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Abstract

:

To precisely and timely control the shaft speed for a marine electric propulsion system under normal sea conditions, a new shaft speed control technique combining the evidential reasoning rule with the traditional PID controller was proposed in this study. First, an intelligent adaptive PID controller based on the evidential reasoning rule was designed for a marine electric propulsion system to obtain the PID parameters KP, KI, and KD. Then, a local iterative optimization strategy for model parameters was proposed. Furthermore, the parameters of the adaptive PID controller model were optimized in real time by using the sequential linear programming algorithm, which enabled the adaptive adjustment of KP, KI, and KD. Finally, the performance of the adaptive PID controller regarding the shaft speed control was compared with that of other controllers. The results showed that the adaptive PID controller designed in this study had better control performance, and the shaft speed control method based on the adaptive PID controller could better control the shaft speed of the marine electric propulsion system.
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1. Introduction


In recent years, with the development of power electronics technology and transmission control technology, marine electric propulsion (MEP) systems have been developing rapidly [1,2]. An MEP system with a direct motor-driven propeller has been widely used in the shipping industry due to its high reliability, flexibility of ship operation, high driving efficiency, and energy savings [3]. The operation state of a ship is easily affected by the environment, and such external disturbances act on the MEP system, which adversely affects its control performance. Therefore, it is necessary to establish a high-performance speed control system with advanced control strategies to ensure that the MEP system can operate efficiently, safely, and reliably, and to further ensure the safe navigation of the ship.



At present, the research on MEP systems under normal sea conditions is concentrated on the study of low-speed ships. According to the mathematical model of the MEP system, Li et al. [4] adopted a robust control method to design a state feedback controller, which realized the effective control of an MEP system. Zhang et al. [5] designed a robust L2 interference suppression control method to solve the coordinated control problem of excitation and speed regulation in power systems. When sailing in normal sea conditions, the external environmental disturbance has little impact on the ship, and the ship can operate smoothly. As a result, a PI/PID controller is often designed to control the shaft speed of an MEP system under normal sea conditions [6,7,8,9,10]. For instance, Han et al. [11] designed a feedback integral controller and applied it to the shaft speed control of a submarine MEP system. Liu et al. [12] proposed an integral separation PID algorithm, which realized the shaft speed control of an MEP system and improved the control performance.



All the mentioned methods are based on the traditional PI/PID controller. An MEP system can be effectively controlled using these methods to a certain extent, but the control parameters of a traditional PI/PID controller are commonly given by expert experience and are not adaptive. To operate under the changing complicated working conditions faced by an MEP system, it is necessary to design a PID controller with self-tuning parameters to improve the control performance. Parameter tuning is the core issue of PID controller design, where parameter tuning directly affects the performance of the control system; further, it has an important impact on the smooth operation of the propulsion system [7]. Considering the importance of parameter tuning, experts and scholars tried to find better methods to meet the requirements of complex industrial control processes. Many classic parameter tuning methods emerged, such as Ziegler–Nichols (Z-N) and integral time-weighted squared errors (ITSEs). These methods can effectively control a real system by establishing a model that describes the nonlinear relationship between control system variables (including given input, actual output, and deviation) and PID parameters [11]. Although these classical control methods can control the actual system, there are obvious limitations for highly nonlinear and complex systems with insufficient adaptability and robustness, which seriously reduce the effectiveness of these methods.



Over the past few decades, many intelligent control technologies have matured and have been widely used in many fields. Some experts and scholars proposed a variety of new intelligent PID control methods by combining intelligent control with traditional PID control (e.g., intelligent PID based on expert system (ES-PID), intelligent PID based on fuzzy inference (FI-PID), and intelligent PID based on an artificial neural network (ANN-PID)) [12]. Based on the ES-PID control, Jiménez et al. [13] designed a speed regulator for a permanent magnet synchronous motor (PMSM), which uses expert experience to generate control rules and then infers the corresponding PID parameter values through the inference engine to realize effective control of the motor speed. Xu et al. [14] presented a shaft speed control scheme based on the FI-PID model. The fuzzy principle is adopted to fuzzify the PID parameters. Meanwhile, the PID parameters are adjusted online to achieve high-precision control of the shaft speed. An adaptive PID controller based on a backpropagation (BP) neural network was proposed [15]. This method utilizes the self-learning and self-adaptive capabilities of a BP-NN to adjust PID parameters and further control the system.



Each of these intelligent control methods has its advantages and disadvantages. Specifically, an ES-PID can separate knowledge acquisition and processing and can process incomplete and uncertain knowledge. However, it also has some problems that need to be solved, such as (1) how to acquire sufficient expert knowledge and transform it into an available form, (2) how to solve the explosion of rule combinations caused by the huge knowledge base, and (3) how to improve the capability of an expert system on online learning and increase the completeness and adaptability of the rule base [16]. An FI-PID has better generalization ability and can capture uncertain information from expert knowledge well. However, an FI-PID also suffers from poor online learning and updating capabilities and an incomplete fuzzy rule base [17]. An ANN-PID has strong nonlinear mapping ability, which can approximate any nonlinear continuous functions with any precision. Moreover, it has high self-learning and self-adaptive ability. However, for an ANN-PID, the neural network is a black box system in which the physical meanings of the network nodes are vague and even difficult for engineers to understand. Meanwhile, the initial weights of network nodes are hard to determine and the optimization result easily falls into local minimum values [18].



Consequently, we tried to find a method that can solve the above problems well. The evidential reasoning (ER) rule proposed by Yang is a machine-learning-based algorithm that can solve the problem of information loss caused by incomplete data. The ER rule is a strict probabilistic reasoning process that clearly distinguishes the concepts of evidence reliability and evidence importance [19,20]. Additionally, the ER rule also expands the traditional D-S evidence theory and ER algorithm more broadly, offering a new perspective and a more rigorous logical reasoning system [19,20,21]. The ER rule has two advantages: (1) the new control method based on the ER rule is completely data-driven, i.e., it does not need to make any assumptions about the relationships between control variables and PID parameters; (2) compared with the neural network, the physical meanings of parameters in the ER are clear and easy to understand, and these parameters can be adjusted according to their meanings.



In this study, an intelligent adaptive PID controller based on the evidential reasoning rule (ER-PID controller) was designed to control and track the shaft speed. Specifically, initial reference evidence matrices (IREMs) were established based on the data set. After that, different pieces of evidence that were activated in the IREMs were combined by the ER rule to obtain the parameters of the PID controller. Then, the parameters of the ER-PID controller were optimized online by using the sequential linear programming (SLP) algorithm so that the output shaft speed of the MEP system could accurately track the input reference signal in real time. Finally, the adaptive ER-PID controller was applied to the shaft speed control of the MEP system, and the performance of the ER-PID controller was compared with that of the traditional PID controller, BP-PID controller, FI-PID controller, and combined control. The results showed that the ER-PID controller was superior to the other PID controllers for shaft speed control and had better control performance.



The remainder of the article is organized as follows. Section 2 introduces the mathematical model of the MEP system and the basic concepts of a PID controller and the ER rule. Section 3 focuses on the inference and optimization of ER-PID controller model parameters. In Section 4, simulation experiments of the ER-PID controller and their results are presented. Lastly, conclusions are given in Section 5.




2. Mathematical Models and Basic Concepts


2.1. Modeling of the MEP System


As shown in Figure 1, a conventional MEP system is mainly composed of a control unit and a propulsion unit. In this work, the MEP system was modeled as a propulsion motor, a shaft, and a propeller. The rotational dynamics, thrust, and power are described as follows [22,23]:


     Q •   m  =   (  Q c  −  Q m  )  /   T m     



(1)






  2 π  I s   n •  =  Q m  −  Q a  −  Q f  ( n )  



(2)






   T a  = s i g n ( n )  K T  ρ  D w    4   n 2   



(3a)






   Q a  = s i g n ( n )  K Q  ρ  D w    5   n 2   



(3b)






   P a  = 2 π n  Q a  = s i g n ( n ) 2 π  K Q  ρ  D w    5   n 3   



(3c)




where the model parameters are Qc, commanded motor torque; Qm, motor torque; Tm, time constant; n, shaft speed; Is, rotational inertia of the shaft; Qa, load torque; Qf(n), friction of the shaft; Dw, diameter; ρ, seawater density; KT, thrust coefficient; KQ, torque coefficient; Ta, propeller thrust; and Pa, power consumption.



Remark 1.

The propulsion motor dynamic (Equation (1)) is not only suitable for the torque change rate restriction of the AC motors but also for that of the DC motor. Two types of motors are equivalent when the current loop is closed. Since the current loop is part of a motor driver that is embedded in the driver rather than being configured by the user in real operation, it is important to consider the dynamic characteristics of the advanced controller in its design process [24].





Remark 2.

The shaft friction (Equation (2)) is the sum of the static friction and linear components in most applications [22,23]. In practical problems, we can choose the appropriate friction model according to the experimental requirements. This study considered the case where the axial friction force Qf(n) was linear, and Qf(n) = 2πKwn, where Kw is the linear friction coefficient. For an MEP system, this is an adequate model.





Remark 3.

KT and KQ represent the effects of thrust and torque losses, respectively. Although it is unconventional to include the loss effects in KT and KQ, it is convenient to maintain consistency when describing propeller characteristics.





When there is no thrust loss, the nominal propeller thrust Tn, load torque Qn, and power consumption Pn are ideal values. Normally, they are obtained from open-water tests of a deeply submerged thruster.


   T n  = s g n ( n )  K  T 0   ρ  D w    4   n 2   



(4a)






   T n  = s g n ( n )  K  T 0   ρ  D w    4   n 2   



(4b)






   P n  = 2 π n  Q n  = s g n ( n ) 2 π  K  Q 0   ρ  D w    5   n 3   



(4c)




where KT0 is the nominal thrust coefficient and KQ0 is the nominal torque coefficient, which satisfy KT0 > 0 and KQ0 > 0. The relationship between the nominal and actual thrust and torque can be expressed as follows:


   β T  =    T a     T n    =    K T     K  T 0      



(4d)






   β Q  =    Q a     Q n    =    K Q     K  Q 0      



(4e)




where βT is the thrust loss factor and βQ is the torque loss factor, which satisfy 0 ≤ βT ≤ 1 and 0 ≤ βQ ≤ 1. In this work, it was assumed that there was no thrust loss, that is, βT = βQ = 1.



Remark 4.

In practical engineering applications, to avoid motor failure caused by the commanded torque Qc0 exceeding its rated value, it is necessary to add a torque-limiting module [24]:


    Q c  = m i n    Q c    0  ,  Q  m a x   ,    P  m a x    /  2 π n       



(5a)




where Qmax and Pmax are the maximum admissible torque and power for the propulsion motor, respectively:


    Q  m a x   =  k m   Q N    



(5b)






    P  m a x   =  k m   P N    



(5c)




where QN and PN represent the rated torque and rated power of the propulsion motor respectively, and km is a non-negative constant, which satisfies 1.1 ≤ km ≤ 1.2. The torque-limiting curve is shown in Figure 2, where nN is the rated motor shaft speed and nmax is the maximum shaft speed. Since the maximum power is limited not only by the transducer and motor power ratings but also by the available power of the generator, the torque limit should be varied accordingly [24].





Remark 5.

In an MEP system, the torque control loop of a closed-loop propulsion motor can be assumed to be a first-order dynamic model, such as Equation (1). The torque balance equation of the shaft is shown in Equation (2). Equation (3) describes the dynamic characteristics of the propeller. Equation (4) is the further analysis of Equation (3). Equation (5) is the mathematical description of the torque-limiting module.





Remark 6.

The torque-limiting module (Equation (5)) was first introduced into an MEP system control in [24]. It can be seen from Equation (5) and Figure 2 that the torque-limiting module is mainly used to limit the commanded torque Qc0 and ensure that Qc0 falls into a reasonable range. In practical engineering applications, the introduction of the torque-limiting module can avoid motor failures caused by the commanded torque Qc0 exceeding its rated value, which is crucial to ensure the stable operation of an MEP system.






2.2. Incremental PID Controller


The PID algorithm of a discrete system is acquired by discretizing the control formula based on the traditional PID algorithm, and its control law is shown in Equation (6a) [25]:


    u ( k ) =  K P  { e ( k ) + (  T /   T I    )   ∑  j = 0  k   e ( j )   + (    T D   / T  ) [ e ( k ) − e ( k − 1 ) ] }              =   K P  e ( k ) +  K I    ∑  j = 0  k   e ( j )   +  K D  [ e ( k ) − e ( k − 1 ) ]    



(6a)




where T, TI, and TD represent the sampling period, integration time constant, and differential time constant, respectively.   e ( k ) =  n r  ( k ) − n ( k )   is the deviation between the shaft speed n(k) and shaft speed reference nr(k). KP,    K I  =  K P   T /   T I     , and    K D  =  K P     T D   / T    are the proportional, integral, and differential coefficients, respectively. The commanded torque u(k) = Qc0(k) is the controlled quantity of the PID controller at time k.



Based on Equation (6a), the incremental PID control algorithm can be expressed as Equation (6b):


    Δ u ( k ) = u ( k ) − u ( k − 1 )             =  K P  [ e ( k ) − e ( k − 1 ) ] +  K I  e ( k )               +  K D  [ e ( k ) − 2 e ( k − 1 ) + e ( k − 2 ) ]             = Δ  Q  c 0   ( k )    



(6b)








2.3. Outline of the ER Rule


Suppose Θ ={h1, h2, …, hN} is a frame of discernment (FoD), which contains N propositions that are mutually exclusive and collectively exclusive. Θ and all of its subsets constitute the power set, denoted by P(Θ) or 2Θ. The belief distribution of evidence ej in the ER rule is as shown in Equation (7):


   e j  = { ( θ ,  p  θ , j   ) | ∀ θ ⊆ Θ ,   ∑  θ ⊆ Θ     p  θ , j   = 1   }  



(7)




where pθ,j denotes the degree of ej supporting the proposition θ, which can be defined as a belief function or belief distribution. θ can be any element of the power set except the empty set.



In the ER rule, the reliability and importance weight of ej are denoted by rj and wj, respectively. The belief distribution of a piece of evidence with weight and reliability is as follows:


   m j  = { ( θ ,   m ^   θ , j   ) , ∀ θ ⊆ Θ ; ( P ( Θ ) ,   m ^   P ( Θ ) , j   ) }  



(8)




where     m ^   θ , j     represents the degree of ej supporting proposition θ, when the reliability and importance weight of ej are considered.     m ^   θ , j     can be calculated according to Equation (9):


    m ^   θ , j   =      0       θ = ∅        c  r w , j    m  θ , j          θ ⊆ Θ , θ ≠ ∅        c  r w , j   ( 1 −  r j  )        θ = P ( Θ )        



(9)




where    m  θ , j   =  w j   p  θ , j     and    c  r w , j    = 1 / ( 1 +   w j  −  r j  )   is a normalization factor, which satisfies     ∑  θ ⊆ Θ      m ^   θ , j     +   m ^   P ( Θ ) , j   = 1   when     ∑  θ ⊆ Θ     p  θ , j     = 1  .



pθ,e(2) is the joint belief degree of proposition θ supported by two independent pieces of evidence e1 and e2, which is defined as Equation (10):


     p  θ , e ( 2 )   =      0       θ = ∅           m ^   θ , e ( 2 )    /    ∑  D ⊆ Θ      m ^   D , e ( 2 )              θ ⊆ Θ , θ ≠ ∅             m ^   θ , e ( 2 )   = [ ( 1 −  r 2  )  m  θ , 1   + ( 1 −  r 1  )  m  θ , 2   ] +   ∑  B ∩ C = θ     m  B , 1    m  C , 2       ∀ θ ⊆ Θ    



(10)







When L pieces of independent evidence ei (i = 1, 2, …, L) are combined, the recursion formula of the ER rule can be used to integrate multiple pieces of evidence [19]. The recursion formula is as given in Equation (11):


     p  θ , e ( L )   =      0       θ = ∅           m ^   θ , e ( L )    /    ∑  D ⊆ Θ      m ^   D , e ( L )              θ ⊆ Θ , θ ≠ ∅             m ^   θ , e ( i )   = [ ( 1 −  r i  )  m  θ , e ( i − 1 )   +  m  P ( Θ ) , e ( i − 1 )    m  θ , i   ] +   ∑  B ∩ C = θ     m  B , e ( i − 1 )    m  C , i       ∀ θ ⊆ Θ       m ^   P ( Θ ) , e ( i )   = ( 1 −  r i  )  m  P ( Θ ) , e ( i − 1 )      



(11)







Remark 7.

Rj is an objective and intrinsic property of ej, which reflects the ability of the information source generating ej to provide an accurate assessment or solution for a given problem [26]. However, wj is subjective and can be determined by users based on their experience. When different pieces of evidence are obtained from different sources in different ways, wj can be used to reflect the importance of one piece of evidence relative to others.





Remark 8.

In the ER rule, the degree of residual support (1 – rj) after a discount will be reassigned to the power set P(Θ) instead of being assigned specifically to the FoD.







3. Shaft Speed Control Model of the MEP System Based on the ER Rule


3.1. Framework


Figure 3 indicates the structure of the shaft speed control model based on the adaptive ER-PID controller. In this study, the design of the ER-PID controller was the core of this work. After that, nr acts on the ER-PID controller to generate the commanded torque Qc0, and then the commanded motor torque Qc can be obtained via the torque-limiting module. Finally, Ta and Qa were generated through the propulsion unit, and the motor torque Qm acts on the shaft so that the shaft speed n can always track the shaft speed reference nr. The process of the ER-PID controller is shown in Figure 4.



Step 1 (obtain the parameters of the ER-PID controller): First, a shaft speed control model based on the BP-PID controller is constructed to generate the empirical data set, and IREMs (IREMP, IREMI, and IREMD for KP, KI, and KD, respectively) are generated. Then, for the specific input sample X(k) = [f1(k), f2(k)] = [nr(k), n(k − 1)], the activated evidence can be acquired after being substituted into the IREMP, IREMI, and IREMD. Furthermore, the estimated values of the shaft speed (   n ^  ( k )  ) can be obtained via the ER rule. The reasoning process is detailed in Section 3.2.



Step 2 (optimization of the ER-PID controller model): The ER-PID model constructed using the initial parameters may not accurately capture the complex nonlinear relationship between the input feature fi (i = 1,2) and the output (KP, KI, or KD). Therefore, the minimum mean square error (MSE) between the estimated value of the shaft speed (   n ^  ( k )  ) and the shaft speed reference (nr) is selected as the objective function, and the SLP algorithm is used to optimize the parameters of the ER-PID controller model to improve the accuracy of the shaft speed control. The process is detailed in Section 3.3.



Step 3 (local iterative optimization strategy): Based on step 2, the SLP algorithm is selected to optimize and update the model parameters locally at time k. Then, the optimal parameters are used as the initial parameters of the model at time k + 1. Then, the system returns to step 2 to conduct the inference process at time k + 1. The reasoning process is detailed in Section 3.4.




3.2. Obtaining the Parameters of the ER-PID Controller


This section describes the obtaining of parameters KP, KI, and KD in the shaft speed control model based on the ER-PID controller. The detailed modeling and inference process are described in Figure 5.



3.2.1. Generate Evidence from the Data Samples


Step 1.1: Acquire the empirical data.



In this study, the thrust reference Tr was sampled in real time. As described in Section 3.1, the input variables f1 and f2 of the three models are the shaft speed reference    n r  =  g n  (  T r  ) = s i g n (  T r  )        T r     /  ( ρ  D w    4   K  T 0   )       and the shaft speed n, and the output variables are KP, KI, and KD. Moreover, a shaft speed control model based on the BP-PID controller is constructed to generate the empirical data set S = {[f1(k), f2(k), KP(k), KI(k), KD(k)]|k = 1, 2, …, K} for the development and optimization of the ER-PID controller, where K ≥ 10,000. The data set S is divided into three sub-datasets S1 = {[f1(k), f2(k), KP(k)]}, S2 = {[f1(k), f2(k), KI(k)]}, and S3 = {[f1(k), f2(k), KD(k)]}, which correspond to KP, KI, and KD, respectively. The three sub-datasets are used to construct IREMs, which describe the relationship between the input variable fi (i = 1,2) and each output variable. The construction of IREMP is described in steps 1.2 and 1.3, and the developments of IREMI and IREMD are similar to that of IREMP.



Step 1.2: Transform the input.



First, the initial values of    A i  = {  A 1 i  , . ,  A t i  , … ,  A   T i   i  | i = 1 , 2 ;  t i  = 1 , 2 , … ,  T i  }   and    D P  = {  D 1 P  , … ,  D s P  , … ,  D N P  | s = 1 , 2 , … , N }   for KP can be determined by domain experts or given randomly. The relationship between the input variable fi and the output variable KP is transformed into the relationship between the reference value set Ai for fi and DP for KP, where P represents the proportional coefficient of the ER-PID controller, Ti and N represent the number of reference values for fi and KP, respectively. Moreover, these reference values satisfy    A 1 i  < ⋯ <  A   t i   i    and    D 1 P  < ⋯ <  D N P   . Subsequently, the similarity distribution of the specific input fi(k) with its reference values    A   t i   i    can be expressed in belief distribution    S P  (  f i  ( k ) ) = { (  A   t i   i  ,  α  i ,  t i    ) | i = 1 , 2 ;  t i  = 1 , 2 , … ,  T i  }   [27]. Specifically, αi,ti indicates the similarity between fi(k) and    A   t i   i   , which can be calculated using the piecewise linear function (Equation (12)) [27]:


         α  i ,  t i    =    A   t i  + 1  i  −  f i  ( k )    A   t i  + 1  i  −  A   t i   i    ;  α  i ,  t i  + 1   =    f i  ( k ) −  A   t i   i     A   t i  + 1  i  −  A   t i   i         A   t i   i  ≤  f i  ( k ) ≤  A   t i  + 1  i         α  i , 1   = 1 ;  α  i ,  t i    = 0 (  t i  ≠ 1 )      f i  ( k ) ≤  A 1 i         α  i ,  T i    = 1 ;  α  i ,  t i    = 0 (  t i  ≠  T i  )      f i  ( k ) ≥  A   T i   i         



(12)







Similarly, the similarity distribution of the output KP(k) with its reference value    D s P    can be expressed by    S O  (  K P  ( k ) ) = { (  D s P  ,  γ s P  ) | s = 1 , 2 , … , N }  , where    γ s P    indicates the similarity of KP(k) matching with the reference value    D s P    and can be calculated according to Equation (13):


         γ s P  =    D  s + 1  P  −  K P  ( k )    D  s + 1  P  −  D s P    ;  γ  s + 1  P  =    K P  ( k ) −  D s P     D  s + 1  P  −  D s P         D s P  ≤  K P  ( k ) ≤  D  s + 1  P         γ 1 P  = 1 ;  γ s P  = 0 ( s ≠ 1 )      K P  ( k ) ≤  D 1 P         γ N P  = 1 ;  γ s P  = 0 ( s ≠ N )      K P  ( k ) ≥  D N P         



(13)







Step 1.3: Sample casting.



Convert the sample pairs (fi(k), KP(k)) into the integrated similarity distribution   (  α  i ,  t i     γ s P  ,  α  i ,  t i  + 1    γ s P  ,  α  i ,  t i     γ  s + 1  P  ,  α  i ,  t i  + 1    γ  s + 1  P  )  , where    α  i ,  t i     γ s P    represents the integrated degree of fi(k) matching    A   t i   i    while KP(k) matches    D s P   . As shown in Table 1, all the sample pairs in S1 are represented by integrated similarity, which can be used to generate the casting result reflecting the relationship between the input reference values and the output reference values.



In Table 1, as,ti is the sum of the integrated similarity of all sample pairs (fi(k), KP(k)) matching their reference values    A   t i   i    and    D s P    simultaneously.    η   t i    =   ∑  s = 1  N    a  s ,  t i        and    δ s  =   ∑   t i  = 1    T i      a  s ,  t i        represent the sum of the integrated similarity of all fi(k) matching    A   t i   i    and all KP(k) matching    D s P   , which satisfy     ∑  s = 1  N    δ s    =   ∑   t i  = 1    T i      η   t i      = K  .



Step 1.4: Acquire the IREM.



According to Table 1, the likelihood function cs,ti, which indicates that fi(k) equals    A   t i   i    and KP(k) equals    D s P   , can be acquired using Equation (14):


   c  s ,  t i    = p (  A   t i   i  |  D s P  ) =    a  s ,  t i     /   δ s     



(14)







The IREMP shown in Table 2 describes the mapping relationship between the input fi and the output KP.    e   t i    i , P   = [  β  1 ,  t i    i , P   , … ,  β  s ,  t i    i , P   , … ,  β  N ,  t i    i , P   ]   represents the evidence that the input fi corresponds to    A   t i   i   , where    β  s ,  t i    i , P     represents the belief degree of KP(k) matching    D s P    and satisfies     ∑  s = 1  N    β  s ,  t i    i , P     = 1  .    β  s ,  t i    i , P     can be calculated by normalizing the likelihood function cs,ti according to Equation (15):


   β  s ,  t i    i , P   =    c  s ,  t i     /    ∑  k = 1  N    c  k ,  t i         



(15)







Remark 9.

Similarly, the IREMI for KI and the IREMD for KD can be constructed.






3.2.2. Obtaining the ER-PID Controller Parameters


Step 1.5: Acquire the activated evidence.



The input variable fi(k) is obtained online, which satisfies    A   t i   i  <  f i  ( k ) <  A   t i  + 1  i   . In this condition, fi(k) will activate two pieces of evidence    e   t i    i , P     and    e   t i  + 1   i , P    . Then, the evidence    e i P    activated by fi(k) can be obtained using Equation (16). ps,i indicates the belief degree of KP(k) matching    D s P    when fi(k) activates    e   t i    i , P     and    e   t i  + 1   i , P    .


   e i P  = { (  D s P  ,  p  s , i   ) | s = 1 , … , N }  



(16a)






   p  s , i   =  α  i ,  t i     β  s ,  t i    i , P   +  α  i ,  t i  + 1    β  s ,  t i  + 1   i , P    



(16b)







Step 1.6: Combination of the activated evidence.



Through Equation (16a,b),    e 1 P    and    e 2 P    activated by the sample vector X(k) = [f1(k), f2(k)] at time k are obtained. Then, the    e 1 P    and    e 2 P    were combined using the ER rule according to Equation (10), and the fusion result is expressed in Equation (17):


   O P  ( X ( k ) ) = { (  D s P  ,  p  s , e ( 2 )   ) | s = 1 , … , N }  



(17)







Step 1.7: Obtaining the ER-PID controller parameters.



In Equation (10), each information source is considered to be reliable, i.e.,    r i P  = 1  . The initial importance weight    w i P    of evidence    e i P    is determined to be equal to    r i P   , i.e.,    w i P  =  r i P   , and the optimization model can be used to optimize the    w i P    so that the shaft speed n can track nr. Combining the fusion result OP(X(k)), the proportional coefficient     K ^  P  ( k )   of the ER-PID controller can be generated according to Equation (18):


    K ^  P  ( k ) =   ∑  s = 1  N    D s P   p  s , e ( 2 )      



(18)







Remark 10.

It should be noted that the above reasoning process is also feasible to obtain the integration coefficient     K ^  I  ( k )   and the differential coefficient     K ^  D  ( k )   of the ER-PID controller.





Remark 11.

As described inSection 3.2,     K ^  P  ( k )  ,    K ^  I  ( k )  , and     K ^  D  ( k )  obtained using the ER rule are brought into Equation (6) to generate the estimated control quantity    Q ^   c 0   ( k )  . Then,    Q ^   c 0   ( k )  is brought into the torque-limiting module described in Section 2.1 to obtain the estimated value of the commanded motor torque    Q ^  c  ( k )  , and the estimated shaft speed   n ^  ( k )  can be acquired by bringing    Q ^  c  ( k )  into Equations (1) and (2).







3.3. Optimization of ER-PID Controller Model


Step 2: Considering that the ER-based inference model may not be able to describe the complex causal relationship between the input and output due to the inaccurate initial model parameters, an optimization model was established. Specifically, the sum of   e ( k ) =  n r  ( k ) -  n ^  ( k )   and the increment   Δ   Q ^   c 0   ( k )   were used as the objective function (Equation (19a)):


    min  P  ξ ( P ( k ) ) =   (  n r  ( k ) −  n ^  ( k ) )  2  +  Δ 2    Q ^   c 0   ( k )  



(19a)






  s . t .   0 ≤  w i Z  ≤ U B (  w i Z  ) , i = 1 , 2 ; Z = 1 , 2 , 3  



(19b)






  0 ≤  β  s ,  t i    i , Z   ≤ U B (  β  s ,  t i    i , Z   ) , s = 1 , … , N ;    t i  = 1 , 2 , …  T i   



(19c)






    ∑  s = 1  N    β  s ,  t i    i , Z     = 1  



(19d)







Equation (19b–d) illustrate the constraints that the fine-tuned parameters need to satisfy.   P = {  w i Z  ,  e   t i    i , Z   ,  e   t i  + 1   i , Z   | i = 1 , 2 ;  t i  = 1 , … ,  T i  − 1 ; Z = 1 , 2 , 3 }   denotes the parameter set to be optimized, which includes the importance weight and belief distribution of each piece of evidence. Specifically,    e   t i    i , Z     and    e   t i  + 1   i , Z     are the two pieces of evidence activated by fi(k), which are represented by    e   t i    i , Z   = [  β  1 ,  t i    i , Z   , … ,  β  s ,  t i    i , Z   , … ,  β  N ,  t i    i , Z   ]   and    e   t i  + 1   i , Z   = [  β  1 ,  t i  + 1   i , Z   , … ,  β  s ,  t i  + 1   i , Z   , … ,  β  N ,  t i  + 1   i , Z   ]  . Z = 1,2,3 indicate the inference models for KP, KI, and KD, respectively.   U B (  w i Z  )   and   U B (  β  s ,  t i    i , Z   )   denote the upper bounds of the optimization parameters.



Remark 12.

In most ER-based models, model parameters are optimized offline with the training sample set. It is a global optimizing method that requires sufficient training data. Insufficient data samples may result in the tuned parameters deviating from their optimal values, decreasing the accuracy of the shaft speed control. To avoid this problem, the SLP optimization algorithm was used to realize the local and dynamic optimization of model parameters in this study, which meant that only the parameters in the evidence activated by X(k) were optimized. Willis et al. [28] analyzed the advantages and disadvantages of SLP in detail. The specific steps of the SLP optimization are as follows:





(1): Linearize the nonlinear objective function.



According to the optimization model in Equation (19), the objective function   ξ ( P ( k ) )   is expanded into a Taylor series so that the objective function can be approximated as the following linearization function:


  ξ ( P ( k ) ) ≈ ξ (  P 0  ( k ) ) +  ξ ′  (  P 0  ( k ) ) ( P ( k ) −  P 0  ( k ) )  



(20)




where P0(k) represents a given initial point. With the linearization of the nonlinear objective function, the nonlinear optimization problem (i.e.,     min  P  ξ ( P ( k ) )  ) can be transformed into a linear programming problem (i.e.,     min  P   ξ ′  (  P 0  ( k ) ) P ( k )  ).



(2): Determine the movement limits of the optimized parameters.



The selection of the movement limits of the optimized parameters is quite important for the optimizing performance, and too large or too small movement limits will decrease the accuracy of the optimization. The upper bounds of the optimization parameters UB(P) are determined using Equation (21), and the initial movement limits of the parameters in P are set to 10% of their corresponding upper bound.


  U B (  w i Z  ) = 1 , i = 1 , 2  



(21a)






  U B (  β  s ,  t i    i , Z   ) = 1 , s = 1 , … , N ;    t i  = 1 , 2 , …  T i  ; Z = 1 , 2 , 3  



(21b)







(3): Find the optimal solution by using linear programming.



Based on steps (1) and (2), the linearization function of   ξ ( P ( k ) )   at the given initial point P0(k) and the movement limits of the optimization parameters can be obtained. At the same time, a search space is established according to the known initial point and movement limits and the search process is conducted by using a linear programming method (such as the interior point method). If the intersection of the constructed search space and the linearized feasible solution space is empty, then the search space needs to be expanded by increasing the movement limits. Oppositely, if there is an intersection, the optimal solution of the linear programming problem will be found in the intersection [29]. The obtained optimal solution is then used as a new base point to re-linearize the initial nonlinear optimization problem, and the entire optimization process will be executed iteratively until certain stopping criteria are satisfied.



Step 4: Stopping criteria for the SLP optimization.



There are two criteria for SLP optimization, and the iterative process should be stopped when any of these two criteria are met. The two criteria are as follows: (a) the movement limits of all parameters are reduced to be significantly small; (b) the values of the optimized parameters or objective function value do not change obviously in two adjacent iterations [30].




3.4. Local Iterative Optimization Strategy


Figure 6 shows the process of updating the parameters of the ER-PID controller, and the detailed iterative process is described as follows.



Step 3.1: With the input X(k) = [f1(k),f2(k)] = [nr(k), n(k − 1)] acquired online, the estimated shaft speed    n ^  ( k )   can be generated using the ER-based inference model. After that, the activated evidence in the IREMs (   e t  i , P   ,  e  t + 1   i , P   ,  e t  i , I   ,  e  t + 1   i , I   ,  e t  i , D   ,  e  t + 1   i , D    ) and its importance weights (   w i P  ,  w i I  ,  w i D   ) constitute the parameter set P0(k), which is optimized using SLP and then represented by P(k).



Step 3.2: The IREMs are locally updated by P(k) and are used at time k + 1. The parameters (   w i P  ,  w i I  ,  w i D   ) in P(k) are used as the initial parameters of the inference model at time k + 1.



Step 3.3: Return to step 3.1 and conduct the inference process at time k + 1 to update the parameters (    K ^  P  ( k )  ,     K ^  I  ( k )  , and     K ^  D  ( k )  ) and generate the estimated shaft speed    n ^  ( k + 1 )  . Repeat the above processes until the stopping criteria are satisfied.





4. Simulation Experiments and Comparative Analysis


The MEP system with the Wageningen B-series propeller provided in [31] was used as the research object to verify the performance of the ER-PID controller. The simulation experiments were conducted according to the mathematical model of the MEP system. All the simulation experimental parameters and research object’s parameters were from practical equipment that could represent the genuine characteristics and operation of the MEP system well.



4.1. Numerical Experiment


In the simulation experiment, the basic parameters of the Wageningen B-series propeller included the number of blades Zw = 4, the diameter of the propeller Dw = 4 m, the pitch ratio Pw/Dw = 1, and the expanded blade area ratio Aε/A0 = 0.7. The simulation experimental parameters are shown in Table 3.



Then, Equations (1) and (2) were discretized by using a Z-transformation:


   Q m  ( k ) = 4.54  e  − 5   ∗  Q m  ( k − 1 ) +  Q c  ( k − 1 )  



(22a)






  n ( k ) = 0.9998 ∗ n ( k − 1 ) + 5.555  e  − 4   ∗   (  Q m  ( k − 1 ) −  Q a  ( k − 1 ) )  /  ( 2 π )    



(22b)







For the shaft speed control model shown in Figure 3, the sampling period ts = 0.01s, and the variation of Tr is shown in Table 4. The excitation signal of the ER-PID controller is    n r  ( k ) =  g n  (  T r  ( k  t s  ) ) = s i g n (  T r  ( k  t s  ) )        T r  ( k  t s  )    /  ρ  D w    4   K  T 0        , where k = 1, 2, …, M, M = 10,000, and t = kts.



The empirical data set S = {[f1(k), f2(k), KP(k), KI(k), KD(k)]|k = 1, 2, …, 10,000} obtained according to step 1.1 in Section 3.2 was divided into three sub-datasets S1 = {[f1(k), f2(k), KP(k)]|k = 1, 2, …, 10,000}, S2 = {[f1(k), f2(k), KI(k)]|k = 1, 2, …, 10,000}, and S3 = {[f1(k), f2(k), KD(k)]|k = 1, 2, …, 10,000}, which were used to construct IREMP, IREMI, and IREMD, respectively. Furthermore, in the simulation experiments, three inference models for the ER-PID controller were constructed by using the three sub-datasets. The initial reference values of each input (i.e., f1 and f2) and each output (i.e., KP, KI, and KD) are shown in Table 5.



Taking the inference model for KP as an example, all the sample pairs in S1 were transformed into an integrated similarity distribution according to Equations (12) and (13), and the casting results for each input were generated in Table 6 and Table 7. At the same time, according to Equations (14) and (15), the IREMP of f1 (Table 8) and the IREMP of f2 (Table 9) were obtained from the casting results using likelihood function normalization. Similarly, the above method was used to construct IREMI and IREMD, respectively.



The input vector X(k) = [f1(k),f2(k)] at time k was introduced into three inference models to obtain the three coefficients     K ^  P  ( k )  ,     K ^  I  ( k )  , and     K ^  D  ( k )  . Meanwhile, according to Equation (19), the two adjacent pieces of evidence activated by X(k) and their corresponding importance weights were optimized using the SLP algorithm in Section 3.3. The IREMs at time k were modified using the optimized evidence and were used as the initial IREMs for the inference models at time k + 1. Consequently, the local update and iterative optimization proposed in this study were realized iteratively.



Take the input sample X(k) = [f1(k),f2(k)] = [0.2766,0.0116] at time k = 3 as an example to illustrate the process of obtaining KP online.



(1): Transform the input.



According to step 1.2 in Section 3.2, the similarities of f1(k) matching    A 2 1    and    A 3 1    were α1,2 = 0.7645 and α1,3 = 0.2355, and evidence    e 2  1 , P     and    e 3  1 , P     were activated. The similarities of f2(k) matching    A 2 2    and    A 3 2    were α2,2 = 0.7648 and α2,3 = 0.2352, and evidence    e 2  2 , P     and    e 3  2 , P     were activated.



(2): Acquire the activated evidence.



The activated evidence    e 1 P   = [0.4342,0.1897,0.2017,0.1744] and    e 2 P   = [0.7768,0.0682,0.0682,0.0868] were obtained using Equation (16).



(3): Combine the activated evidence.



Then,    e 1 P    and    e 2 P    were fused using Equation (10) with the consideration of their reliability factors (   r 1 P  =  r 2 P  = 1  ) and the optimized importance weights (   w 1 P    = 0.6262,    w 2 P    = 0.6087), and the fusion result was OP(X(k)) = {(   D 1 P   ,0.8897),(   D 2 P   ,0.0341),(   D 3 P   ,0.0363),(   D 4 P   ,0.0399)}.



(4): Obtain the PID parameters.



With the result OP(X(k)) and the reference values of output, the proportional coefficient     K ^  P  ( k ) = 16.1132   according to Equation (18). Similarly, we obtained the integration coefficient     K ^  I  ( k ) = 0.1250   and the differential coefficient     K ^  D  ( k ) = 6.0   at time k = 3.



(5): Local optimization.



Then, the 12 pieces of evidence activated by X(3) and the importance weights of the activated evidence were obtained, as shown in Table 10. The SLP algorithm was used to fine-tune these parameters, and the optimized parameters shown in Table 11 replaced their corresponding values at time k = 3 and were taken as the initial model parameters at k = 4.



(6): Iterative update.



Iteratively, the sample vector X(4) = [0.2766,0.0204] also activated the 12 pieces of evidence and the importance weights of the above evidence, as shown in Table 12. Moreover, the SLP algorithm was used to optimize these parameters, and the optimized parameters in Table 13 were taken as the initial model parameters at k = 5. Using this iterative optimization method, the parameters activated by the input sample were optimized so that the IREMs and the importance weights of the activated evidence were updated in real time.




4.2. Simulation Experiments on the ER-PID Controller Accuracy and Anti-Interference


Figure 7 shows the tracking results and errors of n(k) tracking nr(k) when the ER-PID controller was constructed by using data set S. Furthermore, the change curves of the control signal and control parameters (KP, KI, and KD) are plotted in Figure 8. It is clear that this method was convergent, and the MSE was 0.0135.



To verify the anti-interference performance of the ER-PID controller, single-point perturbation and multi-point perturbation experiments were conducted.



Simulation experiment 1: Single-point perturbation experiment on an ER-PID controller.



An additional perturbation ξ(k) was added to the input f1(k) at times k = 1000, 3000, 5500, and 8200, i.e., f1(k) = nr(k) + ξ(k) (k = 1000,3000,5500,8200). The input with perturbation satisfied ξ(1000) = ξ(3000) = ξ(5500) = ξ(8200) = 0.1.



Simulation experiment 2: Multi-point perturbation experiment on ER-PID controller.



The number of disturbance points in the experiment was increased based on the single-point perturbation experiment, and the disturbance was added to f1 at k = 1000~1004, 3000~3004, 5500~5504, and 8200~8204, which satisfied ξ(k) = 0.1.



Figure 9, Figure 10, Figure 11 and Figure 12 show the results of the single-point perturbation and the multi-point perturbation experiments, and it can be seen that the adaptive ER-PID controller can still track the shaft speed reference (nr) and recover to a steady state even though the speed jumps existed in nr. Moreover, in simulation experiments 1 and 2, the MSEs of the shaft speed control using the ER-PID controller were 0.0123 and 0.0143, respectively. Furthermore, the change curves of the control signal and control parameters (KP, KI, and KD) are plotted in Figure 10 and Figure 12. It can be seen that the controller gain was adjusted adaptively to re-stabilize the system when a disturbance was generated. Generally speaking, the ER-PID controller had good anti-interference performance and tracking performance.




4.3. Comparisons with Other Shaft Speed Control Methods


To illustrate the effectiveness of the shaft speed method proposed in this study, the shaft speed control method based on the ER-PID controller was further compared with the control performance of the shaft speed control model based on a traditional PID controller [11], BP-PID controller [15], FI-PID controller [14], and combined control [32]. Furthermore, two simulation experiments of the controller accuracy and random perturbation were implemented.



Simulation experiment 3: Simulation experiment on controller accuracy.



The MSE and dynamic indicators (overshoot and adjustment time) of the five methods were compared in Table 14, and the MSE of the ER-PID method was 0.0135, which was smaller than the other methods. Figure 11 describes the tracking results and errors of five methods regarding n(k) tracking nr(k).



From Figure 13 and Table 14, it can be seen that in the stage t < 20 s, the ER-PID method responded faster to a given value, the system overshoot was relatively short, and the adjustment time was short, while the other methods responded slower to a given value and the overshoot and the adjustment time were slightly longer. In the stages 20 s < t < 40 s and 70 s < t < 100 s, the response speed, overshoot, and adjustment time of the traditional PID were slightly smaller than other methods. In the stage 40 s < t < 70 s, the adjustment time of the ER-PID method was shorter than other methods. The overshoot of the ER-PID method was only larger than that of the combined control and smaller than that of other methods.



Overall, by analyzing the dynamic indicators of the speed control system, it was found that the ER-PID method performed better than other methods regarding the dynamic indicators and MSE. All the advantages of the ER-PID controller ensured that the system reached a stable state quickly and improved the tracking ability of the system.



Simulation experiment 4: Random perturbation experiment.



A sinusoidal disturbance signal was added to the system input f1, that is, f1(k) = nr(k) + A ∗ sin(wkts), k = 1, 2,..., 10,000, noise variable A~U(0,0.1), and w~U(0,1π).



We performed 100 such experiments, where the values of A and w are randomly generated. Table 15 and Figure 14 show the mean value of the tracking MSE and the tracking MSE for the five methods in 100 experiments. It can be seen from Figure 10 that the tracking MSEs of the ER-PID method, traditional-PID method, and FI-PID method were relatively stable in the 100 random perturbation experiments, but the MSE of the BP-PID method had large fluctuations and poor stability.



From the above statistical results, the mean value of the tracking MSE for the ER-PID method was 0.0148, which was significantly smaller than the MSE of the other methods. Consequently, it was concluded that the ER-PID method had better adaptability for input interference than the other methods.





5. Conclusions


To solve the problem of shaft speed control of an MEP system, a shaft speed control method was proposed in this study. By combining the ER rule with the PID controller, the real-time adjustment of the adaptive ER-PID controller parameters and effective shaft speed control of an MEP system were realized. Then, this method was compared with speed control methods based on the traditional PID, BP-PID controller, FI-PID controller, and combined control. By comparing the control performances of the five controllers, the effectiveness of the proposed method was verified, which realized the stable control of the MEP system.



The highlights of the speed control method based on the ER-PID controller were as follows: (1) an intelligent adaptive ER-PID controller was developed for the MEP system; (2) a local iterative optimization strategy was proposed for real-time optimization of model parameters to enable the adaptive adjustment of the PID controller parameters; and (3) the newly proposed method was applied to the MEP system to realize the precise, timely control of the shaft speed.



In summary, the shaft speed control method with the machine-learning-based ER-PID controller proposed in this study provides an effective speed control scheme for other MEP systems, which can be used as a theoretical reference for high-performance control of an MEP system. Currently, the IREMs of an ER-PID controller are determined using the empirical data set in this study, but other methods, such as domain expert knowledge, will be used to determine the IREMs initially and verify the effectiveness of an ER-PID controller under this condition in the future. Meanwhile, we will investigate the analytical model-based MEP system control method in future work, and more work on the mathematical analysis of the MEP system stability will be conducted.
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Figure 1. Structure of the MEP system. 






Figure 1. Structure of the MEP system.
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Figure 2. Torque-limiting curve. 






Figure 2. Torque-limiting curve.
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Figure 3. Block diagram of the shaft speed control model. 
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Figure 4. Framework of the shaft speed control model. 
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Figure 5. Process of obtaining the ER-PID parameters. 
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Figure 6. Iterative parameter updating for the ER-PID controller. 
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Figure 7. Tracking results of the ER-PID controller. (a) Tracking results that n(k) tracks nr(k). (b) Tracking errors that n(k) tracks nr(k). 
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Figure 8. Control signal and controller parameters. (a) Changes of the commanded motor torque Qc. (b) Changes of KP, KI, and KD. 
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Figure 9. Tracking results of the ER-PID controller with a single-point perturbation. 
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Figure 10. Changes of the control signal and controller parameters in single-point perturbation situations. (a) Changes of the commanded motor torque Qc. (b) Changes of KP, KI, and KD. 
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Figure 11. Tracking results of the ER-PID controller with a multi-point perturbation. 
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Figure 12. Changes of the control signal and controller parameters in multi-point perturbation situations. (a) Changes of the commanded motor torque Qc. (b) Changes of KP, KI, and KD. 
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[image: Mathematics 11 01145 g012]







[image: Mathematics 11 01145 g013 550] 





Figure 13. Tracking results and tracking error of the 5 methods. (a) Tracking results for 5 method that n(k) tracks nr(k). (b) Tracking errors for 5 method that n(k) tracks nr(k). 
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Figure 14. Tracking MSE of the ER-PID controller. 
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Table 1. The casting result of sample pairs (fi, KP).






Table 1. The casting result of sample pairs (fi, KP).





	
KP

	
fi

	
Total




	
     A 1 i     

	
…

	
     A   t i   i     

	
…

	
     A   T i   i     






	
    D 1 P    

	
    a  1 , 1     

	
…

	
    a  1 ,  t i      

	
…

	
    a  1 ,  T i      

	
    δ 1    




	
⋮

	
⋮

	
⋮

	
⋮

	
⋮

	
⋮

	
⋮




	
    D s P    

	
    a  s , 1     

	
…

	
    a  s ,  t i      

	
…

	
    a  s ,  T i      

	
    δ s    




	
⋮

	
⋮

	
⋮

	
⋮

	
⋮

	
⋮

	
⋮




	
    D N P    

	
    a  N , 1     

	
…

	
    a  N ,  t i      

	
…

	
    a  N ,  T i      

	
    δ N    




	
Total

	
    η 1    

	
…

	
    η   t i      

	
…

	
    η   T i      

	
K
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Table 2. The IREMP of the input fi.






Table 2. The IREMP of the input fi.





	
KP

	
fi




	
     e 1  i , P      

	
…

	
     e   t i    i , P      

	
…

	
     e   T i    i , P      




	
     A 1 i     

	
…

	
     A   t i   i     

	
…

	
     A   T i   i     






	
    D 1 P    

	
    β  1 , 1   i , P     

	
…

	
    β  1 ,  t i    i , P     

	
…

	
    β  1 ,  T i    i , P     




	
⋮

	
⋮

	
⋮

	
⋮

	
⋮

	
⋮




	
    D s P    

	
    β  s , 1   i , P     

	
…

	
    β  s ,  t i    i , P     

	
…

	
    β  s ,  T i    i , P     




	
⋮

	
⋮

	
⋮

	
⋮

	
⋮

	
⋮




	
    D N P    

	
    β  N , 1   i , P     

	
…

	
    β  N ,  t i    i , P     

	
…

	
    β  N ,  T i    i , P     
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Table 3. Experimental parameters of the MEP system.






Table 3. Experimental parameters of the MEP system.





	Parameter
	Value
	Parameter
	Value





	Rated motor torque QN
	78 kNm
	Nominal thrust coefficient KT0
	0.445



	Rated motor power PN
	4000 kW
	Nominal torque coefficient KQ0
	0.0666



	Rated motor speed nN
	8.2 rps
	Rotational inertia Is
	25,000 kgm2



	Maximum thrust of propeller Tbq
	490 kN
	Friction coefficient Kw
	350 Nms



	Maximum power of propeller Pbq
	3800 kW
	Seawater density ρ
	1025 kg/m3



	Gearbox reduction ratio kg
	4
	Motor time constant Tm
	0.001 s
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Table 4. Thrust reference Tr.






Table 4. Thrust reference Tr.





	Time
	Target Reference Tr





	t < 20 s
	10 kN



	20 s < t < 40 s
	75 kN



	40 s < t < 70 s
	−75 kN



	70 s < t < 100 s
	350 kN
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Table 5. Initial reference values of inputs and outputs.






Table 5. Initial reference values of inputs and outputs.





	
Input/Output

	
Reference Values






	
Input 1 (f1)

	
−0.76

	
0.1

	
0.85

	
1.65




	
Input 2 (f2)

	
−1.2

	
−0.2

	
0.7

	
1.75




	
Output (KP)

	
16

	
16.5

	
17

	
17.5




	
Output (KI)

	
0.11

	
0.115

	
0.12

	
0.125




	
Output (KD)

	
6

	
7

	
8

	
9











[image: Table] 





Table 6. The casting results of sample pairs (f1, KP).






Table 6. The casting results of sample pairs (f1, KP).





	
KP

	
f1

	
Total




	
     A 1 1     

	
     A 2 1     

	
     A 3 1     

	
     A 4 1     




	
−0.76

	
0.1

	
0.85

	
1.65






	
    D 1 P    

	
16

	
1652.7785

	
81.9598

	
0.1094

	
1.3514

	
1736.1991




	
    D 2 P    

	
16.5

	
1084.2628

	
908.0883

	
335.8883

	
6.8444

	
2335.0838




	
    D 3 P    

	
17

	
121.2140

	
925.0935

	
2046.5314

	
2159.1418

	
5251.9807




	
    D 4 P    

	
17.5

	
0.0060

	
2.4094

	
66.3398

	
607.9812

	
676.7364




	
Total

	
2858.2613

	
1917.5511

	
2448.8689

	
2775.3187

	
10,000
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Table 7. The casting results of sample pairs (f2, KP).






Table 7. The casting results of sample pairs (f2, KP).





	
KP

	
f2

	
Total




	
     A 1 2     

	
     A 2 2     

	
     A 3 2     

	
     A 4 2     




	
−1.2

	
−0.2

	
0.7

	
1.75






	
    D 1 P    

	
16

	
820.1390

	
916.0600

	
0.0001

	
0

	
1736.1991




	
    D 2 P    

	
16.5

	
464.5863

	
1218.9544

	
651.4492

	
0.0939

	
2335.0838




	
    D 3 P    

	
17

	
24.3322

	
551.8843

	
3596.6883

	
1079.0759

	
5251.9807




	
    D 4 P    

	
17.5

	
1.6487

	
35.0743

	
371.4539

	
268.5595

	
676.7364




	
Total

	
1310.7062

	
2721.9730

	
4619.5915

	
1347.7293

	
10,000
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Table 8. IREMP of the input f1.






Table 8. IREMP of the input f1.





	
KP

	
f1




	
     e 1  1 , P      

	
     e 2  1 , P      

	
     e 3  1 , P      

	
     e 4  1 , P      




	
−0.76

	
0.1

	
0.85

	
1.65






	
    D 1 P    

	
16

	
0.6614

	
0.0767

	
0

	
0.0006




	
    D 2 P    

	
16.5

	
0.3226

	
0.6315

	
0.2278

	
0.0022




	
    D 3 P    

	
17

	
0.0160

	
0.2860

	
0.6170

	
0.3131




	
    D 4 P    

	
17.5

	
0

	
0.0058

	
0.1552

	
0.6841
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Table 9. IREMP of the input f2.






Table 9. IREMP of the input f2.





	
KP

	
f2




	
     e 1  2 , P      

	
     e 2  2 , P      

	
     e 3  2 , P      

	
     e 4  2 , P      




	
−1.2

	
-0.2

	
0.7

	
1.75






	
    D 1 P    

	
16

	
0.6963

	
0.4373

	
0

	
0




	
    D 2 P    

	
16.5

	
0.2933

	
0.4326

	
0.1844

	
0.0001




	
    D 3 P    

	
17

	
0.0068

	
0.0871

	
0.4527

	
0.3411




	
    D 4 P    

	
17.5

	
0.0036

	
0.0430

	
0.3629

	
0.6588
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Table 10. Evidence activated at time k = 3 and their corresponding importance weights.






Table 10. Evidence activated at time k = 3 and their corresponding importance weights.





	
Activated Evidence

	
Importance Weights






	
    e 2  1 , P     

	
0.4529

	
0.1918

	
0.1835

	
0.1718

	
    w 1 P    

	
0.7599




	
    e 3  1 , P     

	
0.3738

	
0.1830

	
0.2607

	
0.1825




	
    e 2  2 , P     

	
0.9003

	
0.0332

	
0.0333

	
0.0332

	
    w 2 P    

	
0.7561




	
    e 3  2 , P     

	
0.3751

	
0.1819

	
0.1818

	
0.2612




	
    e 2  1 , I     

	
0

	
0.0450

	
0.0384

	
0.9166

	
    w 1 I    

	
0.6991




	
    e 3  1 , I     

	
0

	
0.0237

	
0.0298

	
0.9464




	
    e 2  2 , I     

	
0.2152

	
0

	
0

	
0.7848

	
    w 2 I    

	
0.6991




	
    e 3  2 , I     

	
0.0394

	
0

	
0

	
0.9606




	
    e 2  1 , D     

	
0.6574

	
0.3426

	
0

	
0

	
    w 1 D    

	
0.8052




	
    e 3  1 , D     

	
0.9815

	
0.0185

	
0

	
0




	
    e 2  2 , D     

	
0.5551

	
0.0001

	
0.1997

	
0.2451

	
    w 2 D    

	
0.8052




	
    e 3  2 , D     

	
0.9651

	
0.0001

	
0.0174

	
0.0174
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Table 11. Evidence activated at time k = 3 and their corresponding importance weights after optimization.






Table 11. Evidence activated at time k = 3 and their corresponding importance weights after optimization.





	
Activated Evidence

	
Importance Weights






	
    e 2  1 , P     

	
0.7699

	
0

	
0.2301

	
0

	
    w 1 P    

	
0.7024




	
    e 3  1 , P     

	
0.6785

	
0

	
0.3215

	
0




	
    e 2  2 , P     

	
0.9837

	
0.0111

	
0

	
0.0052

	
    w 2 P    

	
0.6994




	
    e 3  2 , P     

	
0.6928

	
0.1841

	
0

	
0.1231




	
    e 2  1 , I     

	
0

	
0.0063

	
0.0049

	
0.9888

	
    w 1 I    

	
0.6537




	
    e 3  1 , I     

	
0

	
0.0180

	
0.0145

	
0.9675




	
    e 2  2 , I     

	
0.1637

	
0

	
0

	
0.8363

	
    w 2 I    

	
0.6537




	
    e 3  2 , I     

	
0.0317

	
0

	
0

	
0.9683




	
    e 2  1 , D     

	
0.6455

	
0.3545

	
0

	
0

	
    w 1 D    

	
0.7397




	
    e 3  1 , D     

	
0.9722

	
0.0278

	
0

	
0




	
    e 2  2 , D     

	
0.5245

	
0

	
0.2219

	
0.2536

	
    w 2 D    

	
0.7397




	
    e 3  2 , D     

	
0.9499

	
0

	
0.0248

	
0.0253
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Table 12. Evidence activated at time k = 4 and their corresponding importance weights.






Table 12. Evidence activated at time k = 4 and their corresponding importance weights.





	
Activated Evidence

	
Importance Weights






	
    e 2  1 , P     

	
0.7699

	
0

	
0.2301

	
0

	
    w 1 P    

	
0.7024




	
    e 3  1 , P     

	
0.6785

	
0

	
0.3215

	
0




	
    e 2  2 , P     

	
0.9837

	
0.0111

	
0

	
0.0052

	
    w 2 P    

	
0.6994




	
    e 3  2 , P     

	
0.6928

	
0.1841

	
0

	
0.1231




	
    e 2  1 , I     

	
0

	
0.0063

	
0.0049

	
0.9888

	
    w 1 I    

	
0.6537




	
    e 3  1 , I     

	
0

	
0.0180

	
0.0145

	
0.9675




	
    e 2  2 , I     

	
0.1637

	
0

	
0

	
0.8363

	
    w 2 I    

	
0.6537




	
    e 3  2 , I     

	
0.0317

	
0

	
0

	
0.9683




	
    e 2  1 , D     

	
0.6455

	
0.3545

	
0

	
0

	
    w 1 D    

	
0.7397




	
    e 3  1 , D     

	
0.9722

	
0.0278

	
0

	
0




	
    e 2  2 , D     

	
0.5245

	
0

	
0.2219

	
0.2536

	
    w 2 D    

	
0.7397




	
    e 3  2 , D     

	
0.9499

	
0

	
0.0248

	
0.0253
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Table 13. Evidence activated at time k = 4 and their corresponding importance weights after optimization.






Table 13. Evidence activated at time k = 4 and their corresponding importance weights after optimization.





	
Activated Evidence

	
Importance Weights






	
    e 2  1 , P     

	
0.9867

	
0

	
0.0133

	
0

	
    w 1 P    

	
0.5842




	
    e 3  1 , P     

	
0.7056

	
0

	
0.2944

	
0




	
    e 2  2 , P     

	
0.9956

	
0.0022

	
0

	
0.0022

	
    w 2 P    

	
0.5828




	
    e 3  2 , P     

	
0.5632

	
0.2264

	
0

	
0.2104




	
    e 2  1 , I     

	
0

	
0.0023

	
0.0022

	
0.9955

	
    w 1 I    

	
0.5625




	
    e 3  1 , I     

	
0

	
0.0025

	
0.0024

	
0.9951




	
    e 2  2 , I     

	
0.0034

	
0

	
0

	
0.9966

	
    w 2 I    

	
0.5625




	
    e 3  2 , I     

	
0.0033

	
0

	
0

	
0.9967




	
    e 2  1 , D     

	
0

	
0

	
0.0500

	
0.9500

	
    w 1 D    

	
0.6004




	
    e 3  1 , D     

	
0.0223

	
0

	
0.0278

	
0.9499




	
    e 2  2 , D     

	
0

	
0.0001

	
0

	
0.9999

	
    w 2 D    

	
0.6004




	
    e 3  2 , D     

	
0.0311

	
0.1000

	
0

	
0.8689
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Table 14. MSE and dynamic indicators of the five methods.






Table 14. MSE and dynamic indicators of the five methods.





	
Dynamic Indicators of the 5 Methods

	
Time

	
MSE




	
t < 20 s

	
20 s < t < 40 s

	
40 s < t < 70 s

	
70 s < t < 100 s






	
ER-PID

	
Overshoot (σ%)

	
14.71%

	
4.51%

	
5.33%

	
0%

	
0.0135




	
Adjustment time (s)

	
4.02

	
3.12

	
3.73

	
1.62




	
Traditional PID

	
Overshoot (σ%)

	
15.85%

	
0.84%

	
11.19%

	
0%

	
0.0289




	
Adjustment time (s)

	
4.47

	
1.73

	
5.32

	
5.02




	
BP-PID

	
Overshoot (σ%)

	
44.34%

	
2.82%

	
32.36%

	
0%

	
0.1232




	
Adjustment time (s)

	
16.78

	
7.05

	
10.58

	
2.91




	
FI-PID

	
Overshoot (σ%)

	
18.54%

	
2.18%

	
16.57%

	
0%

	
0.0279




	
Adjustment time (s)

	
4.07

	
2.9

	
5

	
2.91




	
Combined control

	
Overshoot (σ%)

	
424.77%

	
2.65%

	
0.72%

	
2.03%

	
0.1671




	
Adjustment time (s)

	
19.11

	
9.19

	
6.41

	
28.31
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Table 15. Mean value of the tracking MSE for the 5 methods after a random perturbation.






Table 15. Mean value of the tracking MSE for the 5 methods after a random perturbation.





	Methods of Shaft Speed Control
	Mean Value of Tracking MSE





	ER-PID
	0.0148



	Traditional PID
	0.0324



	BP-PID
	0.1299



	FI-PID
	0.0326
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