �� , � ≥ 0  for another 
bounded value �� is satisfied) when the initial state of the system is zero [4]. In the 
single-input single-output (SISO) system, the necessary and sufficient condition for the 
system to be BIBO stable is that the real part of all the poles of the transfer function  

§(¨) = �£(¨© − ¢£)−1¤£ (3.2)
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is negative. More generally, a system is stable if and only if its transfer function is analytic 
in the right-half plane (RHP) [54]. If the system is controllable and observable, the 
eigenvalues of ¢£ and the poles of the transfer function will match because pole-zero 
cancellation does not occur when the state equation is transformed to a transfer function. 
That is, the conditions of asymptotic stability and BIBO stability match [6]. Conversely, 
if the system is not controllable and observable, then asymptotic stability is not satisfied 
even if BIBO stability is satisfied. Here, the system is said to be asymptotically stable if, 
for any initial value  (0), the solution of  ̇ = ¢£  is limª→∞‖ (�)‖ = 0. 

3.2.2 Problem with conventional FRIT

The instability of a closed-loop system cannot be detected via conventional FRIT. This 
assertion is based on a method proposed by a previous study [51], which showed that the 
sensitivity functions with respect to the errors (the differences between the target values 
and controlled-object responses) and the fictitious reference signals cannot detect 
unstable poles because the sensitivity function does not contain pole information. Herein, 
we focus on the transfer function for the tracking error and the fictitious reference signal 
that we consider in FRIT. 

Based on the �-transform of the tracking error of Equation (2.3), we obtain 

¬(�) = ­ (�) − ��(�)¥(�, �)

= (
�(�)�(�, �)

1 + �(�)�(�, �)
− ��(�)) ¥(�, �)

(3.3)

based on which unstable poles can be detected because Equation (3.3) retains the 
information about the poles of the closed-loop system. 

Next, we consider the tracking error handled by the FRIT of Equation (2.30). The 
relation between the fictitious reference signal � ̃ (the fictitious signal) and controlled 
variable � (the true signal) in the �-domain is 
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¥̃(�) = ((�(�)�(�, �))−1 + 1)­ (�)

=
1 + �(�)�(�, �)

� (�)�(�, �)
­ (�),

(3.4)

where ­ (�) = �(�)°(�) was considered. From Equations (2.28), (2.30), and (3.4), the 
relation between the error handled by the FRIT and the fictitious reference signal can be 
given as follows: 

¬(�) = ­ (�) − ��(�)¥̃(�, �)

= (
�(�)�(�, �)

1 + �(�)�(�, �)
− ��(�)) ¥̃(�, �) 

= (
�(�)�(�, �) − ��(�)(1 + �(�)�(�, �))

�(�)�(�, �)
)­ (�).

(3.5)

  This equation shows that no pole can be obtained because of the pole-zero cancelation. 
Thus, the closed-loop system may become unstable when the control parameter that 
minimizes the cost function shown in Equation (2.30) is obtained. 

3.2.3 Model reference control problem 

We consider a general feedback control system with a reference model, as shown in 
Figure 2.1. Refer to Section 2.1 for details. For the model reference control, we aim to 
obtain the direct tuning method that ensures closed-loop BIBO stability based on a 
fictitious reference signal and construct a reference model tuning method.  

3.3 Direct tuning guaranteed BIBO stability 

This section presents (i) the derivation of the FRIT cost functions considering the 
detection of destabilization to ensure that the closed-loop system exhibits BIBO stability 
and (ii) a method optimizing the reference-model parameters for model matching. Thus, 
if model matching is realized, the gain and phase margins of the reference model and the 
closed-loop stability are almost identical. In other words, the gain and phase margins are 
indirectly considered through the realization of model matching.  
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3.3.1 Derivation of the new cost function 

The cost function is derived by considering destabilization detection to obtain the 
parameters based on which closed-loop BIBO stability can be achieved. Stability can be 
evaluated by applying the target value � to the complementary sensitivity function for 
the controller �(�, �)  and calculating its output �∗ . The relation between the target 
value and the output of the closed-loop system is 

­ ∗(�) =
�(�)�(�, �)

1 + �(�)�(�, �)
¥(�). (3.6)

Because �(�) is unknown, the complementary sensitivity function of the controller 
�(�, �) to be tuned can be written as 

�̃(�) =
­0(�)
¥̃(�)

=
­0(�)

�−1(�, �)°0(�) + ­0(�)
(3.7)

using the controlled-object input/output data �0 , �0  acquired in advance. When the 
complementary sensitivity function in the frequency domain is identified as shown in 
Equation (3.7), we require (i) the application of the parametric identification method 
using an ARX model or similar models and (ii) information about the order of the 
controlled object. 

Here, the complementary sensitivity function is identified in the time domain to 
automatically tune the control parameters without using prior information such as the 
model structure and order. In the time domain, the relation between the fictitious reference 
signal and the controlled-object output is 

�0(�) = �(̃�) ∗ �(̃�, �), (3.8)

where ∗ indicates convolution and �(̃�) is the impulse response of �̃(¨). Further, 

´0 = µ̃ ⋅ ¸,̃ (3.9)

where 
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´0 = [�0(1) ⋯ �0(�)]� , (3.10)

µ̃ =

⎣
⎢
⎢
⎢
⎢
⎡

�(̃�, 1) 0 0 ⋱ 0
⋮ �(̃�, 1) 0 ⋱ 0

�(̃�,� − 2) ⋱ �(̃�, 1) 0 ⋮
�(̃�,� − 1) �(̃�, � − 2) ⋱ ⋱ 0

�(̃�,�) �(̃�, � − 1) �(̃�, � − 2) ⋯ �(̃�, 1)⎦
⎥
⎥
⎥
⎥
⎤

, (3.11)

¸ ̃ = [�(̃1) ⋯ �(̃�)]� . (3.12)

Here, ¸,̃ which is the impulse response of the complementary sensitivity function, is a 
deconvolution of the fictitious reference signal � ̃ and the output �0 from Equation (3.8). 
It can be obtained by transforming Equation (3.9) as 

¸ ̃ = µ̃−1 ⋅ ´0. (3.13)

Next, the output when the target value is applied to the complementary sensitivity 
function is 

�∗(�) = �(̃�) ∗ �(�), (3.14)

which is calculated by considering 

´∗ = µ ⋅ ¸,̃ (3.15)

where 

´∗ = [�∗(�, 1) ⋯ �∗(�,�)]� , (3.16)

µ =

⎣
⎢
⎢
⎢
⎢
⎡

�(1) 0 0 ⋱ 0
⋮ �(1) 0 ⋱ 0

�(� − 2) ⋱ �(1) 0 ⋮
�(� − 1) �(� − 2) ⋱ ⋱ 0

�(�) �(� − 1) �(� − 2) ⋯ �(1)⎦
⎥
⎥
⎥
⎥
⎤

. (3.17)
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As described above, the output �∗ contains pole information because �∗ is calculated 
using ¸,̃ as shown in Equation (3.15). The sum of squares of the error �∗ between output 
�∗ and the reference model output is a cost function that contains pole information of the 
closed-loop system: 

�∗(�) =
1
�

∑(�∗(�, �))2
�

�=1
, (3.18)

�∗(�, �) = �∗(�, �) − ��(�)�(�). (3.19)

The standard FRIT tunes the fictitious reference signal, which is a function of the 
controller parameters, to match the measured controlled-object output �0. The proposed 
method tunes the controlled-object output, which is a function of the control parameters, 
to ensure that the controlled-object output �∗, which is the predicted value, matches the 
reference-model output. The standard FRIT obtains the controller parameters to match 
the controlled-object output measured in advance via an experiment, whereas the 
proposed method obtains the control parameters to match the reference model output. 

As described above, the parameter tuning algorithm is as follows. The part after Step 1-
1 differs from the conventional FRIT and is the part in which stability is considered. 

[Step 0] Measure the input/output data of the controlled object. 

 The input/output data �0, �0  of the closed-loop system are measured using the 
initial values of the controller parameters. How to deal with noise is discussed in 
Section 3.3.2. 

[Step 1-1] Calculate the fictitious reference signal. 

The fictitious reference signal is calculated from the acquired input/output data 
obtained using Equation (2.28). 

[Step 1-2] Compute complementary sensitivity functions in the time domain. 
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 The complementary sensitivities are obtained from Equation (3.13) using the 
calculated fictitious reference signal and the controlled-object outputs acquired in 
Step 0. 

[Step 1-3] Calculate the outputs of complementary sensitivity functions. 

 The output �∗ of the complementary sensitivity function when the target value is 
applied is obtained from Equation (3.15). 

[Step 1-4] Optimal parameters calculated by minimizing the cost function �∗.

 The controller parameter � that minimizes the cost function (3.18) is obtained 
using an optimization technique. 

Using this algorithm, we can obtain the controller parameters that ensure BIBO stability, 
whereas the conventional FRIT does not ensure BIBO stability because the pole 
information is lost. 

Remark 3.1. Poles are not directly calculated in this algorithm. Instead, we use the output 
�∗ calculated using Equation (3.15) because the complementary sensitivity function ¸ ̃

contains pole information. Therefore, the convergence of the control parameters that 
cause the closed-loop system to become unstable can be avoided when the cost function 
involving �∗ is minimized.  

Remark 3.2. There are many global optimization methods, such as particle swarm 
optimization (PSO) [55] [56], the covariance matrix adaptation evolution strategy (CMA-
ES) [57], and differential evolution (DE) [58]. In this chapter, PSO is used. 

Remark 3.3. The interpretation of the cost function using Parseval's theorem is described. 
As N approaches infinity, we obtain the equation 

�∗(�) =
1
2�

∫ ∣(1 −
��(���)
� (�, ���)

)∣
2

Φ�d�
�

−�
, (3.20)

where 



3.3 Direct tuning guaranteed BIBO stability 31

� =
��

1 + ��
(3.21)

is the complementary sensitive function and Φ� is the power spectral density of �. The 
relative error between the target reference model �� and �  is evaluated. Unlike the 
conventional FRIT shown in Equation (2.31), the ID-FRIT cost function does not depend 
on the initial controller parameters. 

3.3.2 Dealing with noise 

In an actual environment, the input/output data contain observation noise. In the open-
loop test, the output is 

�(�) = �(�)�(�) + Á(�), (3.22)

where Á is the white noise. In case of the closed-loop test, the measured input and output 
are 

�(�) =
�(�)�(�, �)

1 + �(�)�(�, �)
�(�) +

1
1 + �(�)�(�, �)

Á(�),

�(�) =
�(�, �)

1 + �(�)�(�, �)
(�(�) − Á(�)).

(3.23)

The � component of � is the low-pass characteristic of the complementary sensitivity 
function, which exhibits attenuation in the high-frequency range. Additionally, the Á

component of �  is the high-pass characteristic of the sensitivity function, and it is 
coordinated in the high-frequency range. Therefore, for �, the signal-to-noise ratio (S/N) 
in the high-frequency range becomes worse. Further, if � and Á are assumed to be a 
step signal and white noise, respectively, the S/N at high frequencies also deteriorates for 
� [59]. 

As shown in Equation (3.24), the total variation denoising is used to eliminate noise 
from the time-series data of the controlled-object output and control input with added 
noise. This method is based on the regression problem and noisy data are restored to 
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denoised data. In image processing, the L1 norm is commonly used as the regularization 
term; however, in case of time-series data, the L2 norm is adopted as the regularization 
term because the L1 norm tends to be a staircase signal. The denoising equation is 
described as 

min
ÂÃ

∥´Å − ´Æ∥22 + Ç�∥È´Å∥22,

min
ÉÃ

∥ÊÅ − ÊÆ∥22 + Ç�∥ÈÊÅ∥22,
(3.24)

where 

È =

⎣
⎢⎢
⎢
⎡
−1 1 0 ⋯ 0
0 −1 1 ⋱ ⋮
⋮ ⋱ ⋱ ⋱ 0
0 ⋯ 0 −1 1
0 ⋯ 0 0 0⎦

⎥⎥
⎥
⎤

. (3.25)

Here, ´Æ = [�0(1) �0(2) ⋯ �0(�)]�   and ÊÆ = [�0(1) �0(2) ⋯ �0(�)]�

denote the time-series raw data vector of the output and the input of the controlled object 
with noise. ´Å = [�Ë(1) �Ë(2) ⋯ �Ë(�)]�   and ÊÅ =

[�Ë(1) �Ë(2) ⋯ �Ë(�)]�  denote the denoised time-series data vector of the output 
and the input of the controlled object. N is the length of the raw data. È is a matrix with 
size N×N. The first term of Equation (3.24) is used to find the data ´Å  or ÊÅ , which are 
close to the observed raw data ´Æ or ÊÆ with noise. The second term (total variation) 
indicates that the adjacent data about ´Å or ÊÅ must not change considerably. The 
strength of relative smoothing can be adjusted using the design parameter Ç� . The 
optimal solutions of Equation (3.24) can be obtained using the least-squares method as 
follows: 

´Å
∗ = (© + Ç�È� È)−Ì´Æ,

ÊÅ
∗ = (© + Ç�È� È)−ÌÊÆ,

(3.26)

where © is the identity matrix with size N×N. 
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Summarizing the aforementioned equations as Step 0 in the algorithm, the denoising 
process is as follows:  

[Step 0-1] Measure the input/output data of the controlled object  

The raw input/output time-series data is obtained via an experiment. 

[Step 0-2] Perform the denoising process 

The denoised input/output time-series data measured in Step 0-1 is obtained using 
Equation (3.26).  

This algorithm provides the denoised input/output data, which are used in the control 
parameters optimization. 

Remark 3.4. In the previous literature [60], a denoising method on the data in the 
frequency domain by Fourier transforming the time series data has been proposed, and a 
significant noise removal effect has been obtained. However, the conditions for executing 
the Fourier transform are that data is absolutely integrable and is periodic. The step 
response is not a periodic signal and cannot be directly Fourier transformed, so some 
measures are required. On the other hand, the proposed method removes noise directly 
from the time series data, and only the above algorithm needs to be applied. 

3.4 Parameter tuning for the reference model 

Conventionally, the reference-model parameters are tuned by the designer in a trial-
and-error manner because performance degradation can be observed when using an 
inappropriate reference model [61]. The characteristics, including the gain and phase 
margins of the system and those of the reference model, are considered to be almost 
identical when model matching is realized. In other words, the gain and phase margins 
can be indirectly considered before implementing the controller by realizing model 
matching. Herein, a technique to optimize the reference-model parameters is proposed 
for model matching using dead times. First, dead times are identified from the 
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input/output data acquired in Step 0 of the algorithm. Next, a variable reference model in 
which dead time is considered as a tuning parameter is introduced as follows: 

��(�, ��Íª) = �(��(¨,��Íª)),
��(¨,��Íª) = ��0�−�ÎÏÐÍ

=
�0




¨
 + Ñ
−1�0¨
−1 + ⋯+ Ñ1�0

−1¨ + �0


 �−�ÎÏÐÍ,
(3.27)

where ¨ is the Laplacian operator, ��Íª is a tuning parameter related to the dead time, 
ω0 is a design parameter related to responsiveness, Ñ  is a design parameter for 
determining the characteristics of the reference model, and �()  is an operator for 
converting from the continuous time domain to the discrete time domain. The controller 
parameters and dead time can be estimated by replacing the reference model of the cost 
function in Equation (3.18) with a variable reference model and minimizing the cost 
function 

�∗(�, ��Íª) =
1
�

∑�∗(�, ��Íª, �)2,
�

�=1
(3.28)

�∗(�, ��Íª, �) = �∗(�, �) − ��(��Íª, �)�(�). (3.29)

At this time, the controller parameters and reference-model dead time that minimize the 
cost function of Equation (3.28) are obtained via optimization calculation. If the obtained 
reference-model dead time coincides with the identified controlled-object dead time, then 
the parameters for which model matching can be realized using a controller of the 
specified order are found. However, if the reference-model dead time does not coincide 
with the identified one, then either the order of the controller must be increased or the 
target reference response must be decelerated. Thus, the appropriate reference-model 
parameters are tuned automatically. The algorithm is as follows. 

[Step 2-1]  Dead times are identified from the input/output data acquired in advance. 

[Step 2-2]  Controller parameters and reference-model dead time are estimated that 
minimize the FRIT cost functions considering the detection of destabilization 
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(i.e., ID-FRIT proposed in Step 1), including variable reference models, as 
shown in Equation (3.28). 

[Step 2-3]  Tuning of parameters related to the responsiveness of the reference model. 

(a)  Estimated reference model dead time > identified dead time: (a-1) or (a-2) 

(a-1) Increase the reference-model responsiveness parameter as τM ← τM + ΔτM

(a-2) Increase the order of the controller. 

(b) Estimated reference model dead time <= identified dead time: End 

Else: Return to Step 2-2. 

Remark 3.5. ID-FRIT needs to be used in this algorithm. In the case where the 
conventional FRIT is used, we may not obtain an appropriate responsiveness parameter 
in Step 2 because the closed-loop system may become unstable when the cost function 
based on conventional FRIT (see Equation (2.29)) is minimized. Thus, Step 2 requires 
the ID-FRIT proposed in Step 1. 

Remark 3.6. This algorithm aims to bring the system closer to the reference model. 
However, it does not explicitly consider model matching; thus, it does not always provide 
model matching. To ensure model matching, the tracking error can be treated as a 
constraint condition [62]. 

Remark 3.7. In this study, we considered the problem of model matching; however, 
because the output from the Step 1 algorithm can be predicted, the cost function can be 
set without using the reference model. The reason for setting the model matching problem 
in this study is to reflect the characteristics of the reference model to the closed-loop 
system by realizing model matching. 

3.5 Simulation verification 

The proposed method was verified via two numerical simulations. One numerical 
simulation is a process system without and with noise, whereas the other is a spring-mass 
system with noise. The formulation of a reference model and the controller used in this 
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section are described. Similar to that in previous studies [33] [35] [63], the reference 
model is a second-order binomial-coefficient standard form in which no overshoot occurs, 
i.e., 

��(�) = �(��(¨)),

��(¨) =
1

(ÒÓ¨ + 1)2,
(3.30)

where ÒÓ   is a parameter related to the responsiveness of the system. The controller 
�(�, �) is the PID controller and can be given as 

�(�, �) = �� Ô(�) (3.31)

with 

� = [ÕÖ ÕØ Õ�]� , (3.32)

Ô(�) = �(Ô(¨)),

Ô(¨) = [1
1
¨

¨
Ò�¨ + 1]

�

,
(3.33)

where Kp, Ki, and Kd are the proportional, integral, and differential gains, respectively. In 
this study, because a PID controller is used, Step 2-3(a-1) of increasing the responsiveness 
parameter of the reference model is performed instead of changing the order of the 
controller. The controller and controlled object are discretized by a zero-order hold.  

3.5.1 Application to system 1: Process system 

The controlled object �  is an actual process system [35] [36] [63] often considered to 
be a numerical example or benchmarking problem of data-driven control. Moreover, the 
dead time L is added to the system [63]. Many industrial systems involve dead times, as 
indicated by the delays in the transport of materials and the transmission of signals, 
making it considerably difficult to obtain stable parameters. Therefore, the effectiveness 
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of the proposed method is shown for a system with added dead time. The controlled object 
is 

�(�) = �(�)�(�) + Á(�),
� (�) = �(�(¨)),

� (¨) =
12¨ + 8

20¨4 + 113¨3 + 147¨2 + 62¨ + 8
�−�Í,

(3.34)

where L is the dead time and Á is the white noise. The sampling period is 100 ms. The 
parameter sets are presented in Table 3.1, and the simulation is performed for conditions 
1 and 2. In condition 1, by assuming that model matching is possible, the controlled object 
has no dead time and the responsiveness parameter of the reference model is set to a large 
value. In condition 2, by assuming that model matching cannot be performed, the 
controlled object has a dead time and the responsiveness parameter of the reference model 
is set to a small value. The dead time values are the same as those in the literature [63] 
[64], and the conventional and proposed methods are compared in simulations under these 
two conditions. 

Table 3.1. System and control parameters for the process system. 

Symbol 
Value 

Condition 1 Condition 2 

L 0 5 

τM 5 1 

Kp (initial) 0.5 0.5 

Ki (initial) 0.05 0.05 

Kd (initial) 0.01 0.01 

τd 0.1 0.1 

Lest 0 0 
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3.5.1.1 Simulation results

[Case 1: Ideal condition] 

The proposed method is verified by considering the ideal condition; thus, the variance 
of white noise shown in Equation (3.34) is zero.  

First, we confirm the effectiveness of ID-FRIT using Step 1 of the algorithm. Figure 
3.1 shows the time history when the initial parameter values are used. Figure 3.2 shows 
the time history of the input/output data with the conventional FRIT and the proposed 
method when the step input under condition 2 is applied to the closed-loop system. Figure 
3.3 shows the values of the cost function for a particular number of PSO iterations. 
Although Figure 3.3 shows that the cost functions of the standard FRIT converge, the 
output data of the standard FRIT shown in Figure 3.2 are divergent. In contrast, in the 
proposed method, the controller parameters that stabilize the closed-loop system are 
obtained even when model matching cannot be realized. The simulation results are 
presented in Table 3.2, which is used in the discussion section. 

Figure 3.1. Input and output time series data with the initial PID gain for the ideal process. Dead 
time is 5.0 s. 
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Figure 3.2. Input and output time series data with the conventional and proposed methods under 
condition 2 for an ideal process. 

Figure 3.3. Relationship between the normalized cost function and optimization iterations. 
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Table 3.2. Tuned parameters in all conditions with the conventional and proposed method for 
the ideal process system. 

Symbol 
Condition 1 Condition 2 

Conventional Proposed Conventional Proposed 

Kp 0.3711 0.3734 3.7406 0.9879 

Ki 0.1008 0.1009 0.4876 0.1671 

Kd 0.0094 0.0064 20.064 3.7261 

JFRIT 1.0781×10-6 - 1.8223×10-4 - 

J* - 1.0693×10-6 - 3.6590×10-2

J0 1.3820×10-5 1.5066×10-5 6.2087×1013 3.6649×10-2

Stability Stable Stable Unstable Stable 

Next, we confirm the effectiveness of the reference-model optimization method by 
applying Step 2 of the algorithm. The reference model with a tunable parameter Lest, 
which is added to Equation (3.30), is used as described in Section 3.4. The controlled-
object dead time is 5.0 s from Table 3.1. Figure 3.4 shows the time histories of the closed-
loop system using the parameters obtained before and after applying Step 2 of the 
algorithm. The dead time of the variable reference model before optimization is fixed to 
5.0 s to match the conditions before and after the application of Step 2 of the algorithm. 
Figure 3.4(a) shows the time-series data obtained before applying the optimization 
algorithm, and Figure 3.4(b) shows the time-series data obtained after optimizing the 
responsiveness parameter. In Figure 3.4(a), the responsiveness parameter is not optimized 
and the response is vibrational. In contrast, Figure 3.4(b) shows that the parameter related 
to the responsiveness of the reference response is optimized. Further, the actual response 
can follow the reference response under a controller of the specified order. Thus, a 
response close to the characteristics desired by the designer can be realized. The 
simulation results are summarized in Table 3.3, which is used in the discussion section. 
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(a) (b)
Figure 3.4. Input and output time series data for the ideal process (a) before and (b) after tuning 
by Step 2. 

Table 3.3. Tuned parameters including the reference model for an ideal process system. 

Symbol Before tuning After tuning 

τM
1.0 

(given by designer) 
2.0 

Lest
5.0 

(identified by Step 2-1) 
4.6997 

Kp 0.9563 0.8719 

Ki 0.1440 0.1155 

Kd 2.9003 1.8231 

J* 1.5321×10-3 5.6789×10-5

J0 9.9596×10-4 7.8718×10-5
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[Case 2: Noisy condition] 

The proposed method is verified for the process system with noise by assuming a real 
environment; therefore, the variance of white noise shown in Equation (3.34) is 5 × 10−3. 

First, we confirm the effectiveness of ID-FRIT with respect to Step 1 of the algorithm. 
Figure 3.5(a) shows the time history of the raw and denoised input/output data of the 
closed-loop system when the initial parameter values are used, and Ç� is set to 10. The 
denoised data is obtained using Equation (3.26). Figure 3.5(b) shows the enlarged view 
of the output. From the figure, we can obtain the identified dead time of 6.5 s, and this 
value is used in Step 2 of the algorithm. The denoising method is confirmed to work 
effectively. Figure 3.6 shows the time history of the input/output data with the 
conventional FRIT and the proposed method when the step input under condition 2 is 
applied to the closed-loop system. The output data of the standard FRIT shown in Figure 
3.6 are divergent. In contrast, in the proposed method, controller parameters that stabilize 
the closed-loop system are obtained even when model matching cannot be realized. The 
simulation results are summarized in Table 3.4, which is used in the discussion section. 

(a)

(b) 

Figure 3.5. Time-series data without and with the filter using the initial PID gain (Ç� = 10). (a) 
Overview of the input and output. (b) Enlarged view of the output.  
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Figure 3.6. Input and output time series data with the conventional and proposed methods under 
condition 2 for the process with noise. 

Table 3.4. Tuned parameters in both conditions with conventional and proposed methods for 
the process system with noise.

Symbol 
Condition 1 Condition 2 

Conventional Proposed Conventional Proposed 

Kp 0.3538 0.3442 5.6971 0.8730 

Ki 0.1001 0.1006 0.4065 0.0915 

Kd 0.0989 0.0223 3.1632 0.0857 

JFRIT 4.1164×10-4 - 9.8933×10-4 - 

J* - 2.9524×10-4 - 6.1928×10-2

J0 5.2281×10-3 5.2539×10-3 1.1385×1010 6.6092×10-2

Stability Stable Stable Unstable Stable 

Next, we confirm the effectiveness of the reference-model optimization method with 
respect to Step 2 of the algorithm. The reference model with a tunable parameter Lest, 
which is added to Equation (3.30), is used as described in Section 3.4. Here, we assume 
that the controlled-object dead time is identified in Step 2-1 as 6.5 s from Figure 3.5(b). 
Figure 3.7 shows the time histories of the closed-loop system using the parameters 
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obtained before and after applying Step 2 of the algorithm. The dead time of the variable 
reference model before optimization is fixed to 6.5 s to match the conditions before and 
after applying the optimization algorithm. Figure 3.7(a) shows the time-series data before 
applying Step 2 of the algorithm, and Figure 3.7(b) shows the time-series data obtained 
after optimizing the responsiveness parameter. In Figure 3.7(a), the responsiveness 
parameter is not optimized and the response is vibrational. In contrast, Figure 3.7(b) 
shows that the parameter related to the responsiveness of the reference response is 
optimized. The actual response can follow the reference response under the controller of 
the specified order. Thus, a response close to the characteristics desired by the designer 
can be obtained. The simulation results are summarized in Table 3.5, which is used in the 
discussion section. 

(a) (b)
Figure 3.7. Input and output time series data for the process with noise (a) before and (b) after 
tuning by Step 2. 
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Table 3.5. Tuned parameters including the reference model for the process 
system with noise.

Symbol Before tuning After tuning 

τM
1 

(given by designer) 
3.5 

Lest
6.5 

(identified by step2-1) 
6.3781 

Kp 0.8538 0.4210 

Ki 0.0942 0.0745 

Kd 0.0933 0.0005 

J* 6.1938×10-2 5.5985×10-4

J0 1.1907×10-2 5.4505×10-3

3.5.1.2 Discussion about system 1

From Table 3.2 and Table 3.4, the conventional and proposed methods almost provide 
the same performance when comparing the cost function J0 values under condition 1. This 
is because the reference model that can easily realize model matching is provided. Under 
condition 2, model matching cannot be realized because the responsiveness parameter of 
the reference model is considerably small for the system and the closed-loop system based 
on the parameters obtained using the standard FRIT is divergent. In contrast, the proposed 
method results in parameter values that stabilize the closed-loop system. Thus, the 
proposed method, i.e., ID-FRIT, can effectively obtain parameters that can ensure the 
closed-loop BIBO stability. From Table 3.3 and Table 3.5, the PID gains after Step 2 of 
the algorithm are smaller than those before the application of this step of the algorithm, 
and the cost function after Step 2 of the algorithm is better than that before the application 
of this step of the algorithm. Thus, the control performance and stability can be improved 
by optimizing the reference model. If the ID-FRIT that considers the detection of the 
destabilization shown in Step 1 is not used, instability may be encountered in the middle 
of the algorithm.  

Thus, the proposed method is effective because the (i) controller parameters (PID gains) 
are obtained, which makes the closed-loop BIBO stable. Also, (ii) the characteristics of 
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the closed-loop system are similar to those of the reference model because model 
matching is realized. Hence, the gain and phase margins of the reference model and the 
closed-loop stability are almost identical. By obtaining the loop transfer function for the 
reference model, the gain and phase margins can be predicted even if the controlled-object 
characteristics are unknown; therefore, the gain and phase margins can be considered. For 
instance, if the reference model is a binomial-coefficient standard form, a Butterworth 
standard form, an integral of time weighted absolute error (ITAE) minimum standard 
form, or the like, then the reference model has a constant phase margin, gain margin, and 
overshoot rate regardless of the responsiveness parameters. Therefore, the designer can 
positively consider the gain and phase margins. In this simulation, the reference model is 
selected to the binomial-coefficient standard form, the poles of which have a real part, as 
shown in Equation (3.30). Thus, the designer demands characteristics with no overshoot, 
and the characteristics are realized after Step 2 of the algorithm. With respect to the results 
obtained using the controlled object without noise, the gain and phase margins of the 
reference model are 8.301 dB and 63.71°, respectively. In addition, the gain and phase 
margins of the closed-loop system using the obtained parameters by applying the 
proposed method are 7.913 dB and 64.63°, respectively. In case of the results obtained 
with respect to the controlled object with noise, the gain and phase margins of the 
reference model are 9.867 dB and 65.78°, respectively. Further, the gain and phase 
margins of the closed-loop system using the obtained parameters by applying the 
proposed method are 9.811 dB and 64.70°, respectively. Thus, a controller equivalent to 
the user-defined reference model characteristics can be obtained.  

In addition, some supplementary contents are provided. The difference between the 
proposed method and the previous study [63] is presented. In the literature, the controller 
parameters, the reference-model parameters, and the dead time are tuned without 
considering BIBO stability. Thus, we cannot predict whether the closed-loop system is 
stable until the controller is implemented. On the other hand, the proposed method 
provides BIBO stability and model matching before the controller is implemented. The 
identification of dead time is not necessary when considering only BIBO. If we consider 
model matching along with BIBO, we must know the dead time used in Step 2 of the 
algorithm. However, the proposed method does not require any design parameters except 
for the dealing noise. Previous studies have not described how to deal with noise. Also, 
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the responsiveness parameter of the reference model in the proposed method is smaller 
than that in the literature. This is because the low-pass filter of the differential term is 
different. The set value is considered to be appropriate from the results with the noisy 
condition and previous studies [33] [35].  

3.5.2 Application to system 2: Spring-mass system 

In this section, the proposed method is applied to a spring-mass system with a response 
lag and dead time; this system has a time constant faster than that of the process system. 
Spring-mass systems are often used in many industries. A system with noise is only 
described because the principle of the proposed method has been confirmed under the 
ideal process system. The controlled object can be given as follows: 

�(�) = �(�)�(�) + Á(�),
� (�) = �(�(¨)),

� (¨) =
1

(0.01¨ + 1)(0.1¨2 + 0.5¨ + 5)
�−�Í.

(3.35)

The variance of white noise Á is 5 × 10−3 when assuming a real environment. The 
sampling period is 4 ms. The parameter sets are given in Table 3.7, and the simulation is 
performed for conditions 1 and 2. In condition 1, model matching is assumed to be 
possible, whereas in condition 2, model matching is assumed to be not achieved. The 
conventional and proposed methods are compared in simulations under these two 
conditions. 
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Table 3.6. System and control parameters for the spring-mass system.

Symbol 
Value 

Condition 1 Condition 2 

L 0 0.1 

τM 1 0.005 

Kp (initial) 1.0 1.0 

Ki (initial) 0.5 0.5 

Kd (initial) 0.02 0.02 

τd 0.01 0.01 

Lest 0 0 

3.5.2.1 Simulation results under noisy condition

First, we confirm the effectiveness of ID-FRIT with respect to Step 1 of the algorithm. 
Figure 3.8(a) shows the time history of the raw and denoised input/output data of the 
closed-loop system when the initial parameter values are used, and Ç� is set to 10. The 
denoised data is obtained using Equation (3.26). Figure 3.8(b) shows the enlarged view 
of the output. From the figure, the identified dead time is 0.2 s, and this value is used in 
Step 2 of the algorithm. Figure 3.9 shows the time history of the input/output data with 
the conventional FRIT and the proposed method when the step input under condition 2 is 
applied to the closed-loop system. From this figure, the output data of the standard FRIT 
can be confirmed to be divergent. In contrast, in the proposed method, controller 
parameters that stabilize the closed-loop system are obtained even when model matching 
cannot be realized. The simulation results are summarized in Table 3.7. 
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(a)

(b) 

Figure 3.8. Time-series data used in the optimization without and with the filter under the initial 
PID gain (Ç� = 10). (a) Overview of the input and output. (b) Enlarged view of the output.  

Figure 3.9. Input and output time series data with the conventional and proposed methods under 
condition 2. 
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Table 3.7. Tuned parameters in all condition with conventional and proposed method for the 
spring-mass system.

Symbol 
Condition 1 Condition 2 

Conventional Proposed Conventional Proposed 

Kp 0.0311 0.0003 106.61 1.4505 

Ki 2.4431 2.4320 117.14 11.103 

Kd 0.0447 0.0095 22.917 0.0471 

JFRIT 6.4984×10-4 - 8.8166×10-5 - 

J* - 1.3647×10-3 - 3.3616×10-2

J0 3.8648×10-3 3.8958×10-3 1.0761×10195 2.6731×10-2

Stability Stable Stable Unstable Stable 

Next, the effectiveness of the reference-model optimization method using Step 2 of the 
algorithm is confirmed. The reference model with a tunable parameter Lest is used as 
described in Section 3.4. Here, we assume that the controlled-object dead time is 
identified in Step 2-1 as 0.2 s from Figure 3.8(b). Figure 3.10 shows the time histories of 
the closed-loop system using the parameters obtained before and after applying Step 2 of 
the algorithm. The dead time of the variable reference model before optimization is fixed 
to 0.2 s to ensure that the conditions before and after the application of Step 2 of the 
algorithm match. Figure 3.10 (a) shows the time-series data before applying the 
optimization algorithm, and Figure 3.10(b) shows the time-series data after optimizing 
the responsiveness parameter. In Figure 3.10(a), the responsiveness parameter is not 
optimized and the response is vibrational. In contrast, Figure 3.10(b) shows that the 
parameter related to the responsiveness of the reference response is optimized. Further, 
the actual response can follow the reference response under the controller of the specified 
order. Thus, a response exhibiting characteristics close to those desired by the designer 
can be realized. The simulation results are summarized in Table 3.8. 
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(a) (b)
Figure 3.10. Input and output time series of the experimental data for spring-mass system (a) 
before and (b) after tuning by Step 2. 

Table 3.8. Tuned parameters including reference model for the spring-mass system. 

Symbol Before tuning After tuning 

τM
0.005 

(given by designer) 
0.3 

Lest
0.20 

(identified by Step 2-1) 
0.1607 

Kp 1.4585 0.0024 

Ki 11.077 6.1933 

Kd 0.0472 0.0145 

J* 1.3664×10-2 3.8396×10-4

J0 1.1578×10-2 3.2622×10-3
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3.5.2.2 Discussion about system 2

The proposed method is effective with respect to the results obtained by its application 
to the system because (i) controller parameters (PID gains) are obtained, causing the 
closed-loop system to become stable. Also, (ii) the characteristics of the closed-loop 
system coincide with those of the reference model when model matching is realized. After 
Step 2 of the algorithm, the gain and phase margins of the reference model are 14.67 dB 
and 70.34°, respectively. Further, the gain and phase margins of the closed-loop system 
using the obtained parameters by applying the proposed method are 18.00 dB and 84.32°, 
respectively. The gain and phase margins before the application of Step 2 are 1.676 dB 
and 22.82°, respectively. Thus, a controller with characteristics equivalent to those of the 
user-defined reference model can be obtained.  

3.6 Experimental result and discussion 

The proposed method is experimentally verified. The controlled object is a DC motor, 
and we obtain the PID gain for speed control. The experimental system is shown in Figure 
3.11. The motor and generator are connected by a rubber. The control input is calculated 
using a PID controller, and the controlled variable is the rotational speed (generator 
voltage) of the generator. The sampling period is 40 ms, and the time constant of the 
derivative filter is 100 ms. The initial PID gains and the dead time of the reference model 
are Kp = 2.0, Ki = 0.1, and Kd = 0.005. The dead zone is compensated because the rotation 
is controlled from the stopped state. 
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Figure 3.11. Experimental setup with the motor and generator connected by rubber. 

First, we confirm the effectiveness of the ID-FRIT with respect to Step 1 of the 
algorithm. Figure 3.12(a) shows the time history of the raw and denoised input/output 
data of the closed-loop system when the initial parameter values are used, and λr is set to 
5. The denoised data is obtained using Equation (3.26). Figure 3.12(b) shows the enlarged 
view of the output. From the figure, we can obtain the identified dead time as 0.12 s, and 
this value is used in Step 2 of the algorithm. From Step 1 of the algorithm, the PID gains 
obtained by conventional FRIT are Kp = 17.8881, Ki = 20.4399, and Kd = 9.4438. Also, 
the PID gains obtained by ID-FRIT are Kp = 5.1579, Ki = 4.6819, and Kd = 9.4438. Figure 
3.13 shows the time history of the output (generator voltage) and input calculated by the 
PID controller with the conventional FRIT and proposed method. In this figure, in the 
proposed method, the closed-loop system is stable even when model matching cannot be 
realized. In the conventional FRIT, the closed system seems to be not divergent because 
of the input voltage limitation of the hardware from −5 to +5 V; however, the control 
input is very large and the PID gains are not appropriate. 
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(a)

(b) 

Figure 3.12. Time-series of the experimental data used in the optimization without and with the 
filter under the initial PID gain (Ç� = 5.0). (a) Overview of the input and output. (b) Enlarged 
view of the output.  

Figure 3.13. Input and output time series of the experimental data with the conventional and 
proposed methods under condition 2. 
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Next, we confirm the effectiveness of the reference-model optimization method using 
Step 2 of the algorithm. The reference model with a tunable parameter Lest is used as 
described in Section 3.4. Here, we assume that the controlled-object dead time is 
identified in Step 2-1 as 0.12 s from Figure 3.12(b). The tuned PID gains before applying 
Step 2 of the algorithm are Kp = 2.7890, Ki = 4.2147, and Kd = 0.2823. The dead time of 
the variable reference model before optimization is fixed to 0.12 s to ensure that the 
conditions before and after applying Step 2 of the algorithm match. Also, the PID gains 
and estimated dead time after applying Step 2 are Kp = 1.3251, Ki = 1.8455, Kd = 0.0010, 
and Lest = 0.1198. Figure 3.14 shows the time histories of the closed-loop system using 
the parameters obtained before and after applying the above algorithm. Figure 3.14(a) 
shows the time-series data before applying Step 2 of the algorithm, and Figure 3.14(b) 
shows the time-series data after the optimization of the responsiveness parameter. In 
Figure 3.14(a), the responsiveness parameter is not optimized and the response is not 
close to the reference response. In contrast, Figure 3.14(b) shows that the parameter 
related to the responsiveness of the reference response is optimized, and the actual 
response can follow the reference response. Thus, the parameters obtained using the 
proposed method provide BIBO stability and model matching.  

(a) (b)
Figure 3.14. Input and output time series of the experimental data (a) before and (b) after tuning 
by Step 2. 
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3.7 Conclusion 

In this chapter, a direct tuning method for the feedback controller parameters based on 
a fictitious reference signal that ensures BIBO stability and an auto-tuning method of the 
reference model for model matching from single-experiment data were proposed. First, 
the BIBO stability of closed-loop system is satisfied. A transfer function, the input and 
output of which are a fictitious reference signal and a controlled-object response, 
respectively, is identified in the time domain to obtain pole information. Thus, we can 
obtain the parameters that make the closed-loop system BIBO stable. Next, the reference 
model parameters are automatically tuned using the proposed algorithm for model 
matching. Thus, BIBO stability and model matching can be considered in the algorithms. 
Moreover, the design parameters are not influential apart from noise. These features allow 
the easy application of this method. Thus, many engineers can easily use this method. 
Two simulations and an experiment were performed on a system with dead time to verify 
the effectiveness of the proposed method. Results showed that the conventional FRIT and 
the proposed method result in optimal controller parameters when model matching is 
possible. However, when model matching is impossible because of an inappropriate 
reference model, the closed-loop system using the controller parameters obtained with 
the standard FRIT is unstable, whereas the proposed method can be used to obtain 
optimum control parameters without destabilizing the system. In addition, the reference-
model parameters can be optimized for model matching. Thus, the parameters obtained 
using the proposed method provide BIBO stability and model matching.  
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Chapter 4
Direct tuning for gain-scheduled sparse 
controllers 

In this chapter, a direct tuning method for nonlinear systems is proposed. In 
industry, gain-scheduled PID control is carried out for nonlinear systems 
using a look-up table (LUT) that is easy to understand. Compared with the 
fixed PID, the scheduler has many more parameters; tuning them is time-
consuming. The ROM storage area also increases. To address these 
problems, a gain-scheduled control law using the sparse polynomial 
functions and a direct parameter tuning method without system 
identification are proposed. The polynomial functions are used instead of a 
LUT to reduce the ROM area. For direct tuning, data-driven control is 
formulated so that it can be applied to the gain-scheduled control; the 
optimal parameters are obtained by least absolute shrinkage and selection 
operator (LASSO) regression, where the small contributing parameters of 
the scheduler become zero, and a sparse controller is obtained. The 
effectiveness of this method was examined via simulations for two systems. 
The results revealed that a sparse controller with a low calculation cost and 
a reduced ROM area can be directly obtained without knowing the 
characteristics of the controlled object for a large number of control 
parameters of the gain scheduler. The contents of this chapter are based on 
the literature [65]. 

4.1 Introduction 

Over 90% of the closed-loop control methods in industrial systems use PID control 
because the perspective is easy to understand and the calculation cost is low [7], as 
mentioned in Chapter 1. The desired control performance can be obtained if the controlled 
object has strong linearity, but in the case of a nonlinear system, it is difficult to obtain 
sufficient control performance with PID control with fixed gains [66]. The nonlinear 
control theory and robust control can be applied, but the hurdles of nonlinear control 



58 Chapter 4 Direct tuning for gain-scheduled sparse controllers

applications are high because the theory is complicated and the calculation load is often 
large. In addition, it is generally difficult to address a robust controller for a system whose 
characteristics significantly change. Against this background, the gain-scheduled control 
is one of the most popular approaches to nonlinear control design [40] [67], and it is well-
known as an effective and economical method for actual nonlinear control designs [41]. 
The gain-scheduled control is a method that realizes the desired control performance by 
changing the controller parameters according to the state of the controlled object and the 
external environment. This approach is intuitively understandable and easy to accept in 
many industries. In addition, the gain-scheduled PID control, which uses a look-up table 
(LUT), is often used in many industries [68] [69]. At the same time, a large number of 
control parameters must be tuned to obtain the desired control performance. The fixed 
PID control has three tuning parameters, but the gain-scheduled control with LUT has a 
much greater number of parameters that must be tuned. Hence, it takes a lot of time for 
parameter tuning. The model-based design of the LPV (Linear Parameter-Varying) 
controller has been proposed, but it may still be difficult to obtain highly accurate models 
because industrial systems are often complicated [70], so the controller may not be fully 
performed. 

In recent years, direct controller design methods that do not need controlled object 
models or system identification have attracted extensive attention. We focused on data-
driven control methods such as VRFT [20] [21] and FRIT [22] [23] because the controller 
parameters can be obtained offline from a set of input/output data without repeated 
experiments (see Chapter 1). Meanwhile, these methods are based on a linear control 
system. Because many complex nonlinear systems exist in industrial systems, a data-
driven control system that enables nonlinear control is required. There are applications to 
nonlinear systems, such as DD-PID [71] and DD-FRIT [72] [73], FRIT for feedback 
linearization [74], and VRFT for LPV systems [75] [76] [77]. The DD-PID and DD-FRIT 
have relatively high storage capacity and computational cost when a controller is 
implemented. In FRIT for feedback linearization, it is necessary to know the model 
structure in advance, and it is not possible to directly obtain the PID controller parameters, 
which are mostly used in many industries. In the VRFT for the LPV system, the gain-
scheduled controller is obtained, which has a small calculation cost and storage capacity 
at implementation. In addition, it is possible to interpret and understand the same, as the 
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gain-scheduled PID control uses the described LUT at the beginning by visualizing the 
schedulers for each of the obtained PID gains. Therefore, it is desirable to obtain the 
parameters for the gain-scheduled PID control by the VRFT. 

In the gain-scheduled control, the selection process of the scheduling parameters is also 
important. For example, the position control for the spring-mass system is very important, 
and it is combined with different states, such as the position, velocity, or acceleration. If 
the selected scheduling parameters do not affect the change in the characteristics of the 
controlled object, the calculation cost and ROM area would increase for unnecessary 
parameters. In the regression problem of machine learning, to prevent overlearning, a 
method called LASSO (least absolute shrinkage and selection operator) regularization, in 
which the L1 norm is added to the cost function is performed. Mainly, this is a method for 
extracting essential low-dimensional information with high accuracy from high-
dimensional information. In the model obtained by LASSO, the elements with little 
information representing the feature are zero, and such a property is called sparseness. 

In this chapter, the author proposes a method that automatically tunes the parameters of 
the scheduling function (scheduler) for gain-scheduled PID control while considering the 
sparseness property of LASSO. The gain-scheduled PID controller is defined by 
expressing the scheduling function as a polynomial that consists of weight coefficients, 
which are the tuning parameters. By using a polynomial instead of the LUT, the tuning 
parameters can be reduced. Next, the cost function of the VRFT for the gain-scheduled 
PID controller is derived. Additionally, the value of the optimum control parameters is 
calculated by LASSO so that the cost function becomes minimum. In addition, the gain 
scheduler with the high sparseness can be constructed by LASSO. As a result, trial and 
error parameter tuning and system identification are not needed. Moreover, the ROM area 
of the controller and the calculation cost are reduced. In other words, the controller with 
the high sparseness and reduced parameter tuning man-hours can be obtained. Studies 
[75] [76] [77] for applying the VRFT to the LPV system have been previously proposed. 
In comparison with those studies, the main features of this study are as follows. For 
industrial applications, the PID controller is assumed as a control law, the gain scheduler 
adopts a quadratic polynomial, and the sparse controller can be obtained. 
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The structure of this chapter is as follows. In Section 4.2, the problem formulation is 
described. Section 4.3 describes the proposed method and the direct tuning method of the 
gain-scheduled control parameters using the VRFT. In Section 4.4, two types of nonlinear 
systems are controlled using the proposed method by numerical simulation, the 
correspondence of the controller parameters to the characteristic fluctuations is revealed, 
and the desired control performances are obtained. Section 4.5 provides a summary of 
this chapter. 

4.2 Problem formulation 

The model-referenced gain-scheduled control problem and the controlled objects are 
explained. In this chapter, VRFT shown in Section 2.2 is used. 

4.2.1 Model-referenced gain-scheduled control problem 

When the controlled object has complicated characteristics, such as nonlinearity or 
time-varying, the performance deterioration cannot be avoided with a time-invariant fixed 
controller, whereas a gain-scheduled controller can be an effective method for realizing 
good control performance. The gain-scheduled control system shown in Figure 4.1 is 
considered the control law. In the figure, � ∈ ¥ is the control input, � ∈ ¥ is the output, 
�  is the set-point, �  is the error, and P is the controlled object. The gain-scheduled 
control is constructed from the controller �(�, �), the controller parameter vector �, the 
rational function vector Þ(�), the scheduling parameter ß ∈ à, the parameter vector á, 
and the scheduling function (scheduler) â(ß,á). The controller is described as 

�(�, �) = �� Þ(�) = â(ß)� Þ(�), (4.1)

where 

� = [�1 �2 ⋯ �
]� ,
â(ß, á) = [â1(ß, á1) â2(ß, á2) ⋯ â
(ß,á
)]� ,

Þ(�) = [Þ1(�) Þ2(�) ⋯ Þ
(�)]� ,
á = [á1 á2 ⋯ á
 ]� ,

(4.2)
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where �  is the shift operator, and áØ  is a parameter vector that constructs the i-th 
scheduling function âØ(ß, áØ). The controller parameter vector � changes according to 
the scheduling function â(ß,á) . The detailed settings of the rational function vector 
Þ(�) are described in Section 4.3.1. 

Figure 4.1. Gain-scheduled control system. 

We considered the model reference control as well as the previous studies of the data-
driven control [21] [23]. Figure 4.2 shows a block diagram of the model reference gain-
scheduled control. The problem setting is to acquire the sparse controller by automatically 
tuning the control parameters of the gain scheduler so that the transfer characteristics from 
the set-point to the output can match the reference model ��, which is determined by 
the designer. In other words, our aim is to obtain the optimum parameters that make up 
the sparse gain-scheduled controller that minimizes the following cost function. 

�Ó�(á) = ‖�(�, á) − ��(�)�(�)‖2
2 + Ç‖á‖1, (4.3)

where Ç denotes the weight coefficients, and the second term is the weight-related to á. 
The details are provided in Section 4.3.3. 

Gain Scheduler
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Figure 4.2. Gain-scheduled control system and reference model. 

4.2.2 Controlled object 

The LPV system whose characteristics are changed by the scheduling parameters was 
used in many previous studies. However, the target system is unknown if it is strictly the 
LPV system or not. Hence, the controlled objects are unknown two-type nonlinear single-
input single-output (SISO) systems, which are an explicit LPV system and a system that 
is not explicitly described as an LPV system. The first system, the LPV system, is 
described as 

{
 (� + 1) = ¢�(ß) (�) + ¤�(ß)�(�)

�(�) = ��(ß) (�)
, (4.4)

where � ∈ ¥ is the control input, � ∈ ¥ is the output,   ∈ ¥
 is the state, and θ is the 
scheduling parameter. The matrices Ad, Bd, and Cd are bounded and unknown functions 
that are continuous with respect to θ, and the candidates of the scheduling parameters are 
associated with the controlled object output or state. We assumed that this system is stable. 
The second system is often used in the numerical example of the database control [71] 
[78] as 

�(�) = âÖ(�(� − 1),… , �(� − Á�),�(� − 1),… , �(� − Á�)), (4.5)

where âÖ  is an unknown nonlinear function, and Á�  and Á�  denote the unknown 
orders of the input and output, respectively. We assumed that this system is stable and can 
be linearized at an equilibrium point. The candidates of the scheduling parameters are 
associated with the controlled object output. Thus, in general, it is necessary to linearize 

Gain Scheduler
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the nonlinear system to design a gain scheduler, but this study aims at designing the gain 
scheduler without system identification and linearization. 

4.3 Direct tuning of the PID gain scheduler 

4.3.1 Gain-scheduled PID control 

In the gain-scheduled PID control, the closed-loop system may become unstable due to 
the sudden change in the gain. As a countermeasure, the velocity form of the PID 
controller and the described scheduling function in the polynomial are adopted. 

4.3.1.1 Velocity form of the PID controller 

The velocity form of the PID control law that is suitable for the gain-scheduled control 
is adopted. This has the advantage that the integral term does not need to be reset, and the 
control input does not rapidly change even when the gain rapidly changes [79] [80]. If the 
gain abruptly changes, the control input changes over time, causing disturbance to the 
system. Figure 4.3 shows a block diagram of the velocity form of the PID control. An 
integral element appears just before the control input, and the time change can be reduced. 
Furthermore, an integral element is used after the Ki element, and the Kd element is used 
after the difference element. However, it is not preferable when these orders are reversed, 
as the time change of the control input at the time of switching becomes large [81]. The 
velocity form of the PID control that is shown in Figure 4.3 is expressed by the following 
equation.  

�(�) = �(� − 1) + �å(�, �)�(�) (4.6)

with 

�å(�, �) = Õ(�)Þ(�),
Õ(�) = [ÕÖ(�) ÕØ(�) Õ�(�)]� ,

Þ(�) = [(1 − �−1) 1 (1 − �−1)2]� ,
(4.7)

where �(�) is the error that is given by �(�) = �(�) − �(�), and �(�) is the set-point. 
Kp(t), Ki(t), and Kd(t) denote the proportional gain, integral gain, and derivative gain, 



64 Chapter 4 Direct tuning for gain-scheduled sparse controllers

respectively, and æ represents the difference operator, which is expressed as æ = 1 −

�−1 using the backward operator �−1, where �−1�(�) ≔ �(� − 1). 

Figure 4.3. Block diagram of the velocity form of the PID controller. 

As a supplement, based on the literature [79] [80], the advantage of the velocity form 
of the PID controller, also known as the incremental PID controller, is explained. The 
velocity form of the PID controller has two main features.  

First, the velocity form of the PID controller has a bumpless transfer feature. The 
bumpless means that the control input changes continuously even when the controller is 
switched. For example, bumpless is often used when switching from automatic to manual 
operations or in override control (mode switching control). In the position form, switching 
the controller may result in system instability because of the rapid change of control input. 
On the other hand, the velocity form of the PID controller calculates the derivative control 
input, and the control input is obtained by integrating the derivative control input; thus, 
the control input is continuously changed because of the integration of the derivative 
control input. The difference between the PID controller's position form and velocity form 
is described. Figure 4.4 shows the time series data with the position form and velocity 
form of the PID controller when the controller is switched at 15s, indicating that PID 
gains are switched to different gains. From the figure, the control input is switched in the 
case of the position form and the response is not preferred. However, the control input in 
the velocity form is smoothly changed and the effect of switching the controller is almost 
negligible. In gain-scheduled control, the rapid time change of control input due to 
variable PID gains may occur. Therefore, we consider the velocity form of the PID 
controller suitable for gain-scheduled control. In addition, this form has also been used in 
the literature [81]. 

Kd (t)

1/Δ

Δ2

Δ
e(t) Δu u

+
+

+
+

Ki (t)

Kp(t)



4.3 Direct tuning of the PID gain scheduler 65

Figure 4.4. Time series data when PID gain is switched at 15 s. 

Second, no special anti-windup measure is required. This is not directly relevant to this 
study, but the outline will be introduced. We consider the case in which the range of the 
control input for the actuator is limited. When the steady error cannot be reduced to zero 
because of the limitation, the integral term continues to accumulate the error. As a result, 
the subsequent response is delayed, decreasing the system’s control performance. A 
process that cancels out the effect of the integral term should be added. An anti-windup 
measure should be added in the position form of the PID controller. However, that is not 
necessary for the velocity form of the controller. The difference between the position form 
and velocity form of the PID controller is demonstrated. Figure 4.5 shows the time series 
data of the PID controller in the position form and velocity form when the actuator range 
is limited. The control input is limited up to 4.0 and the response does not reach the set-
point value of 1.0. In the position form, the integral term continues to accumulate the 
error, known as windup, from approximately 10 to 30 s (see position form before 
limitation line). As a result, the response is delayed when the set-point is changed at 30 s. 
This is because the integral term has a large value. Thus, we need to add some anti-windup 
measure. On the other hand, the velocity form does not require an anti-windup measure, 
as shown in Figure 4.5. 
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Figure 4.5 Time series data when the actuator range is limited. 

4.3.1.2 PID gain scheduler

In this chapter, the gain scheduler in Equation (4.2) uses a polynomial. The use of the 
Just-In-Time method [78], database control [71], and neural network [82] is difficult to 
install in mass product controllers due to the limitations of the calculation cost and ROM 
area. The gain schedulers that use the LUTs have been used for a long time in many 
industries, especially in automobile control. However, the ROM capacity and tuning 
parameters increase. Furthermore, as a concern of the gain-scheduled control in which 
the gain that is designed for each operating point is directly expressed by the LUT, there 
is a possibility that the PID gain rapidly fluctuates and that the system becomes unstable. 
Therefore, in this chapter, the scheduling function is represented by the quadratic 
polynomial shown in Equation (4.8). As a result, in addition to reducing the number of 
stored parameters, the gain continuously changes so that the sudden gain changes are less 
likely to occur.
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Õ�(ß) = á�
� ßÍË,

á� = [á�0 á�1 á�2 á�3 á�4 á�5]
�
,

ë ∈ {ì, í, �},
ßÍË(ß) = [1 ß1 ß2 ß1ß2 ß1

2 ß2
2]� ,

ß = [ß1 ß2]� ,

(4.8)

where Õ�(ß)  is the PID gain scheduler, which is the scheduling function. ßî  is the 
scheduling parameter (l = 1, 2), and ßÍË  is the function vector, which is the base function 
that is composed of the scheduling parameters. In addition, á� is the weight coefficients 
vector, which is the regression coefficient vector of the PID gains, which are the tuning 
parameters. As scheduling parameters, the signals of the external environment, such as 
the temperature, or the states, such as the position and speed of the controlled object, are 
generally used. In Equation (4.8), the number of scheduling parameters is two, and the 
scheduling function is a quadratic polynomial, but it is not limited to this order. 

4.3.2 Derivation of the cost function 

Herein, a cost function that finds the optimum values of the weight coefficients of the 
gain scheduling function is derived. From the cost function of the VRFT (see Equations 
(2.10)) and Equations (4.6)–(4.8), which are related to the gain-scheduled PID control, 
the weight coefficient of the gain scheduler can be obtained. The cost function is  

�(á) = ‖�(�) − á� ï(�)‖2
2 (4.9)

�(�) = �∆�(�)
ï(�) = ñ(��

−1(�) − ©)��(�) (4.10)

with 

á = [áÖ áØ á� ]T, (4.11)

ñ = [ßÍË
� Þ1 (�) ßÍË

� Þ2 (�) ßÍË
� Þ3 (�)]T, (4.12)



68 Chapter 4 Direct tuning for gain-scheduled sparse controllers

where ÞØ is the i−th element of the vector Þ, as shown in Equation (4.7). Since the cost 
function is linear with respect to the weight coefficients vector á, the optimal solution 
á∗ can be obtained by the following equation using the least-squares (LS) method. 

á∗ = (ó� ó)−1ó� ô, (4.13)

where 

ó = [ï(1) ï(2) ⋯ ï(�)]T, (4.14)

ô = [�(1) �(2) ⋯ �(�)]T. (4.15)

4.3.3 Automatic tuning by LASSO 

LASSO is a method for extracting essential low-dimensional information from high-
dimensional information with high accuracy. By introducing the L1 regularization term, 
the weight coefficients with less influence are set to zero. This property is called 
sparseness. In the field of machine learning, it is used to reduce the prediction error of the 
model by preventing overfitting. In this chapter, LASSO is applied to find the optimal 
solution of Equation (4.9). As a result, it can be expected to suppress the overfitting of 
the weight coefficients and to obtain a controller with high sparse. 

The cost function obtained by adding the L1 regularization term to Equation (4.9) is 

�(á) = ‖�(�) − á� ï(�)‖2
2 + Ç‖á‖1, (4.16)

where Ç is a positive constant and a parameter that tunes the relative strength between 
the regularization term and the sum of the squared error terms. The sparsity can be tuned 
by changing the value of Ç . In this study, cross-validation is used to automatically 
determine the optimal regularization parameter Ç from the multiple Ç, which is set by 
the designer. The cross-validation can be explained using Figure 4.6. 
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[Step 1] Divide the data into k (=5) blocks. This is called a fold. 

[Step 2] Fold 1 and the others (folds 2–5) are used as the test and training sets, 
respectively. Then, the learning and evaluation of the model are performed, 
and the cost function value J1 is obtained. 

[Step 3] Fold 2 and the others (folds 1, 3–5) are used as the test and training sets, 
respectively. Then, the learning and evaluation of the model are performed, 
and the cost function value J2 is obtained. 

[Step 4] This process is repeated until fold 5 becomes the test set, and the cost functions
J1–J5 can finally be obtained. Also, the cost value J, which is the average value 
of J1–J5, can be calculated.  

By performing cross-validation for multiple Ç values, which are set by the designer, 
and by obtaining the cost function value J for each Ç, the optimum Ç and the optimum 
parameters with the smallest cost functions are obtained. Python is used as the 
programming language, and cross-validation is performed by LASSO CV, which is 
included in the package scikit-learn to determine Ç and to find the optimal solution. 

Figure 4.6. k-fold cross-validation. k is five in the figure. 

4.3.4 Algorithm 

Using the VRFT, the algorithm for the direct tuning method of the weight coefficients 
of the PID gain scheduling function is shown below. 

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Split 1

Split 2

Split 3

Split 4

Split 5

Data set

5-fold (k=5)

Validation

Training

: Data set for validation

: Data set for training

J1

J2

J3

J4

J5

J = ΣJi /5



70 Chapter 4 Direct tuning for gain-scheduled sparse controllers

[Step 1] Measure the input and output data �(�), �(�), � = 1, … , �  in the test. The 
data set is Z and D described in Equations (4.14) and (4.15), respectively. 

[Step 2] Set the reference model. 

[Step 3] Decide the scheduling parameter candidates and the scheduling function for 
each PID gain. 

[Step 4] Design the prefilter for the VRFT. 

[Step 5] Obtain the weight coefficients, which are the scheduling parameters, of the 
scheduling function that minimizes the cost function by LASSO.  

Remark 4.1. In Step 4, by applying a strict prefilter in the study [75] [76], the original 
cost function and the VRFT cost function can be matched. However, additional 
experiments are required. In this study, we consider the practical application and use the 
prefilter of the following filter [28]: 

�(�) = ��(�). (4.17)

Remark 4.2. This algorithm is based on VRFT, where an open-loop test has been adopted, 
as in many studies [21] [27] [28] [29] [75] [76] [77]. This algorithm faces the same 
theoretical problem as the general system identification and the previous studies [75] [76] 
[77] when using closed-loop test data. For practice use, we could obtain controller 
parameters realizing model-matching if the noise is of an acceptable magnitude. The 
literature [27] shows that optimized parameters can be obtained using closed-loop data 
for an industrial system with the standard VRFT. If the observed noise is large, a filtering 
process is required similar to the common machine learning process. In addition, in FRIT, 
which has a lot of achievements using closed-loop test data, a filtering process is 
performed for noisy data [83]. In Section 4.4, the results when using the initial data of 
open-loop and closed-loop tests will be shown. The results show that good performance 
was achieved in both cases. 

Remark 4.3. The feature of this method is summarized. The advantages of the proposed 
method are described as follows: (i) The gain-scheduled controller parameters can be 
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obtained without the controlled object model. (ii) ROM area and calculation cost can be 
reduced using LASSO. In addition, LASSO prevents overlearning. (iii) Many engineers 
can easily understand the controller structure, as industrial engineers are familiar with 
gain-scheduled control and PID control. On the other hand, the disadvantage is that 
stabilization is not completely guaranteed; however, this is a common issue with direct 
data-driven control methods [21] [23] [27] [28] [66] [71] [72] [73] [81]. This will be one 
of our future works. 

4.4 Simulation verification 

The controlled objects are two nonlinear systems. The first one is a nonlinear dynamic 
system described in the LPV system, and it is a spring-mass system that is often used in 
industrial systems, where each parameter is time-varying. The second system is the 
Hammerstein model [84], in which a linear dynamic system is connected in series to the 
output of the static nonlinear function, and it is widely used as a model for describing the 
nonlinear system [85]. This model is also used as numerical examples for data-driven 
control [71] [72] [73] [86]. We use open-loop and closed-loop data to verify the 
effectiveness of the proposed method for these systems. 

4.4.1 Application to LPV systems 

It is applied to a controlled object whose system parameters change according to the 
state of the controlled object. In other words, the target is a nonlinear dynamic system. 

4.4.1.1 System formulation 

The controlled object, reference model, and controller used in this section are 
formulated. The controlled object is a spring-mass system with time-varying parameters, 
as shown in Figure 4.7. Here, m, c, k, and � denote the mass, viscosity coefficient, spring 
stiffness, and system response (position), respectively. The mass, spring stiffness, and 
viscosity coefficient change depending on the system response and the controlled object 
is a system in which the following equation of motion is discretized. 
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õ(�, �)
�2�(�)
��2

+ ö(�, �)
��(�)
��

+ �(�, �) = �(�) + ÷(�), (4.18)

where 

õ(�, �) = 1 + 0.2�(�),
�(�, �) = 5 + 2� + �2(�),

ö(�, �) = 2 + 0.5�(�).
(4.19)

÷ is the white noise with the variance 1×10−4, and the set-point at each time is given as 

�(�) =

⎩{
{⎨
{{
⎧0.75 (0 < � ≤ 10)

2.0 (10 < � ≤ 25)
1.25 (25 < � ≤ 40)
0.5 (40 < � ≤ 50)

. (4.20)

The reference model is a first-order system with a time constant of 1 s as 

��(�) = �(��(¨)),

��(¨) =
1

¨ + 1
,

(4.21)

where �(･) represents the discretization, ¨ is the Laplace operator, and the sampling 
period of the controller is 10 ms. The gain scheduler uses Equation (4.8), and the 
scheduling parameters are the position and its derivative as 

ß1(�) = �(�), ß2(�) = �(�)(1 − �−1). (4.22)
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Figure 4.7. Controlled object with time-varying parameters. 

4.4.1.2 Result 

Figure 4.8 shows the given input/output data in the open-loop test. The input signal is 
given to the staircase signal to obtain the input/output data that represents the 
characteristics around the equilibrium points, and the step width is 3.0. From the figure, 
it can be seen that the system becomes difficult to move with the increase in the position. 
Figure 4.9 shows the time series data when the gain scheduling parameters were obtained 
from the input/output data in the open-loop test. For comparison, the data when using the 
fixed PID gain (VRFT), the VRFT by GS (using the least-squares method (GS-VRFT-
LS)), and the VRFT by GS (using LASSO regression (GS-VRFT- LASSO)) are shown. 
The fixed PID gains obtained by the VRFT are Kp = −0.0340, Ki = 0.0605, and Kd = 0.0070, 
respectively. From the top of the figure, the output, input, proportional gain, integral gain, 
and derivative gain are shown. Table 4.1 shows the MSE (mean squared error) of the 
tracking error performance, which is MSE = 1

� ∑ (�(�) − ��(�)�(�))�
ª=1

2
 , of VRFT, 

GS-VRFT-LS, and GS-VRFT-LASSO, also shown in the figure and table, the GS-VRFT-
LS has a better tracking performance than the standard VRFT. This is because the PID 
gain changes appropriately according to the state of the controlled object in the GS-
VRFT-LS. Next, by comparing GS-VRFT-LS and GS-VRFT-LASSO, it can be seen that 
they have the same tracking characteristics. Table 4.2 shows the operation counts and 
weight coefficients obtained by the GS-VRFT-LS and GS-VRFT-LASSO for calculating 
PID gains from the gain scheduler in Equation (4.8). The total counts of multiplication 
and addition in the scheduler obtained using LASSO are less than those obtained using 
the least-squares method. In the scheduler obtained by LASSO, the 18 weight coefficients 
that make up the PID gain scheduler are reduced to 9, and the same performance is 
obtained when using 18 weight coefficients. The weight coefficients á2,á3, and á5 of 
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the PID gain scheduler became zeros. In other words, the gain-scheduled PID controller 
with high sparsity is obtained. The optimum value of Ç for the L1 regularization was 1 × 
10−7 because of the cross-validation for multiple Ç, which is described in Section 4.3.3.  

Figure 4.8. Time series data of the initial input and output under open-loop test. 
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Figure 4.9. Time series data with the proposed method and fixed PID gain using open-loop data. 
The GS-VRFT-LS and GS-VRFT-LASSO are almost overlapped. 

Table 4.1. Results of the tracking error for the spring-mass model for open-loop test. 

Fixed (VRFT) GS-VRFT-LS GS-VRFT-LASSO 
MSE 1.918×10-2 4.149×10-3 4.178×10-3

Table 4.2. Operation counts and parameters of gain scheduler for spring-mass system. 

GS-VRFT-LS GS-VRFT-LASSO Efficiency [%] 

Multiplication 33 12 36.4 
Addition 15 6 40.0 

Total 48 18 37.5 
Weight coefficients 18 9 50.0 
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Figure 4.10 shows the given input/output data in the closed-loop test. The set-point 
signal is given to the staircase signal of which step width is 0.25, and the input/output 
data is measured. The fixed PID gains are set to Kp = 0.0, Ki = 0.3, and Kd = 0.0. Figure 
4.11 shows the time series data obtained from the closed-loop test input/output data when 
gain scheduling parameters are used. For comparison, the data when using the fixed PID 
gain (VRFT), VRFT by the GS (using the least-squares method (GS-VRFT-LS)), and 
VRFT by GS (using LASSO regression (GS-VRFT- LASSO)) are shown. The fixed PID 
gains obtained using VRFT are Kp = −0.0651, Ki = 0.0684, and Kd = 0.0212. Table 4.3 
shows the MSE of the tracking error performance of VRFT, GS-VRFT-LS, and GS-
VRFT-LASSO. From the figure and table, we can see that the performance using closed-
loop experiment data is good as well as the results using open-loop experiment data. In 
addition, the operation counts and weight coefficients obtained using the GS-VRFT-LS 
and GS-VRFT-LASSO are the same as those shown in Table 4.2. The total counts of 
multiplication and addition in the scheduler obtained using LASSO are less than those 
obtained using the least-squares method. In the scheduler obtained using LASSO, the 18 
weight coefficients that make up the PID gain scheduler are reduced to 9, and the same 
performance is obtained when using 18 weight coefficients. The weight coefficients 
á2,á3, and á5  of the PID gain scheduler became zeros. In other words, a gain-
scheduled PID controller with high sparsity was obtained. The optimum value of Ç for 
the L1 regularization was 1 × 10−7. 

Figure 4.10. Time series data of the initial input and output under closed-loop test. 
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Figure 4.11. Time series data with the proposed method and fixed PID gain using closed-loop 
data. The GS-VRFT-LS and GS-VRFT-LASSO are almost overlapped. 

Table 4.3. Results of the tracking error for the spring-mass model for closed-loop.

Fixed (VRFT) GS-VRFT-LS GS-VRFT-LASSO 
MSE 1.474×10-2 2.846×10-3 2.834×10-3

4.4.2 Application to the Hammerstein model 

The Hammerstein model, which is widely used as a model for describing nonlinear 
systems, is the controlled object. Figure 4.12 shows the block diagram of the 
Hammerstein model, which consists of a nonlinear static function and a linear model.  
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Figure 4.12. Block diagram of Hammerstein model. 

4.4.2.1 System formulation 

The system formulation in this section is the same as that in the previous literature [71] 
[72] [73] [84]. The sampling period of the simulation, which includes the controller, is 1s, 
and the Hammerstein model is the control target, as shown in the following equation.  

�(�) = 0.6�(� − 1) − 0.1�(� − 2) + 1.2 (� − 1)
−0.1 (� − 2) + ÷(�),

 (�) = 1.5�(�) − 1.5�2(�) + 0.5�3(�),
(4.23)

where ÷  is the white noise with the variance 1×10−3. Figure 4.13 shows the static 
characteristics of this system. 

Figure 4.13. Static characteristic of the Hammerstein model. 

The set-point at each time is 

�(�) =

⎩{
{⎨
{{
⎧1.0 (0 < � ≤ 100)

3.0 (100 < � ≤ 200)
0.5 (200 < � ≤ 300)
2.0 (300 < � ≤ 400)

. (4.24)

Input Nonlinearity Linear model
G (z-1)
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The reference model uses the following equation [71] [72] [73]. 

��(�−1) =
0.399�−1

1 − 0.736�−1 + 0.135�−2
(4.25)

The gain scheduler uses Equation (4.8), and the scheduling parameters are the output and 
its second derivative: 

ß1(�) = �(�), ß2(�) = �(�)(1 − �−1)2. (4.26)

In Section 4.4.1, we adopted the derivative as a scheduling parameter. In Section 4.4.2, 
we adopted the second derivative, which is more susceptible to noise, as another candidate. 

4.4.2.2 Result 

Figure 4.14 shows the given input/output data in the open-loop test. A chirp sin signal 
(frequency 0 to 1 Hz, amplitude 1.75, offset 1) is applied to the input, and the input/output 
data is measured. Figure 4.15 shows the time series data after the gain scheduling 
parameters are obtained from the measured input/output data. For comparison, this figure 
shows the time series data when using the CHR method, the standard VRFT (fixed PID 
gain), the VRFT by GS (applying the least-squares method (GS-VRFT-LS)), and the 
VRFT by GS (applying LASSO (GS-VRFT-LASSO)). The PID gains by the CHR 
method are Kp = 0.059, Ki = 0.058, and Kd = 0.0038, which were obtained from previous 
studies [71] [72] [73] . The fixed PID gains obtained by VRFT are Kp = 0.0655, Ki = 
0.1744, and Kd = 0.0166. From the top of the figure, output, input, proportional gain, 
integral gain, and derivative gain are shown. Table 4.4 shows the MSE of the tracking 
error performance of CHR, VRFT, GS-VRFT-LS, and GS-VRFT-LASSO. In addition, as 
shown in the figure and the table, the response was very slow in the classical CHR method. 
By comparing the standard VRFT and GS-VRFT-LS, we can confirm that the GS-VRFT-
LS has a PID gain that changes according to the state of the controlled object and that 
follows the target response. Also, by comparing the GS-VRFT-LS and GS-VRFT-LASSO, 
it can be seen that they have the almost same followability. Table 4.5 shows operation 
counts and weight coefficients obtained using the GS-VRFT-LS and GS-VRFT-LASSO 
for calculating PID gains from the gain scheduler shown in Equation (4.8). The total 
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counts of multiplication and addition in the scheduler obtained using LASSO are less than 
those obtained using the least-squares method. In LASSO, two weight coefficients 
became zero. In other words, the gain scheduling was performed with 18 weight 
coefficients for the LS and 16 weight coefficients for LASSO. The optimum value of Ç
for the L1 regularization was 0.002 because of the cross-validation for multiple Ç, which 
is described in Section 4.3.3.  

Figure 4.14. Time series data of the initial input and output under open-loop test. 
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Figure 4.15. Time series data with the proposed method and fixed PID gain using open-loop 
data. GS-VRFT-LS and GS-VRFT-LASSO are overlapped. 

Table 4.4. Results of the tracking error for the Hammerstein model for open-loop test. 

Fixed (CHR) Fixed (VRFT) GS-VRFT-LS GS-VRFT-LASSO 
MSE 1.548×10-1 2.830×10-2 8.121×10-3 1.053×10-2

Table 4.5. Operation counts and parameters of gain scheduler for Hammerstein model 
using open-loop data. 

GS-VRFT-LS GS-VRFT-LASSO Efficiency [%] 

Multiplication 33 30 90.9 
Addition 15 13 86.7 

Total 48 43 89.6 
Parameters 18 16 88.9 
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Figure 4.16 shows the given input/output data in the closed-loop test. The set-point 
signal is given to the random signal of which range is from −1 to 5, and the input/output 
data are measured. The fixed PID gains are set to Kp = 0.059, Ki = 0.058, and Kd = 0.0038, 
which were obtained using the CHR method in previous studies [71] [72] [73]. Figure 
4.17 shows the time series data when gain scheduling parameters were obtained from the 
input/output data in the closed-loop test. For comparison, the data obtained when using 
the fixed PID gain (VRFT), the VRFT by GS (using the least-squares method (GS-VRFT-
LS)), and the VRFT by GS (using LASSO regression (GS-VRFT- LASSO)) are shown. 
The fixed PID gains obtained using VRFT are Kp = 0.0206, Ki = 0.1246, and Kd = 0.0229. 
Table 4.6 shows the MSE of tracking error performance of CHR, VRFT, GS-VRFT-LS, 
and GS-VRFT-LASSO. Table 4.7 shows the operation counts and weight coefficients 
obtained using GS-VRFT-LS and GS-VRFT-LASSO for calculating PID gains from the 
gain scheduler shown in Equation (4.8). The total counts of multiplication and addition 
in the scheduler obtained by LASSO are less than those obtained using the least-squares 
method.  In LASSO, one weight coefficient became zero. In other words, the gain 
scheduling was performed with 18 weight coefficients for the LS and 17 weight 
coefficients for LASSO. The optimum value of Ç for the L1 regularization was 1 × 10−5

because of the cross-validation for multiple Ç, which is described in Section 4.3.3.  

Figure 4.16. Time series data of the initial input and output under the closed-loop. 
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Figure 4.17. Time series data with the proposed method and fixed PID gain using closed-loop 
data. GS-VRFT-LS and GS-VRFT-LASSO are overlapped. 

Table 4.6. Results of the tracking error for Hammerstein model for closed-loop test. 

Fixed (CHR) Fixed (VRFT) GS-VRFT-LS GS-VRFT-LASSO 
MSE 1.548×10-1 5.562×10-2 1.884×10-2 1.908×10-2

Table 4.7. Operation counts and parameters of gain scheduler for Hammerstein 
model using closed-loop data. 

GS-VRFT-LS GS-VRFT-LASSO Efficiency [%] 

Multiplication 33 31 93.9 
Addition 15 14 93.3 

Total 48 45 93.8 
Parameters 18 17 94.4 
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4.4.3 Discussion 

When applied to System 2, the number of reductions of the weight coefficients by 
LASSO was low. However, System 1 was an LPV system whose characteristics changed 
because of the position. Therefore, it is considered that the velocity, which is the first 
derivative of the position used as the scheduling parameter, has little effect on the system 
characteristic fluctuation and that the number of weight coefficients is reduced. As a result, 
the calculation cost of the controller and the ROM area can be reduced, which is a 
significant result for the implementation in the mass product controllers. In System 1, the 
closed-loop system became unstable when the weight coefficients were obtained by the 
LS method under the simulation condition that scheduling parameters are positions and 
acceleration without the white noise. However, it was stable when LASSO was used. This 
is because overlearning occurred due to the unnecessary weight coefficients related to the 
acceleration when the LS method was used; however, in LASSO, the weight coefficients 
for acceleration were zero, implying that overlearning was suppressed. Regarding the use 
of open-loop and closed-loop test data, the tracking performance of the proposed method 
was shown to be significantly better than those of the conventional fixed gain tuning 
methods in both cases. However, in system 2, the trajectory of PID gains between open-
loop and closed-loop is different. This is because initial input/output data are different 
between open-loop and closed-loop tests. We consider that multiple candidates exist for 
the controlled variable to be close to the reference. In Section 4.4, we used the position 
as one of the scheduler parameters, and another was velocity and acceleration for system 
1 and system 2, respectively. Contrary to the above cases, it was confirmed that the same 
performance can be obtained when acceleration and velocity are used as scheduler 
parameters for system 1 and system 2, respectively. 

4.5 Conclusion 

In this chapter, a direct design method of a gain-scheduled PID controller that considers 
sparseness without system identification was presented for two types of nonlinear systems. 
In this method, to reduce the tuning parameters, a polynomial was used as the scheduling 
function, and the weight coefficients of the scheduling function, which are the tuning 
parameters, were obtained based on the data-driven control. By applying the VRFT, a 
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gain-scheduled PID controller could be directly designed from a set of input/output data 
without system identification. Furthermore, in the optimization, LASSO was used to 
further reduce the controller parameters and prevent overfitting. The effectiveness of this 
method was examined by simulation for two types of nonlinear systems. As a result, it 
was revealed that a controller with high sparse can be obtained without knowing the 
characteristics of the controlled object for a large number of control parameters of the 
gain scheduler. In summary, it was possible to realize gain-scheduled PID control with a 
low computational calculation cost and ROM area and without trial and error parameter 
tuning. It is considered that the proposed control law and tuning method can easily be 
accepted in many industries.  
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Chapter 5
Slip control during inertia phase using 
model-free self-tuning control 

In this chapter, shift control of transmissions using model-free self-tuning 
control is proposed. Transmissions require a good shift feeling and 
improved fuel efficiency. In state-of-the-art stepped automated 
transmissions, the number of gear stages is increased and the lock-up area 
is expanded to improve fuel efficiency. However, a large number of stages 
and large lock-up area make obtaining a good shift feeling difficult and 
result in a transmission that requires a large number of man-hours for 
calibration. Therefore, to reduce the number of man-hours required for 
calibration and improve the shift feeling, a slip control law between the 
engine and the clutch, which is composed of a PID controller and a 
disturbance observer, is proposed. Moreover, PID gain is tuned online by 
installing an automatic tuning method that does not require a controlled 
object model. The effects of the proposed method are verified in an 
experiment using an actual vehicle. The experimental results show that the 
proposed method is effective for automatically tuning the PID gain and 
improving the shift feeling of the stepped automated transmission. The 
contents in this chapter are based on the literature [32]. 

5.1 Introduction 

As components of automobiles, transmissions are required to have a good shift feeling 
and increasingly good fuel efficiency. To improve fuel efficiency, the number of gear 
stages of stepped automated transmissions with clutch-to-clutch shifting, such as 
automatic transmissions (ATs) and dual clutch transmissions (DCTs), has been increased, 
and in vehicles with torque converters, the area of the lock-up, which directly transfers 
engine power to the transmission without oil, has been expanded. As the shifting 
frequency in automated transmissions increases to become more multistage, a slight shift 
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shock causes discomfort to the driver and leads to deterioration of the durability of the 
product. In conventional shift control, the shift shock is absorbed by the fluid of the torque 
converter without lock-up, but in recent years, slip control law of the torque converter 
using the lock-up clutch has been studied to achieve both improvements in fuel efficiency 
and reduction in shift shock [87] [88] [89] [90] [91]. To realize slip control of the torque 
converter by implementing a lock-up mechanism, in addition to the multiplication of the 
lock-up clutch, changing the piston chamber and damper, and adding a proportional valve, 
a new configuration of the control system is required, which increases cost. Moreover, 
some vehicles are not equipped with a torque converter. Therefore, it is desirable to reduce 
the transmission shock by clutch control of the transmission without relying on slip 
control of the torque converter by the lock-up clutch. Figure 5.1 shows a shift process 
during an upshift. If the clutch is contacted when the angular acceleration of the engine 
is high, a shift shock occurs, as shown in Figure 5.1 (broken line). To reduce transmission 
shock, the engine angular acceleration must be reduced during the synchronization 
between the engine and the clutch output shaft rotational speed (i.e., when the differential 
rotation speed between the engine and clutch output shaft becomes zero). However, to 
reduce the contact shock, if the shift time is simply lengthened, as shown in Figure 5.1 
(dotted line), slow feeling shift occurs, which leads to discomfort to the driver and a 
decrease in clutch life. These problems arise when the engine speed or the differential 
speed between the engine speed and the clutch output shaft speed cannot achieve the 
target value. Hence, by realizing control system design that follows the target value, it is 
possible to realize a shift without the slow sense or shock. In addition to the target value 
shown in Figure 5.1, when the clutch capacity is sufficient, slip control [92] is also 
performed in which the vehicle travels while generating the differential rotation speed to 
avoid a shift shock. 

Control law during the inertia phase of an automated transmission has been studied in 
various ways by using model-based control [93] [94] [95] [96] [97] [98] [99]. For example, 
it is possible to study differential rotation speed control by using robust control such as 
H∞ control. Although H∞ control can ensure stability by considering the error in advance, 
it is usually necessary to estimate the error when a multi-domain complex system like an 
automatic transmission, which includes hydraulic, electric, and mechanical domains, is 
targeted. Thus, the designed controller becomes conservative. Further, the order of the 
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controller must be lowered so that it can be mounted on the mass production controller. 
Know-how is required to achieve good performance. It should be noted that a reduction 
in number of development man-hours is required, but it takes man-hours to obtain an 
accurate mathematical model. Also, it may be difficult to obtain highly accurate models 
in real systems in the industry. In commercial systems, most control systems are feed-
forward control and PID control, which are easy to understand. In particular, PID control 
is used in more than 90% of industrial control loops [7]. However, PID control requires 
calibration to tune the control parameters. In recent years, the rapid increase of electronic 
control has caused a problematic increase in the number of calibration man-hours [87]. 
Considering this background, studies have been carried out on model-free control and 
reducing the number of calibration man-hours [13] [17] [19] [21] [22] [33] [34]. 

This study proposes a differential rotation speed control law (in other words, a slip 
control law) that realizes reduced shock during the inertia phase by slip control of a 
transmission for a stepped automated transmission with clutch-to-clutch shifting. 
Automatic PID gain tuning uses online FRIT based on recursive least square (RLS) [35] 
[36] that do not require a controlled object model. There have been no prior studies on 
applying FRIT to automotive systems, particularly automated transmissions and their 
experimental verification, because FRIT is a relatively new technique. Most FRIT 
applications involve simple experimental equipment and plants in which PID controllers 
are used in large quantities as mentioned in the Chapter 1. The conventional slip control 
law for an automated transmission does not cooperatively control the engine and 
automated transmission. Such conventional control systems have not been designed to be 
suitable for applying FRIT to tune the feedback linear controller parameters. Particularly, 
because the clutch torque is operated according to the conventional slip control law, a 
trade-off with drivability occurs, and complicated modeling of the clutch is required. In 
light of these factors, linear feedback control cannot be constructed, and it is difficult to 
automatically tune all the parameters. Furthermore, experimental verification using actual 
industrial machines is also a hurdle and is likely the reason why there has been no 
automotive application. This study proposes a linear feedback control law in which the 
engine torque is used as the manipulated variable by performing cooperative control of 
the engine and the automated transmission; this allows the slip control law to be 
implemented in a linear controller, which facilitates the application of FRIT. A reduction 
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in the number of calibration man-hours and a good shift feeling are expected by 
automatically tuning the controller parameters of the proposed control law. 

The structure of this chapter is described as follows. Section 5.1 describes the necessity 
of the stepped transmission, its problems, and the importance of the control method 
without using a model. Section 5.2 explains the controlled object by using a simple model 
of the automated transmission with clutch-to-clutch shifting. In Section 5.3, a closed-loop 
system is constructed by using a PID controller and a disturbance observer for slip control. 
That is, the cooperative control of the engine and the automated transmission is 
constructed. Further, the FRIT–RLS technique [35] [36] for automatically tuning the PID 
gain is briefly described. Section 5.4 experimentally verifies the effect of the control law 
constructed in Section 5.3 by using an actual vehicle. The results show that clutch control 
of the transmission according to the proposed method can realize slip control and shifting 
without extension or shock. Section 5.5 discusses the conclusions of this chapter. 

Figure 5.1. The cause of shift shock. 

5.2 System overview  

5.2.1 Controlled object 

Figure 5.2 shows a simplified model of a controlled object. The controlled object 
includes an engine, a plurality of clutches, and gears. ��, �£îª, �ý, ��, �£îª ,, and �ý

are the engine torque, the clutch torque, the output shaft torque of the automated 
transmission, the engine rotation speed, the clutch output rotation speed, and the output 
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shaft rotation speed of the automated transmission, respectively. Subscripts A and B 
represent clutches A and B, respectively. Next, the shift process during an upshift is shown 
in Figure 5.3. There is a torque phase in which the clutch is replaced during an upshift, 
and there is an inertia phase during which a change in the engine speed takes place [100]. 
In the inertia phase, it is important to reduce the slow feeling and shock that occur when 
the engine and clutch output shaft rotation speed are synchronized (i.e., when the 
differential rotation speed between the engine rotation speed and the clutch output shaft 
rotation speed becomes zero). As shown by the broken line in Figure 5.1, a shock occurs 
when the engine rotation angular acceleration at the differential rotation speed 0 is large. 
Note that the torque converter is not shown in Figure 5.2 because it is in the lock-up state 
during the shift. 

Figure 5.2. Simplified vehicle system with a stepped transmission. 
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Figure 5.3. Shift process. 

5.2.2 Motion model during the inertia phase 

During the inertia phase, the clutches A and B are in a slip state. The equations of motion 
of the engine shaft and the clutch output shaft are expressed by Equation (5.1). The shift 
is realized by generating engine and clutch torque. Note that the actual drivetrain model 
is more complicated, but a very simplified model is described because the on-line 
automatic PID tuning method subsequently described in Section 5.3 does not require a 
controlled object model. 
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� �
= �£îªþ − ��

, (5.1)

where ©Ø
 is the equivalent moment of inertia of the vehicle (the sum of the vehicle-side 
rotation inertia converted on the clutch), �� is the driving resistance torque, and ÿ� is 
the driving resistance. �� and ÿ� are expressed as 
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�� =
ÿ��!

§�§Ë
,

ÿ� =
1
2
�0��¢Ë÷"

2 + õ#($� + sin %) + ÿ!�,
(5.2)

where §� , §Ë  , �! , �0 , �� , ¢Ë  , õ , # , $� , % , and ÿ!� are gear ratio, final stage 
gear ratio, tire dynamic radius, air density, resistance coefficient, projected area on the 
front surface, vehicle weight, gravitational acceleration, rolling resistance coefficient, 
road gradient, and disturbance, respectively. �£îªþ  is the clutch torque acting on the 
engaging-side shaft and is expressed as 

�£îªþ = $¥�(¢�£þ − ÿ�ª�
),
�£þ = â(íåîåþ),

(5.3)

where $ , ¥ , �  , ¢ , �£þ , ÿ�ª�
 , and íåîåþ  are clutch frictional coefficients, clutch 
effective radius, the number of clutch contacting surfaces, piston pressure receiving area, 
hydraulic pressure in the clutch piston chamber, clutch spring reaction force, and the 
current of the pressure proportional valve, respectively; note that â  represents a function. 
The clutch torque is correlated with the pressure in the clutch piston chamber. The 
pressure in the piston chamber is generated by applying current to the pressure 
proportional valve. That is, clutch torque is generated by applying current to the pressure 
proportional valve. The relationship between the current and pressure is nonlinear, and 
the characteristic differs depending on each pressure proportional valve. 

5.2.3 Relationship between the controllers and a controlled object 

The vehicle system comprises a plurality of controllers. The respective controllers 
exchange various signals by controller area network (CAN) communication. The 
relationship between the transmission control module (TCM), engine control module 
(ECM), transmission, and engine can be described as follows. Figure 5.4 shows the main 
component of the shift control during the inertia phase. &Ë��î is the fuel injection 
quantity, ^ represents the estimated value, and the subscript cmd represents an instruction 
value. The content described in Section 5.3 is implemented in the TCM. The engine 
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torque is sent by the TCM to the ECM by CAN communication. The engine torque is 
generated by informing the engine of the fuel injection quantity calculated by the engine 
torque controller in the ECM. Further, the engine torque estimated by the torque estimator 
in the ECM is transmitted to the TCM. The engine speed obtained by the sensor and the 
electronic circuit in the ECM is transmitted to the TCM by CAN communication. The 
engine torque commanded by the TCM is sent to the ECM by CAN communication. This 
engine torque is obtained by the proposed slip speed controller in the TCM described later. 
The clutch output shaft speed is generated by informing the transmission of the clutch 
valve current calculated in the TCM. The clutch output shaft speed is obtained by the 
sensor and the electronic circuit in the TCM. The clutch valve current is calculated to 
meet the driver requested torque, which is calculated from the driver’s accelerator pedal 
position and engine speed. 

Figure 5.4. Vehicle system controllers and controlled objects. 

5.3 Slip speed control 

After introducing an outline of the shift control during the inertia phase, the feedback 
control system using a PID controller that is constructed to realize the differential rotation 
speed control of the clutch and engine is described. In addition, we discuss a disturbance 
observer and self-tuning PID control that are introduced to cope with changes in the clutch 
characteristics and reduce the number of calibration man-hours. 
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5.3.1 Outline of shift control during inertia phase 

The outline of the basic control of the engine and clutch in the inertia phase is described 
here. Figure 5.5 shows the process of generating the clutch and engine torque; ' is the 
driver’s accelerator pedal position, æ� is the amount of slip rotation between the engine 
rotation speed and clutch output engage-side shaft rotation speed. First, the driver 
requested torque is calculated from driver’s accelerator pedal position and engine speed. 
The driver requested torque is the target clutch torque on the engine shaft. A current to be 
applied to the valve is calculated from the driver requested torque by using the equation 
correlating the clutch torque and the pressure (Equation (5.3)). The clutch torque is then 
generated by applying the calculated valve current. This enables the driver to generate the 
intended driving force. Becuase the clutch torque generates the driver demand torque, the 
engine torque is used as a manipulated variable to control the engine speed or the 
differential speed; i.e., the engine speed control or the differential rotation speed control 
are performed using the engine torque as a control input to the engine. 

In the differential rotation control law proposed by the literatures [96] [97] [98], the 
driver requested torque cannot be generated by the clutch torque because the valve current 
that manipulates the clutch torque is used in the manipulated variable for slip control. 
Thus, the output shaft torque of the transmission fluctuates, and a favorable transmission 
feeling cannot be obtained. To reduce the torque fluctuation, the engine torque is given as 
a feed-forward term [97] [98]. However, the logic is not explained, and if the feed-forward 
term is not appropriate, the driver's intended acceleration will not be achieved. In 
comparison, in the method proposed in this chapter, the driver-required torque is 
generated by the clutch torque, and the differential rotation speed control is performed by 
using the engine torque as the manipulated variable; the shift leading to the driver’s 
intended acceleration can be realized during the inertia phase. 
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Figure 5.5. Overview of shift control during the inertia phase. 

5.3.2 Slip speed control law between engine and clutch 

A feedback control law for realizing differential rotation control is derived. When 
Equation (5.1) is rearranged, the equation of motion for the differential rotational speed 
is as follows: 

©�
� æ �
� �

= �� − �� (5.4)

with 

�� = �£îªþ (1 +
©�

©Ø

) −

©�

©Ø

��, (5.5)

æ� = �� − �£îªþ, (5.6)

where ��  can be regarded as a disturbance torque. Therefore, let the right side of 
Equation (5.4) be the control input of the PID controller, according to Equation (5.7): 

©�
� æ �
� �

= �

= �� − ��.
(5.7)

The PID controller �(¨, �) is given by  
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�(¨, �) = �� :(¨) (5.8)

with 

� = [�Ö �Ø ��]� ,

:(¨) = [1
1
¨

¨
Ò�¨ + 1]

�

,
(5.9)

where �, �Ö, �Ø, ��, and Ò� are control parameter vectors, proportional gains, integral 
gains, differential gains, and time constants of an approximate differentiator, respectively, 
and the symbol ¨ represents a Laplace operator. The information sent to the engine is the 
required value of engine torque and is expressed as 

��_£	� = � + ��. (5.10)

Therefore, it is necessary to know the disturbance torque ��. Here, the disturbance torque 
is estimated using the disturbance observer [101] [102] [103], as shown in the following 
equation: 

��̂ =
�� − ©�æ�¨

Ò¨ + 1
=

�� + ©�æ�/Ò
Ò¨ + 1

−
©�

Ò
æ�, (5.11)

where Ò   is the low-pass filter time constant. First, the methods to determine the 
parameter by the general theory are described. The time constant should be small based 
on the estimated velocity. However, possibly, the correct estimation cannot be performed 
owing to the influence of observation noise. In other words, there is a trade-off to 
determine the time constant. Next, the method to determine the parameter for the 
proposed slip controller is explained. When the differentiation is performed with a small 
time constant, the estimated disturbance torque becomes oscillatory for the observation 
noise. Thus, the engine command torque also becomes oscillatory; this leads to driver 
discomfort. However, the estimation must follow changes in the disturbance torque 
including the driver requested torque and the load torque. In practice, the time constant 
should be chosen so that the estimated disturbance torque does not oscillate. 
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We can see that by using the disturbance observer in Equation (5.11), calibration 
parameters significantly reduce and the disturbance torque can be estimated more simply. 
If the disturbance observer is not adopted, disturbance torque is obtained from Equation 
(5.5), which includes engine inertia, vehicle-side rotational inertia, clutch torque, and 
driving resistance. Therefore, there is substantial calibration cost requirement for the 
system identification to obtain parameters in Equation (5.5). Moreover, methods to 
estimate the clutch torque and the driving resistance must be established. Therefore, the 
disturbance observer is effective to simplify the estimation of the disturbance torque. 

As described in Equations (5.8) and (5.11), the three parameters required for the design 
of the slip control law are the PID gain �, the low-pass filter time constant Ò  of the 
disturbance observer, and the engine inertia ©�. However, the PID gain is automatically 
tuned (as described later), and the time constant used in the disturbance observer is easily 
determined. The engine inertia is readily obtained by checking the design information or 
system identification. 

The control structure is shown in Figure 5.6. The PID gain is optimized by the automatic 
tuning mechanism described in Section 5.3.3. 

Figure 5.6. Block diagram of the slip controller. 

5.3.3 Automatic PID gain tuning mechanism 

An automatic PID gain tuning mechanism is introduced to cope with characteristic 
variations caused by aging or temperature changes as well as to reduce the number of 
calibration man-hours. FRIT has been proposed as a method for automatically tuning 
control parameters off-line without a controlled object model using only a set of 
input/output data. This feature implies that using this method can reduce the number of 
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calibration man-hours. Furthermore, an on-line FRIT based on RLS has been applied [35] 
[36]. 

5.3.3.1 FRIT for slip control 

We consider the case where the FRIT content shown in Chapter 2 is replaced with slip 
control, as shown in Figure 5.7. Thus, we obtain next equation: 

�(�) = ∑(∆���(�) − ∆�(�))2
�

�=1
(5.12)

with 

æ���(�) = ��(�)æ���Ë(�). (5.13)

Figure 5.7. Time series of the slip control using FRIT. 

5.3.3.2 On-line FRIT 

Because standard FRIT has a nonlinear cost function, the computational cost of 
performing on-line calculations is high. In on-line FRIT, the computational cost is 
reduced by transforming the optimization problem to be solved into a least squares 
problem and solving the optimization problem by the RLS method. To make the cost 
function a least squares problem, Equation (2.30) is modified. 

Considering the ideal case where the cost function is zero, Equation  
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�0(�) − ��(�)�(̃�, �) = 0. (5.14)

is obtained. Substituting this equation into Equation (2.28) yields: 

�(�)�0(�) − ��(�)�0(�) − �(�)��(�)�0(�) = 0 (5.15)

Focusing on Equation (5.15), a cost function such as Equation (5.16) is minimized: 

� (̂�) = ∑�(̂�)2
�

�=1
(5.16)

with 

�(̂�) = �(�)(1 − ��(�))�0(�) − ��(�)�0(�). (5.17)

We replace the initial input/output data �0  and �0  with the input/output �  and �

(sequentially measured) and organize Equation (5.17) as following: 

�(�) = �� :(�), (5.18)

ï(�) = :(�)(1 − ��(�))�(�), (5.19)

� = ��(�)�(�), (5.20)

where :(�) is obtained by discretizing :(¨). Then, Equation (5.17) is as follows: 

�(̂�) = �� ï(�) − �(�). (5.21)

We can see that the error � ̂ can be expressed in a linear form with respect to �. The RLS 
with the forgetting factor is implemented to minimize the linearized cost function for on-
line calculation. The RLS algorithm [104] with forgetting factor is found in Equations 

�(̂�) = �(̂� − 1) + Õ(�)(�(�) − ï� (�)�(̂� − 1)), (5.22)
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Õ(�) =
>(� − 1)ï(�)

Ç + ï� (�)>(� − 1)ï(�)
, (5.23)

�(�) =
1
Ç

{�(� − 1) −
�(� − 1)ï(�)ï� (�)�(� − 1)

Ç + ï� (�)�(� − 1)ï(�)
}, (5.24)

where �  is the covariance matrix, and Ç is the forgetting factor. In the on-line FRIT, to 
prevent instability of the system due to a rapid parameter change of the controller, it has 
been proposed that an implemented controller parameter is updated by Equation (5.25), 
which is also used in this study: 

�(�) = (1 − Ñ)�(� − 1) + Ñ�(̂� − 1), (5.25)

where Ñ is a small positive number. 

Remark 5.1. The relationship between online FRIT and VRFT is described. Equation 
(5.17) is equivalent to the cost function of VRFT when the prefilter � is ��. That is, 
the online FRIT is equivalent to VRFT with � = �� under the assumptions that the cost 
function of FRIT is zero. 

5.3.3.3 Design of the reference model for slip control 

The design of the reference model for slip control is described. A designer determines 
an ideal response. For the slip control, a reference response without overshoot is 
recommended because the differential rotation speed between the engine and clutch 
output shaft should be zero to avoid transmission shock at the synchronization point. The 
n-order transfer function, shown in Equation (5.26), is known as the reference model that 
does not induce overshoot because all poles exhibit a negative real part [105]. 

��(¨) =
ì


(¨ + ì)
, (5.26)

where p is the parameter for determining the responsiveness. The design parameter n is 
chosen considering the computational cost; in a previous study [96], third order was used. 
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The parameter p is chosen considering the clutch durability and engine inertia, the 
maximum torque, etc. Moreover, we consider the case that the controlled object has dead 
time. It’s impossible for the controlled object to track a reference response whose dead 
time is shorter than that of the controlled object. Because this limitation of dead time is 
related to the inherent characteristics that cannot be improved by controllers, the reference 
model, including the dead time, is used as [63] 

��(¨) =
ì


(¨ + ì)
 �−Í�, (5.27)

where L is the estimated dead time of the controlled object. In FRIT–RLS, the error � ̂
must be a linear form with respect to the optimizing parameters to use the RLS algorithm 
in Equation (5.21). However, when the optimizing parameters include dead time, the error 
� ̂ is not linear with respect to the optimizing parameters, including the dead time. Thus, 
we determine the dead time, included in Equation (5.27), in advance instead of including 
the dead time in the optimizing parameters. A designer needs to estimate the dead time to 
design the reference model. Hence, the transfer function form and the parameters Á and 
ì are determined without using a controlled object model. The parameter � should be 
determined based on information from the controlled object. 

5.4 Experimental verification 

5.4.1 Outline of the experiment 

An overview of the system is shown in Figure 5.8. The test vehicle is a medium-sized 
truck (total vehicle weight is 8 tons), and the diesel engine used is a 4HK1-TCS (Type: 4 
cylinders OHC direct injection diesel, displacement: 5193 cc, compression ratio: 16.5, 
maximum power: 154 kW/2400 rpm, maximum torque: 706 Nm/1400–1600 rpm). The 
transmission (T/M) is a stepped automated transmission with clutch change (torque 
converter is installed, wet multi-plate clutches are used). The ECM uses conventional 
controllers produced in large volumes, and the TCM uses dSPACE’s Rapid Prototyping 
System (MABX and RapidPro). The created program is implemented in MABXII, and 
the programing language is MATALB®/Simulink. The sampling period of the TCM and 
ECM is 8 ms. Signals of various controllers are communicated by CAN. The transmission 
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of the engine torque from the TCM to ECM requires approximately 30 ms, and the engine 
speed is sent from the TCM to the ECM in 10 ms. Then, after the lock-up clutch of the 
torque converter is engaged, the upshift is performed. The time-series data sent from 
MABXII to the notebook PCs are measured for the various signals.

Figure 5.8. Overview of the experimental system. 

The parameters for the reference model, RLS algorithm, and disturbance observer are 
shown in Table 5.1. The reference model uses the transfer function in Equation (5.27). 
We adopt the third order as performed in a previous study [96]. Regarding the dead time 
in Equation (5.27), see Figure 5.5; the engine torque is generated by providing the ECM 
with the value calculated by the TCM, calculating the fuel injection quantity for 
generating the requested torque in the ECM, and applying the calculated fuel injection 
value to the engine i.e., the requested engine torque and the actual torque are not 
completely the same. The actual engine torque generation mechanism is very complicated, 
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but in this study, the relationship between the requested engine torque value and the actual 
value is approximated by the dead time � in Equation (5.28): 

�� = ��_£	��−�Í. (5.28)

Thus, a dead time occurs from the time when the engine torque value is requested to the 
time when the actual engine torque is generated. This approximation is reasonable from 
the experimental results described in Section 5.4.2. 

Table 5.1. Design parameters. 

Symbol Value 
p 30 
L 0.03 

P(0) diag(1000,1000,1000) 
λ 0.999 

�(0) [1.0, 0.3, 0.1] 
γ 0.3 
τ 0.2 

5.4.2 Experimental results and discussion 

Figure 5.9 shows time-series data obtained when the shift-up from the second to the 
third speed and the shift-up from the third to the fourth speed are performed under the 
condition that the target differential rotation speed is set to 200 rpm and the PID gain is 
set to an appropriate initial value. The horizontal axis represents time, and the temporal 
developments of the differential rotation speed, indicated torque, proportional gain, 
integral gain, and differential gain are shown in each plot. From the figure, we can see 
that the PID gain is automatically tuned and follows the target value in one shift. In Figure 
5.10, time-series data is plotted for the clutch being smoothly engaged during the inertia 
phase with the tuned PID gain. The change in the differential rotation speed, rotational 
speed, and indicated torque and the transmission output shaft speed over time are shown 
in the plots. We see that the engine speed can be smoothly connected to the engage-side 
shaft, and the shift is completed without inducing a shock or a slow feeling. Moreover, 
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based on the rotation speed of the transmission output shaft, it is confirmed that no 
extreme fluctuation is present, and the fluctuation level is almost the same before and 
after synchronization. Therefore, we consider the shift shock to be extremely small. Table 
5.2 shows the performance index that normalizes Equation (5.12) by the inertia phase 
time and maximum tracking error for the differential accelerator pedal position and 
shifting gear position. The conditions for accelerator pedal position are the low, middle, 
and high range, and for the gear shift speed, the conditions are from second to third, from 
third to fourth, and from fourth to fifth speed. Here, the second speed means the gear 
position in a commercial vehicle launch. Based on the results of the performance index, 
the proposed method realizes the same level of performance in every case with various 
accelerator pedal and shift positions. Also, the maximum tracking error in every case is 
5.41 rad/s (51.7 rpm). Therefore, we consider that the proposed method realizes target 
slip control with approximately 50 rpm. Figure 5.11 shows the experimental result for a 
target differential rotation speed of 50 rpm. The horizontal axis represents time, and the 
temporal developments of the differential rotation speed, rotation speed, and torque are 
shown in each plot. The controlled object response can track the target response. 
Therefore, the results confirm that the constructed differential rotation speed control law 
with PID automatic tuning is capable of obtaining a good upshift feeling without prior 
calibration. 

We consider the reasons for the automatically tuned differential and integral gains to 
approach almost zero. First, the integration approaches almost zero because of the effects 
of the disturbance observer and the dead time. Although the integral term of the PID 
controller is used to cancel the steady state deviation, the proposed method includes a 
disturbance observer; the removal of the steady state deviation is considered to be 
compensated by the disturbance observer rather than the integral term of the PID 
controller, i.e, all torques other than the nominal inertial acceleration/deceleration torque 
(©�

�@�
�ª ) are regarded as equivalent disturbance, and the constructed disturbance observer 

simultaneously compensates them all [102]. Moreover, the control system, including the 
controlled object and the disturbance observer designed herein, has an integral factor, type 
1 system, during the steady state (see Appendix). Thus, the steady state deviation 
theoretically becomes zero. As described above, because the disturbance observer cancels 
the steady state deviation, the integration gain becomes very small. Regarding the 
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influence of the dead time, if the integration term becomes large by integrating the error 
during the dead time, the control input becomes excessively large, and the control system 
becomes unstable in some cases. Because the reference model used in this experiment is 
a system with a relatively slow response, undershoot occurs with respect to the target 
response when the integral term excessively increases the control input. In addition, for 
systems in which phase lag occurs because dead time, it may be undesirable to further 
delay the phase from a stability standpoint because the integral term is a phase lag 
component. Considering why the differential gain approaches zero, it is important to 
remember that the differential term of the PID control is effective in improving the 
transient characteristic, i.e., although the differential term is used to improve the response 
in the high frequency region, the target response in this experiment exhibits a relatively 
gradual characteristic with respect to the target value, whereby the gain in the high 
frequency region does not need to be increased. Therefore, the differential gain becomes 
almost zero.

Figure 5.9. Results of upshift slip control. (a) Up shift (First time). (b) Up shift (Second time). 
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Figure 5.10. Results of ideal upshift control. 

Table 5.2. Control results for different cases. 

Accelerator pedal 
position 

[%] 

Shifting gear position
[speed] 

Performance 
index 

[–] 

Maximum tracking 
error 

[rad/s] 
30–40 2nd to 3rd 4.74 +3.49 

(Low range) 3rd to 4th 1.48 –2.61 
 4th to 5th 2.43 +2.46 

50–60 2nd to 3rd 5.43 –5.41 
(Middle range) 3rd to 4th 3.25 –5.03 

 4th to 5th 1.41 +2.52 
80–90 2nd to 3rd 4.28 +4.83 

(High range) 3rd to 4th 5.21 +4.59 
 4th to 5th 2.23 +4.01 
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Figure 5.11. Shift-up control result under the condition with target differential rotation speed is 
50 rpm. 

5.5 Conclusion

A new slip control law is proposed for shifting during the inertia phase of a stepped 
automated transmission with clutch-to-clutch shifting. The proposed control law consists 
of a PID controller and a disturbance observer. The PID gain is automatically tuned by 
installing a FRIT–RLS method. The proposed method was experimentally verified by an 
actual vehicle test. The results confirmed that the PID gain can be tuned by one shift, and 
the amount of slip can achieve the target value. Also, the engine and clutch rotation speed 
on both sides are synchronized smoothly to realize the desired shift. Based on these results 
it can be concluded that the proposed method is effective in reducing the number of 
calibration man-hours and improving the shift feeling in a stepped automated 
transmission.
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Appendix 

The disturbance observer is described and the reason a system including controlled 
object and disturbance observer is a type 1 during the steady state is explained. Here, the 
type 1 system includes an integral factor [106]. The block diagram of the disturbance 
observer used in the slip control is shown in Figure 5.12. It’s assumed that ��, ��_£	�

and ��̂ are the same for a simple explanation. � is an actual controlled object, and F is 
a filter, such as a low-pass filter. �	 is a nominal model of �  and can be expressed by 
Equation (5.29) based on Equation (5.4) or Equation (5.7): 

�	(¨) =
1

©�¨
. (5.29)

The relationship between the signals in Figure 5.12 is expressed as follows: 

æ� = �(�� − ��), (5.30)

�� = � + ��̂, (5.31)

��̂ = ÿ (�� − ©�
�æ�
��

). (5.32)

Organizing Equation (5.30), Equation (5.31), and Equation (5.32), Equation (5.33) can 
be obtained in Laplace space: 

æ�(¨) =
�(¨)

1 − ÿ(¨) + �(¨)ÿ(¨)�	
−1(¨)

�(¨)

−
(1 − ÿ(¨))�(¨)

1 − ÿ(¨) + �(¨)ÿ(¨)�	
−1(¨)

��(¨).
(5.33)

When the system shown in Equation (5.33) becomes steady state, ¨ = 0 and ÿ(0) = 1. 
Thus, we can obtain Equation (5.34): 

æ�(0) = �	(0)�(0). (5.34)
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Based on Equation (5.34), the characteristic of the system, including disturbance observer 
and controlled object, is the same as �	(¨) during steady state. Therefore, this system 
guarantees a type 1 system that includes an integral factor. 

Figure 5.12. Block diagram of the disturbance observer. 
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Chapter 6
Direct tuning of electro-pneumatic clutch 
control 

In this chapter, a gain-scheduled controller with direct tuning is proposed 
for the position control of a pneumatic clutch actuator installed in heavy-
duty trucks. Pneumatic clutch actuators are highly nonlinear systems and 
cannot be easily controlled. Various industries require a simple controller 
design that is easy to understand and requires few trial-and-error 
calibrations. A gain-scheduled PID control law, which is a well-known and 
easy-to-understand nonlinear control method, is adopted. In this approach, 
a gain scheduler is expressed using polynomials composed of coefficient 
parameters and controlled object states as well as using the results from 
Chapter 4. To reduce trial-and-error tuning, the unknown coefficient 
parameters of the polynomials are directly tuned from the controlled object 
input/output data without requiring a controlled object model. The proposed 
controller design procedure is simple and does not require system 
identification or trial-and-error tuning. The effectiveness of the proposed 
method is verified via an experiment using an actual vehicle. The 
experimental results confirm the effectiveness of the proposed method for 
the position control of pneumatic clutch actuators. The contents in this 
chapter are based on the literature [107]. 

6.1 Introduction 

The demand for driving comfort is increasing, with the automotive industry moving 
toward automatic transmissions not only for passenger vehicles but also for heavy-duty 
trucks. Automatic transmission (AT) and continuously variable transmission (CVT) are 
used in passenger cars but are unsuitable for heavy-duty trucks because of their high cost 
and low efficiency [108]. Automated manual transmission (AMT), which is manual 
transmission (MT) with electronic-controlled clutch and gear actuators, has advantages 
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such as low cost, high efficiency, and improved fuel efficiency, and is used in large trucks. 
An automatic control of the clutch connection plays an important role in AMT vehicles 
[43]. In general, a hydraulic system is preferred for position control [109] [110], whereas 
pneumatic clutch actuators are used in heavy trucks given that compressed air comes 
preinstalled in such vehicles. In addition, ON/OFF valves are used owing to their cost-
effectiveness, compactness, and robustness. In a pneumatic clutch system, it is difficult 
to perform the desired and sensitive position control because of the compressibility of air, 
the nonlinearity in the clutch spring reaction force, and the use of ON/OFF valves. 

The automobile industry uses control laws based on feedforward and PID control, 
which have low computational cost and are intuitive [32]. PID control is used in more 
than 90% of the control loops [7]. The control law often consists of a look-up table (LUT) 
tuned by trial and error [68] [69] because many automobile devices have nonlinearity. On 
the other hand, with the rapid adoption of electronic control in recent years, the time 
required for parameter tuning has increased [87]. To this end, model-free control and data-
driven control have been explored [13] [17] [19] [21] [23] [27] [28] [47] [71] [75] [77] 
[111] and applied to automobile systems [30] [32] [49] [76]. 

Thus far, the control for pneumatic clutch actuators has been accomplished through use 
of model-based approaches, including H∞ control [112], sliding mode control [113] [114], 
model predictive control [115] [116] [117] [118], adaptive control [119], state feedback 
control using feedback linearization [120], fuzzy control [121], and backstepping control 
[122]. In these methods, an observer is required to construct a state feedback controller; 
an observer for estimating the pressure inside a clutch piston has been proposed [123] 
[124]. Some previous studies reported satisfactory control performance; however, system 
identification was required for model-based control. As a pneumatic clutch actuator is a 
nonlinear system [108], a considerable amount of time is required to establish an accurate 
mathematical model. Identifying an accurate mathematical model remains a significant 
challenge. Additionally, neural networks have been investigated for PID control [125]. 
However, the calculation cost associated with neural networks is an issue. 

Herein, a practical position control method is proposed to reduce calibration time for 
the tuning process and calculation cost for a pneumatic clutch actuator with strong 
nonlinearity. This method features a gain-scheduled control law with a polynomial as the 
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gain scheduler and enables direct tuning of the gain-scheduling parameters without use 
of a controlled model. Gain-scheduled control is an efficient and effective approach for 
actual nonlinear systems [41]. The design method can derive the Linear Matrix Inequality 
(LMI) using the Linear parameter-varying (LPV) model. Otherwise, the controller 
parameters need to be tuned at each operating point. In other words, tuning by trial and 
error or modeling of the nonlinear system is required. To deal with these issues, a method 
for automatically tuning the control parameters directly from the input/output data of the 
controlled object without system identification is constructed. This is expected to improve 
the development efficiency. In addition, gain-scheduled control using an LUT (which is 
often used in the automobile industry) can express the nonlinearity but is not preferred 
for mass production because the required ROM area is considerable. Therefore, a gain 
scheduler (scheduling function) with a polynomial composed of the controlled object 
states and coefficient parameters is constructed. This helps reduce the ROM area and vary 
the control parameters based on the clutch position and speed. A previous study [116] 
attempted to eliminate the nonlinearity between the valve signal and the amount of air by 
creating a correlation map between the duty ratio of the valve and the amount of air. 
However, it is generally difficult to measure the absolute amount of flow rate. Therefore, 
in this study, the duty ratio of the PWM (Pulse Width Modulation) control provided to the 
solenoid valves (i.e., the control input) is calculated directly from the clutch state quantity 
(i.e., position and speed) without having to establish a correlation map between the valve 
duty ratio and the flow rate. The direct tuning method is based on VRFT [21], which is a 
data-driven control method. Here, the coefficient parameters of the scheduling function 
and the basis function are linearly combined. This allows linear regression, which is a 
feature of VRFT, and the optimum solution of the coefficient parameters of the scheduler 
can be obtained using a linear regression algorithm such as the least-squares method. To 
the best of our knowledge, there have been no prior studies that applied a direct tuning 
method to gain-scheduled controllers for pneumatic clutch actuators. 

This chapter is organized as follows. Section 6.2 briefly describes the pneumatic clutch 
actuator model which is the controlled object and the control system. Section 6.3 
describes the direct tuning method for the gain-scheduled control based on VRFT. In 
Section 6.4, the effectiveness of the proposed method is verified through actual vehicle 
tests. The obtained results confirm that the automatically tuned gain-scheduled control 
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can achieve the desired position control. Section 6.5 presents the conclusions drawn from 
the study results. 

6.2 Control system 

6.2.1 Pneumatic clutch actuator system 

Figure 6.1 shows the pneumatic clutch actuator system. The pneumatic clutch actuator 
system is the controlled object which is comprised of a valve system, a clutch actuator, 
and a clutch. The valve system has a supply side with two ON/OFF solenoid valves (valve 
1 and valve 2). The exhaust side also has two ON/OFF solenoid valves (valve 3 and valve 
4). The flow from the valve system enters chamber A and is converted to pressure. Under 
the pressure action on the piston, the piston moves, and a force acts on the spring, thereby 
generating a clutch torque. In other words, in a pneumatic clutch actuator, position control 
is performed to arrange the transmissible torque. 

The model of the system is shown in Figure 6.1. Since no controlled object model is 
used in this study, the description of this system is simple. Note that the physical model 
shown in the figure can essentially express both the clutch actuators of which clutch 
spring is directly actuated by the pressure bearing and indirectly actuated by using a set 
of levers. The physical model of the clutch actuator can be expressed as follows: 

�̇ = ÷, (6.1)

÷̇ =
1
�

(¢AìA − ¢0�0 − âî(�) − âË(÷, �)), (6.2)

ìA =
¥�0

BA(�)
õA, (6.3)

õ̇A = áª(ìA, �), (6.4)

áª(ìA, �) = áå1(ìA, �1) + áå2(ìA, �2) − áå3(ìA, �3) − áå4(ìA, �4), (6.5)
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where � is the piston position, ÷ is the velocity, ìA is the pressure in the chamber A, 
áª(ìA, �) is the flow rate for chamber A, and õA is the mass of air in chamber A. � is 
the vector of the operation signal �Ø (i = 1, 2, 3, 4) for each valve, and áåØ(ìA, �Ø) (i = 
1, 2, 3, 4) is the flow rate generated at each valve. ¢A is the area of chamber A. ¢0 is 
the area of chamber A minus the area of the piston rod, �  is the mass of the piston, �0

is the atmospheric pressure, �0  is the temperature, and ¥  is the gas constant of air. 
BA(�), which is the gas constant for chamber A, is the volume, and BA� = BA0 + ¢A�, 
where BA0 is the dead volume of chamber A (volume in chamber A under atmospheric 
pressure). âî(�) and âË(÷, �) are the clutch spring reaction force and frictional force, 
respectively. The mass flow rate áåØ of each valve formulated in ISO/DIS 6358 [126] 
and in literature [127] is as follows: 

áåØ = ¢åØ�Øìℎ√
�0

�ℎ
�Ø (0.528 < � ≤ 1), (6.6)

áåH
= ¢åØ�Øìℎ√

�0

�ℎ

√1 − (
� − 0.528
1 − 0.528

)
2
�Ø (0 ≤ � ≤ 0.528), (6.7)

� =
ìî

ìℎ
, (6.8)

where ¢åØ  is the orifice effective area, �ℎ  is the supply-side temperature, �0  is the 
standard temperature, ìℎ is the pressure on the high side, ìî is the pressure on the low 
side, and �Ø is determined by the valve characteristics. Figure 6.2 shows an example of 
the relationship between the clutch position � and the clutch load âî(�), wherein the 
curve characteristic is linear to a certain position but thereafter becomes nonlinear, 
including hysteresis [128]. 

Next, the dead zone of the ON/OFF valve is described. In this study, the ON/OFF valve 
is driven by the PWM. In other words, the operation signal �Ø for each valve is the duty 
ratio. When the duty ratio is low, there is a dead band width, wherein the valve is 
nonoperational. The dead zone ôK(�Ø) with the dead zone width [0, LØ] is expressed as 
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ôK(�Ø) = {
�Ø − LØ �Ø > LØ
0 0 ≤ �Ø ≤ LØ

. (6.9)

Figure 6.1. Layout of the electro-pneumatic clutch (EPC) system comprising three components. 

Figure 6.2. Characteristics of the spring used in the electro-pneumatic clutch (EPC) system 
[128]. 
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6.2.2 Control law 

From Section 6.2.1, we find that there are nonlinear elements such as the pneumatic 
cylinder, clutch spring characteristics, mass flow rate–valve input relationship, and 
ON/OFF valve. A control law to deal with these nonlinearities is constructed. Figure 6.3 
shows the control law comprising gain-scheduled control, saturation, valve selection, and 
dead zone compensation. Here, r is the target value, � is the clutch position, � is the 
control input calculated by the gain-scheduled controller, �Í is the control input after 
saturation, �Ø(í = 1, 2, 3, 4) are the control input assigned to each valve that is the duty 
ratio, and �Ø(í = 1, 2, 3, 4) assigned to each valve are the duty ratio applied to the valve 
after dead zone compensation is performed. 

The gain-scheduled control method achieves the desired control by changing the control 
parameters based on the environment and state of the controlled target. The gain-
scheduled control is explained in detail in the next section. The saturation function O(�) 
is expressed as 

O(�) = {
¨�Q � > ¨�Q
� ¨îQ ≤ � ≤ ¨�Q
¨îQ � < ¨îQ

, (6.10)

where �  is the control input, and ¨�Q  and ¨îQ  are the upper and lower limits of the 
control input, respectively. In other words, the range of the control inputs after saturation 
is O(�) ∈ [¨�Q, ¨îQ]. For a total of four valves, when the duty ratio given to each valve is 
�Ø ∈ [0, 1] (í = 1,2,3,4), the control input becomes � ∈ [−2, 2]. In other words, ¨�Q =

2, and ¨îQ = −2. Next, the method of selecting the valve to be driven is explained using 
Table 6.1. The control input of �Í ∈ [−2, 2] is distributed to each valve. In this study, 
the orifice diameter of each valve is the same. Hence, if the control input is �Í ∈ [0, 1], 
only valve 1 on the supply side is used, and if �Í ∈ [1, 2], both valves 1 and 2 on the 
supply side are used. The same applies to the exhaust valve side. For the dead zone 
compensator �Ø(�Ø), the minimum lower limit value LØ(í = 1, 2, 3, 4) of the duty ratio 
at which the clutch position starts to operate for each valve is added. 



118 Chapter 6 Direct tuning of electro-pneumatic clutch control

�Ø(�Ø) = {(1 − LØ)�Ø + LØ �Ø > LØ
0 �Ø = 0 , (6.11)

where �Ø is the duty ratio given to the valve before the dead zone compensation. To 
reduce valve operation as much as possible, the valves are switched off when the error in 
the clutch position with respect to the target value is within a predetermined threshold 
and remains in a predetermined duration. 

Figure 6.3. Control law for electro-pneumatic clutch actuator. 

Table 6.1. Actuated valve selection. 

Duty ratio, us

[−2, −1) [−1, 0) [0, 1] (1, 2] 
Supply valve 1, u1 0 0 | us | 1 
Supply valve 2, u2 0 0 0 | us |−1 
Exhaust valve 3, u3 1 | us | 0 0 
Exhaust valve 4, u4 | us | −1 0 0 0 

6.2.3 Gain-scheduled control 

We consider the application of the gain-scheduled PID controller to the position control 
of a pneumatic clutch actuator. First, the fixed PID control input is described as 
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�(�) = �ÖØ�(�,  )�(�) (6.12)

with 

�ÖØ�(�) = ÕÖØ�
� Þ(�),

ÕÖØ� = [ÕÖ ÕØ Õ�]� ,

ÞÖØ�(�) = [1
1

(1 − �−1)
(1 − �−1)]

�

.
(6.13)

Figure 6.4 shows a feedback control system comprising a feedback controller and the 
pneumatic clutch actuator system derived in Section 6.2.1. From Figure 6.4 and Equations 
(6.3) and (6.4), we see that the pneumatic clutch actuator includes an integral element 
between the control input and the mass of air. In other words, when the control input acts, 
the piston chamber pressure and clutch position vary. Considering the valve as a part of 
the controller, the integral term is already included in the controller. Therefore, the second 
term, which is the integral element of Equation (6.13), is no longer necessary, and PD 
control is used as the digital controller [80]. 

Figure 6.4. Block diagram of the feedback system for the pneumatic clutch actuator. 

Figure 6.5 shows a block diagram of the gain-scheduled control system. The gain-
scheduling PD control is as follows: 

�(�) = �(�,  )�(�) (6.14)

with 

Digital 
controller




Equation (6.1) & (6.2)

Digital controller and valve
Pneumatic clutch actuator system
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�(�,  ) = Õ� Þ(�) = â� ( )Þ(�),
â( ) = [ÕÖ( ) Õ�( )]� ,
Þ(�) = [1 (1 − �−1)]� ,

(6.15)

where â( )  is the scheduling function vector, Õ�( ) (ë = ì, �)  is the PD gain 
scheduler (scheduling function), and   is the scheduling parameter vector. In this study, 
the gain scheduler in Equation (6.15) uses a polynomial. The just-in-time method [78], 
database control [71], and neural network [82] are difficult to implement in mass-
produced controllers because of computational costs and ROM area limitations. Gain 
schedulers using LUTs have been used in industries, particularly for automobile control. 
However, the required ROM capacity is high, and the number of tuning parameters is 
considerable. Another concern in the gain-scheduled control with LUTs (which express 
the gain designed for each operating point) is the rapid fluctuation in the PD gain, which 
destabilizes the system. In this study, the scheduling function is represented by a quadratic 
polynomial, Equation (16). As a result, the number of storage parameters is reduced, and 
the gain varies continuously. The latter makes it difficult for sudden gain changes to occur. 

Õ�( ) = á�
�  ÍË,

á� = [á�0 á�1 á�2 á�3 á�4 á�5]
�
,

ë ∈ {ì, �},
 ÍË( ) = [1  1  2  1 2  1

2  2
2]� ,

(6.16)

where  1 and  2  are the scheduling parameters, which are the clutch position and 
speed, respectively.  ÍË   is the function vector (basis function) of the scheduling 
parameter, and á� is the respective weight coefficient (regression coefficient) vector for 
the PD gain. 
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Figure 6.5. Gain-scheduled control system. 

6.3 Automatic tuning method for gain-scheduling parameters 

6.3.1 Optimization of gain-scheduling parameters by VRFT-GS 

Herein, a new cost function to obtain the optimum value of the weighting coefficient of 
the gain-scheduling function is derived. From the cost function of VRFT (see Equation 
(2.10) and the Equations (6.14)–(6.16) related to the gain-scheduling PD control, the cost 
function for the gain-scheduling PD control using VRFT (GS-PD-VRFT) is as follows.  

�(á) = ‖�(�) − á� ï(�)‖2
2 (6.17)

�(�) = ��(�)
ï(�) = ñ(��

−1(�) − ©)��(�) (6.18)

with 

á = [áÖ á�]T, (6.19)

ñ = [ ÍË
� Þ1 (�)  ÍË

� Þ2 (�)]T, (6.20)

where ÞØ is the i-th element of the vector Þ. As the cost function is linear with respect 
to the control parameter vector á, the optimal solution can be obtained by the following 
equation using the least-squares method. 

á∗ = (ó� ó)−1ó� ô (6.21)

with 

Plant

Gain Scheduler




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ó = [ï(1) ï(2) ⋯ ï(�)]T, (6.22)

ô = [�(1) �(2) ⋯ �(�)]T. (6.23)

6.3.2 Algorithm 

The algorithm for the weighting coefficient (control parameter) in the automatic tuning 
of the gain-scheduling function using VRFT is shown below. 

[Step 1] Measure the input/output data of the controlled object. 

[Step 2] Define the reference model. 

[Step 3] Determine the candidates of the scheduling parameters and design the 
scheduling functions for each PD gain. 

[Step 4] Design the VRFT prefilter. 

[Step 5] Find the weighting coefficient (control parameter) of the scheduling function 
that minimizes the cost function. 

Remark 6.1. In Step 1, the pneumatic clutch actuator includes an integral element 
between the control input and the clutch position (shown in Figure 6.1). The input/output 
data are acquired in a closed-loop manner in a system that includes this type of integral 
element [49]. In addition, the saturated input us is used to derive the control parameters 
that consider input saturation [111].  

Remark 6.2. The reference model of Step 2 is described. The clutch position and torque 
are correlated. For example, if an undershoot occurs during half-clutch control, the torque 
fluctuates rapidly, and a shift shock occurs. Therefore, a response without 
over/undershoot is desirable. The n-order transfer function, expressed in Equation (6.24), 
is known as the reference model that does not induce overshoot because all the poles 
exhibit a negative real part. In addition, there is a dead time between the instruction 
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provided to the valve and the operation of the clutch. The reference model can be 
expressed by the following equation: 

��(�) = c2d (
1

(Ò¨ + 1)
) �−�, (6.24)

where Ò  is a time constant that represents the response speed, Á is the order, � is the 
lag step, and c2d is the conversion from the ¨ region to the � region. 

Remark 6.3. In Step 4, the original cost function and the cost function of the VRFT can 
be matched by applying a strict prefilter, as done in previous studies [75] [77]. However, 
the prefiltering requires multiple additional experiments. Herein, the prefilter described 
in Equation (6.25) is used for practical use [28]. 

�(�) = ��(�). (6.25)

6.4 Experimental verification 

6.4.1 Outline of the experiment 

Figure 6.6 shows the outline of the experimental system. The test vehicle is an actual 
heavy-duty truck (GVW class weighing approximately 25 ton), and the installed diesel 
engine is a 6UZ1-TCS model (type: six-cylinder OHC direct-injection diesel, 
displacement: 9839 cc, compression ratio: 16.2, maximum power: 279 kW/1800 r/min, 
maximum torque: 1814 N·m/1000–1200 r/min). The pneumatic clutch actuator used in 
this experiment was designed for heavy-duty trucks, similar to the one described above. 
The supply pressure is 850 kPa, and the battery voltage is 24 V. Table 6.2 shows the dead 
zone of the valves. The controller used is a rapid prototyping control system consisting 
of MABX and RapidPro from dSPACE. The proposed method was programmed in 
MATLAB®/Simulink® (ver. 2015a SP1) from MathWorks and implemented in MABX. 
The various signals were measured as time-series data sent from MABX to a notebook 
PC. The control law shown in Figure 6.3 is implemented on RCP, and the direct tuning 
procedure is performed by the PC in this study. Note that, at the time of commercialization, 
it is possible to perform all the procedures on the controller by measuring the input/output 
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data and solving the least squares problem shown in Equation (6.21) since the setting 
values for steps 2-4 of the proposed algorithm can be predetermined. The sampling period 
was 10 ms, and the PWM period was 20 ms. Table 6.3 shows the parameters of the 
reference model.

Figure 6.6. Experimental system. RPC: Rapid prototyping controller. ECM: Engine control 
module. TCM: Transmission control module. CAS: Clutch actuator system. CAN: Controller 
area network. 

Table 6.2. Dead zone of valves. 

Valve Duty ratio [%]
Valve 1 25
Valve 2 26
Valve 3 15
Valve 4 15
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Table 6.3. The parameters of reference model. 

Symbol Value 
τ 0.025 
n 3 
L 2 

6.4.2 Experimental results and discussion 

As shown in Algorithm Step 1, the input/output data of the controlled object are 
acquired by conducting a closed-loop experiment. The PD controller was used, and the 
fixed PD gains were set to Kp = 0.5 and Kd = 0.2. The input/output data were acquired by 
setting the same target values as the actual vehicle launch and shift waveforms.  

Figure 6.7 shows the time-series data when the closed-loop test was performed. The 
horizontal axis represents the time, while the vertical axis represents the clutch position, 
intake-side valve duty ratio, and exhaust-side valve duty ratio. When the clutch position 
is 0 mm, the clutch is fully engaged, and when it is 16 mm, the clutch is fully disengaged. 
When the clutch position is approximately 8 mm, it is in a half-clutch state. Figure 6.7(b) 
confirms that an undershoot occurred during the half-clutch control. This is undesirable 
because a sudden torque is generated due to the unintended clutch connection. The weight 
coefficient of the gain scheduler is calculated using the input/output data shown in Figure 
6.7(a). Figure 6.8 shows the time-series data of the closed-loop system when the gain-
scheduled control is applied. The target clutch position is the waveform calculated in the 
transmission control module. The horizontal axis represents the time, while the vertical 
axis represents the clutch position, valve duty ratio on the supply side, valve duty ratio on 
the exhaust side, proportional gain, and differential gain. Figure 6.8 shows that the 
response follows the target without any over/undershooting. The over/undershoot 
amounts prior and subsequent to direct tuning are 0.8/1.8 and 0.48/0.25 mm, respectively. 
This is the same characteristic as that of the defined reference model. Furthermore, it is 
considered that the response closer to the limit of the system can be achieved from the 
valve duty ratio. Regarding the proportional gain, the relationship between the clutch 
position and the load is nonlinear (see Figure 6.2). Hence, the proportional gain changes 
accordingly. The differential gain is lower than the proportional gain due to the fluctuation 
in the clutch position. This fluctuation is due to the eccentric movement of the clutch as 
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the engine rotates. Examination of Figure 6.8 indicates that the characteristics are close 
to the provided reference response because there is no over/undershooting. Conversely, 
as the control input is saturated, the system gives a reference response that cannot be 
achieved. In other words, the model matching is not possible due to physical constraints. 
To further confirm the matching between the reference model and the closed-loop 
characteristics, the response when the control input is not saturated is confirmed. Figure 
6.9 shows the time-series data when the reference response that can be achieved in the 
system is given. The horizontal axis represents the time, whereas the vertical axis 
represents the clutch position and the tracking error. In the clutch position stage, the 
reference response is shown in addition to the target value and the actual response. 
Examination of Figure 6.9 confirms that the actual response follows the set reference 
response. In other words, the closed-loop system could approach the characteristics of the 
set reference model. Based on the above, the proposed gain-scheduled control and 
automatic tuning method were used to directly design a gain scheduler without system 
identification. Its effectiveness was confirmed by conducting actual vehicle tests. In 
addition, since the control method is practical and cost-effective, it can be easily 
implemented in mass-produced controllers and is expected to facilitate development due 
to the automatic parameter tuning feature. 
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(a) 

(b)
Figure 6.7. Closed-loop data with fixed PID gain. (a) Overview of time series. (b) Enlarged 
view of time series. 
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Figure 6.8. Closed-loop data with gain-scheduled PID control. 
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Figure 6.9. Closed-loop data with gain-scheduled PID control under no saturation of the valves. 
(a) Target of the clutch stroke moves from the engaged side to near the kiss point. (b) Target of 
the clutch stroke moves from disengaged side to near the kiss point and finally back to the 
disengaged side.  

6.5 Conclusion 

In this chapter, a control law and a direct tuning method for gain-scheduling control 
parameters were proposed for the position control of a pneumatic clutch actuator. The 
proposed direct tuning does not require a controlled object model. First, the pneumatic 
clutch actuator system was found to have strong nonlinearity in terms of the ON/OFF 
valve, pneumatic parameters, and spring characteristics. Next, a control law comprised of 
gain-scheduled control and a valve dead zone compensation are derived. In the gain-
scheduled control, the gain scheduler was represented by a polynomial, and the number 
of tuning parameters was reduced compared to that in the gain scheduler with the LUT. 
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The LUT is often used in industries. Furthermore, an automatic tuning method for these 
parameters is derived and it is shown that the parameters can be obtained through use of 
optimization algorithms, such as the least-squares method. The effects of the control law 
and direct tuning method is experimentally confirmed. As a result, the controller 
parameters could be obtained directly from the input/output data of the controlled object. 
The PD gain was adapted based on the controlled object states, and good results were 
obtained for the target value. Thus, it was possible to achieve control with a small 
computational load and less calibration time required by the industry for pneumatic clutch 
actuators with nonlinearity. Future work will include the construction of reference 
response design methods that evaluate the saturation of the control inputs and online 
tuning methods. 
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Chapter 7
Conclusions 

7.1 Conclusions 

In this thesis, a theory for the direct data-driven control of industrial systems, especially 
automobile systems, was developed, and it was applied to automobile systems. In Chapter 
1, the research background was stated, and the data-driven control method required for 
automobile systems was described. The difference between model-based control and 
data-driven control was explained. Model-based control was shown to be limited in its 
applicability to industrial systems for reasons such as the difficulty associated with 
modeling such systems. This difficulty is illustrated by the fact that more than 90% of the 
closed-loop controllers used in industry are PID control laws. By contrast, data-driven 
controls, which have been attracting attention in recent years, do not require modeling a 
controlled object. In this thesis, among the data-driven control methods, this thesis 
focused on VRFT/FRIT, which has the following features: 

・ Controller parameters are automatically tuned. 
・ A model of the controlled object is not required. 
・ Only a single experiment is needed. 
・ The method is applicable to a controller with the structure specified in advance, 

such as a PID controller. 

It was considered that these properties make VRFT/FRIT highly suitable for industrial 
system control. However, in VRFT/FRIT, problems arise in that a linear system is 
assumed and the closed-loop stability is not guaranteed.  

Factors related to the environment surrounding industrial systems, especially 
automobile control systems, and the required data-driven control in automobile systems 
were next introduced. Specifically, the following environmental factors related to 
automobile control systems were addressed: 
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・ Parameters of the controller with a structure specified in advance, such as PID 
controllers, are tuned by trial and error, and their control performance depends on 
the tuner. 

・ The controlled objects are nonlinear systems. 
・ Controller performance is restricted by, for example, ROM/RAM capacity and CPU 

performance. 
・ The application of model-based control theory faces obstacles. 

Given such factors, it was considered that the range of application to automobile systems 
could be expanded by constructing a data-driven control system that satisfies the 
following criteria: 

・ Parameters are tuned automatically for a controller whose structure is specified in 
advance. 

・ The control structure is easy to understand and simple and is suitable for mounting 
in mass production. 

・ Closed-loop stability is ensured. 
・ Measures against aging are implemented. 
・ The controller is designed for nonlinear systems. 

To meet these requirements, it was aimed to construct new direct data-driven controls and 
examine their practical application to actual problems in automobile systems. 

In Chapter 2, the direct tuning methods VRFT and FRIT were explained. VRFT and 
FRIT are model-referenced data-driven controls and are attractive for optimizing 
controller parameters directly from the input/output data of the controlled object acquired 
from a single experiment. The problem setting, in which the model reference control is 
considered, was explained as well as previous studies related to data-driven control. Each 
algorithm and the interpretation of the cost functions, and the use of prefilters were 
described. As previously noted, Chapter 2 described conventional VRFT and FRIT, which 
play an important role in this thesis. 

In Chapter 3, a direct design method that ensures closed-loop stability and an automatic 
tuning method of the reference model parameters were proposed for the LTI system. A 
problem encountered in the conventional method is that a closed-loop system can become 
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unstable when a controller with obtained controller parameters is implemented. Moreover, 
it is necessary to tune the parameters of the reference model. It was first described why 
the stability is not ensured and a new method was proposed. To ensure stability, the pole-
conserved output was predicted by estimating the transfer function whose input and 
output are the fictitious reference signal, which is a function of the control parameters, 
and the controlled object response in the time domain. By minimizing the cost function 
that includes this output, the optimal control parameters with guaranteed BIBO stability 
were obtained. An optimization algorithm for the reference model using the dead time 
was next proposed. Thus, the entire tuning process was automated. To verify the effect of 
the proposed method, a simulation was conducted on a system in which dead time was 
added to the benchmark problem of the process system. The proposed method obtained 
control parameters that ensured BIBO stability. In addition, a tuning method for the 
reference model enables the parameters to be automatically tuned for model matching. 
Therefore, the proposed method could be easily used by engineers because this tuning 
method does not require any design parameters except for a denoising process. 

In Chapter 4, a direct tuning method for gain-scheduled PID control with sparsity as a 
nonlinear controller was proposed. As mentioned in Chapter 1, numerous industrial 
systems exhibit nonlinear characteristics. Gain-scheduled controls are known to be most 
effective for nonlinear systems, and PID control is used in more than 90% of such systems 
in industry. Therefore, a direct tuning method for gain-scheduled PID control using the 
least-squares method (GS-PID-LS) was proposed. A velocity-type PID controller suitable 
for gain-scheduled control was introduced for PID control, and a polynomial was adopted 
for the scheduling function. GS-PID-LS remains problematic in that overfitting occurs 
when the number of data points is insufficient, and demand exists for mass production 
controllers that reduce the calculation cost and ROM capacity as much as possible. To 
address these problems, a direct design method that considers sparsity by LASSO 
regression (GS-PID-LASSO) was proposed. Sparsity refers to a property in which the 
elements with little information become zeros. Because LASSO regression needs to be 
linear with respect to the control parameters, the proposed method is based on VRFT. The 
proposed method was examined by simulation for an LPV system and a Hammerstein 
model. The results confirmed that a controller with high sparseness can be obtained 
without knowing the characteristics of the controlled object for a large number of control 
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parameters of the gain scheduler. This approach eliminates the need for trial-and-error 
parameter tuning and enables gain-scheduled PID control with a low computational load. 

In Chapter 5, for slip speed control of an automated transmission, a system which has 
coordinated control between the engine and clutch systems and the online automatic 
tuning method were constructed. Regarding coordinated control, in the conventional 
method, the control input is only the clutch torque, which leads to problems with torque 
fluctuations. In the proposed method, the clutch torque is the driver's operation value and 
the control input for realizing slip control is the engine torque. The control system consists 
of PID control law and disturbance observers. In addition, although nonlinear control was 
required in previous studies, the proposed control system can be described by a linear 
system, which facilitates controller design. For PID gain, online FRIT was introduced so 
that the parameters could be tuned in real time. The effect of the proposed method was 
confirmed using an actual vehicle test. The PID gain was optimized with a one-time shift, 
and the desired response was achieved. The proposed method reduces development man-
hours and provides optimal parameters that do not depend on tuner skills. In addition, an 
automated transmission with a comfortable shift feeling can be realized, enhancing driver 
satisfaction. 

In Chapter 6, a direct tuning method for gain-scheduled control parameters without 
using the controlled object model was constructed for the position control of a pneumatic 
clutch actuator. First, the pneumatic clutch actuator system was shown to exhibit strong 
nonlinearity resulting from an ON/OFF valve, air compression, and spring characteristics. 
A control law consisting of gain-scheduled control and valve dead-zone compensation 
were next derived. In the gain-scheduled control, the gain scheduler is represented by a 
polynomial and the number of tuning parameters is reduced compared with the number 
for the gain scheduler tuned using a conventional LUT. In addition, the direct tuning 
method for these parameters was derived and it was shown that the parameters can be 
obtained by optimization calculations such as the least-squares method. This algorithm is 
the same as that described in Chapter 4. However, the PD gain was adapted because the 
pneumatic clutch actuator system exhibits integral characteristics. An actual vehicle test 
was performed to confirm the effects of the control law and the direct tuning method. As 
a result, the controller parameters could be obtained directly from the input/output data 
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of the controlled object and good results were obtained. Control was achieved with a 
small computational load and without a tuning process required in industry for pneumatic 
clutch actuators with nonlinearity. In addition, the proposed method can be increased 
driver comfort during the automated transmission shift process and driver satisfaction. 

Through the aforementioned results, the construction of direct design methods for the 
control systems required for automobile systems was realized. That is, theoretical 
extensions of conventional data-driven control and its contribution to industry were 
achieved. In the theoretical extensions of the data-driven control, new approaches were 
proposed and verified, such as ensuring closed-loop stability and considering sparsity in 
gain-scheduled controller. The contributions to industry will result in improved 
development efficiency and improved product performance for slip control of automated 
transmissions and position control of pneumatic clutch actuators. 

7.2 Future works 

Future works are summarized as follows.  

(a) Experimental verification for MIMO system 
Because most of the controlled objects are SISO systems, the systems in the present 

work were limited to SISO systems and the corresponding theory was developed and 
applied to actual industrial systems. However, the intake and exhaust of the engine and 
the vehicle motion systems are MIMO systems. The method proposed in Chapters 4–6 
can be easily extended to MIMO systems, and verifying the effect of the proposed method 
using actual tests is important. 

(b) Construction of a direct design method for the two-degree-of-freedom controller 

In this work, the theory was developed for the feedback controller and applied to actual 
systems. However, two-degree-of-freedom control is expected to achieve a faster 
response. In addition, both stability and responsiveness can be achieved. In the future, 
constructing a direct design method for the two-degree-of-freedom controller, which is 
an extension of the proposed method, will be important. 
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(c) Construction of a direct design method with gain schedule controller for error axis 
In the proposed method presented in Chapters 4 and 6, the scheduling parameters of a 

gain-scheduled controller are used as the states of the controlled object. In industry, there 
are control structures in which the scheduling parameter is an error, such as fuzzy control. 
In the future, it will be important to develop a direct design method for such control 
structures.
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