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Abstract

:

The energy model of belt conveyors plays a key role in the energy efficiency optimization problem of belt conveyors. However, the existing energy models and parameter identification methods are mainly limited to single-motor-driven belt conveyors and require speed sensors. This paper will present an energy model and a parameter identification method for dual-motor-driven belt conveyors whose speed sensors are not available. Firstly, a new energy model of dual-motor-driven belt conveyors is established by combining the traditional energy model with the dynamic model of a dual-motor-driven system. Then, a parameter identification method based on an extended Kalman filtering algorithm and recursive least square approach is proposed. Finally, the feasibility and effectiveness of the method are demonstrated by simulation experiments.
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1. Introduction


Belt conveyors play an important role in continuous bulk material transport in the mining industry, chemical production, power plants, and so on [1,2]. As shown in Figure 1, a belt conveyor is mainly composed of a belt, drive motor, drive pulley, roller, and take-up device [1]. The drive pulley is powered to rotate the belt and move the materials on the belt forward [2]. The traditional control for belt conveyors can only make belt conveyors run at a constant speed [2,3], and the average utilization of a belt is less than the design capacity [4], which may lead to a large amount of energy wastage. According to standard DIN 22101, considerable energy savings can be achieved by adjusting the belt speed in accordance with a change in material feed rate [5]. However, the relationship among the energy consumption, feed rate, and belt speed is complex, and the energy consumption is also closely related to the working environment and the operational condition of the drive motors [6]. Therefore, it is of great importance to study the energy model and parameter identification methods for belt conveyors, which have been concerns for many scholars [7,8,9,10].



The existing energy models of belt conveyors can be mainly divided into two categories: data-driven energy models [11,12] and analytical energy models [7,13,14,15,16]. The accuracy of data-driven energy models is affected by experimental data greatly. Thus these models are not conducive to formulate and solve the EEO (energy efficiency optimization) problems. For EEO problems, analytical energy models are more reasonable.



The classical analytical energy models originated from ISO 5048, DIN 22101 and CEMA (Conveyor Equipment Manufacturers Association) are based on resistance calculation. But they involve too many parameters and can hardly be used for EEO problems. According to JIS B 8805 and FDA (Fenner Dunlop Australia), an alternative analytical energy model is established by energy conversion methodology. This energy model uses fewer parameters but usually results in large errors. Combining with the advantages of the above two methods, an energy model which can be expressed as (1) was established in [6].


   P T  =  θ 1  V  T 2  +  θ 2  V +  θ 3     T 2   V  +  θ 4  T +    V 2  T   3.6    



(1)




where    θ 1   ,    θ 2   ,    θ 3    and    θ 4    are determined by the structural parameters and operation parameters of the belt conveyors.    P T    is the mechanical power of the belt conveyors (kW),  V  is the belt speed (m/s), and  T  is the feed rate (t/h). In practice, many reasons probably make a belt conveyor different to its design condition. Hence,    θ 1   ,    θ 2   ,    θ 3   , and    θ 4    should be identified through experiments instead of being derived from design parameters [17]. However,    P T    is difficult to measure directly, which poses a challenge to the parameter identification of the energy model (1). Based on the relationship among the power and the efficiency of the drive motor and the mechanical power of the belt conveyor, an offline parameter identification method based on least square and an online parameter identification method based on recursive least square were proposed in [17]. However, for a dual-motor-driven belt conveyor, the relationship between the efficiency and the mechanical power of the belt conveyor cannot be determined directly. Therefore, the above parameter identification methods cannot be extended to dual-motor-driven belt conveyors directly. An alternative method was proposed by [14], where an energy model was established by combining the energy model with a dynamic model of the drive motor, and a parameter identification method was proposed based on an adaptive observer. In [18], an energy model of belt conveyors driven by rigidly connected dual motors was established by connecting the dynamic model of the drive motors with the energy model of belt conveyors. Meanwhile, a parameter identification method based on recursive least square was proposed. However, drive motors must be equipped with speed sensors in this method. In practice, however, the drive motors may not be equipped with speed sensors and the reasons are as follows: Firstly, speed sensors will increase the size and cost of systems unnecessarily [19]. Furthermore, the reliability of the motors will be influenced [20]. Secondly, the working environment of the drive motors is complex and harsh, so the speed sensors are prone to failure and their maintenance is very difficult. Thirdly, it is also not suitable for installing speed sensors in hostile environments [21]. Additionally, in some extreme cases, there is no place for installing speed sensors. Furthermore, the speed sensor hinders the development of the motor to achieve a higher speed and miniaturized direction [22,23]. Therefore, this paper will study the problems of energy modeling and parameter identification of dual-motor-driven belt conveyors without speed sensors. The contributions of this paper are as follows: (1) a new energy model of dual-motor-driven belt conveyors is established by combining the classical energy model and the dynamic model of the dual-motor-driven system; (2) a parameter identification method for dual-motor-driven belt conveyors without speed sensors is proposed based on the extended Kalman filtering algorithm and recursive least square. The flowchart of the research is shown in Figure 2.



The rest of this paper is organized as follows: In Section 2, the energy model of belt conveyors based on the dynamic model of the dual-motor-driven system is established. In Section 3, the state observer of the two drive motors is established. EKF (extended Kalman filtering) is adopted to realize the simultaneous estimation of the speed and load torque. Then, a parameter identification method based on RLS (recursive least square) is proposed. In Section 4, simulation results are presented. The last section concludes the paper.




2. Energy Model


This section will establish a new energy model for dual-motor-driven belt conveyors. To do this, the dynamic model of the dual-motor system will be discussed first. Consider that the drive pulley of belt conveyors is driven by two squirrel cage asynchronous motors rigidly connected by a gear transmission system, as shown in Figure 3.



The motion equation of the gear transmission system can be expressed as follows [24]


   T g  =  B g   ω g  +  T L  +  J L    d  ω g    d t      



(2)




where    T g    is the torque of girth gear,    B g    is the friction coefficient of girth gear,    ω g    is the angular velocity of girth gear,    T L    is the load torque and    J L    is the load rotating inertia.



The motion equation of the motor is [25]


   T e  −  T L  =  J   n p      d ω   d t   +  B   n p    ω  



(3)




where    T e    is the electromagnetic torque,  B  is the friction coefficient of motor and    n p    is the number of pole-pairs. The angular velocity of two motors and the angular velocity of the girth gear meet the following relation.


   ω 1  =  ω 2  =   R n  r   ω g     



(4)




where  R  is the radius of girth gear, r is the radius of pinion and n is the gearbox reduction ratio.



The motion equation of dual-motor-driven system can be expressed as follows [24]


    d  ω 1    d t   =    n  p 1      J 1     {   T  e 1   −    B 1     n  p 1      ω 1  −  [    r n  R  (  B g   ω g  +  T L  +  J L    d  ω g    d t   ) − (  T  e 2   −    J 2     n  p 2       d  ω 2    d t   −    B 2     n  p 2      ω 2  )  ]   }     



(5)







Then according to (4), we have


    d  ω 1    d t   =    n  p 1      J 1     {   T  e 1   −    B 1     n  p 1      ω 1  −  [    r n  R  (  B g   r  R n    ω 1  +  T L  +  J L   r  R n     d  ω 1    d t   ) − (  T  e 2   −    J 2     n  p 2       d  ω 1    d t   −    B 2     n  p 2      ω 1  )  ]   }     



(6)







Then we have,


     J 1     n  p 1       d  ω 1    d t   =  g 1   (   T  e 1   +  T  e 2   −   r n  R   T L   )  −  g 1   g 2   ω 1     



(7)




where


     g 1  =    J 1   R 2   n  p 2      J 1   n  p 2    R 2  +  n  p 1    n  p 2    J L   r 2  +  J 2   n  p 1    R 2         g 2  =    B 1     n  p 1     +    B g   r 2     R 2    +    B 2     n  p 2        



(8)







Because the motors are rigidly connected by gear transmission system, we use  ω  to express the speeds of two motors. We use    n p    to express the number of pole-pairs. Simplifying (7), yields


     J 1     n p      d ω   d t   =  g 1   (   T  e 1   +  T  e 2   −   r n  R   T L  −  g 2  ω  )     



(9)







In accordance with Flux Orientation Control strategy, the mathematical model of an asynchronous motor oriented by rotor flux can be expressed as follows [25]


   {      J   d ω   d t   =  n p  (  T e  −  T L  )         d  ψ r    d t   = −  1   T r     ψ r  +    L m     T r     i  s d           d  i  s d     d t   =    L m    σ  L s   L r   T r     ψ r  −    R s   L r 2  +  R r   L m 2    σ  L s   L r 2     i  sd   +  ω s   i  s q   +    u  s d     σ  L s            d  i  s q     d t   = −    L m    σ  L s   L r    ω  ψ r  −    R s   L r 2  +  R r   L m 2    σ  L s   L r 2     i  sq   −  ω s   i  s d   +    u  s q     σ  L s             



(10)




where    L m    is the mutual induction,    L r    is the self-induction of the rotor, and    L s    is the self-induction of the stator;    i  s d     and    i  s q     are the components of the stator currents, respectively;    R s    is the stator phase resistance and    R r    is the rotor phase resistance;    ψ r    is the rotor flux;    u  s d     and    u  s q     are the components of stator voltages, respectively;  σ  is the coefficient of the leakage inductance which is determined by   σ = 1 −  L m    2  / (  L r   L s  )  ;    T r    is the rotor time constant which is determined by    T r  =  L r  /  R r   ;    ω s    is the synchronous speed and it is accurately calculated using    ω s  = ω + (  L m   i  s q   ) / (  T r   ψ r  )  .



The first equation of (10) is the motion equation of motor, and the load is assumed to be a slowly time-varying value, then the torsional elastic torque and damping torque can be ignored. Hence, the electromagnetic torque    T e    can be expressed as follows


   T e  =    n p   L m     L r     i  s q    ψ r     



(11)







In accordance with Flux Orientation Control strategy, the stator current is decomposed into excitation current and torque current. The rotor flux produced only by excitation current, and the electromagnetic torque is proportional to the product of rotor flux and torque current. Hence, the components between torque and magnetic field of stator current are decoupled.



Therefore, the dynamic model of dual-motor-driven system is given by


   {         J 1     n p      d ω   d t   =  g 1   (   T  e 1   +  T  e 2   −   r n  R   T L  −  g 2  ω  )          d  ψ  r 1     d t   = −  1   T  r 1      ψ   r 1    +    L  m 1      T  r 1      i  s d 1           d  i  s d     1    d t   =    L  m 1      σ 1   L  s 1    L  r 1    T  r 1      ψ  r 1   −    R  t 1      σ 1   L  s 1      i  s d 1   +  ω  s 1    i  s q 1   +    u  s d 1      σ 1   L  s 1             d  i  s q     1    d t   = −    L  m 1      σ 1   L  s 1    L  r 1     ω  ψ  r 1   −    R  t 1      σ 1   L  s 1      i  s q 1   −  ω  s 1    i  s d 1   +    u  s q 1      σ 1   L  s 1             d  ψ  r 2     d t   = −  1   T  r 2      ψ  r 2   +    L  m 2      T  r 2      i  s d 2           d  i  s d     2    d t   =    L  m 2      σ 2   L  s 2    L  r 2    T  r 2      ψ  r 2   −    R  t 2      σ 2   L  s 2      i  s d 1   +  ω  s 2    i  s q 2   +    u  s d 2      σ 2   L  s 2             d  i  s q     2    d t   = −    L  m 2      σ 2   L  s 2    L  r 2     ω  ψ  r 2   −    R  t 2      σ 2   L  s 2      i  s q 2   −  ω  s 2    i  s d 2   +    u  s q 2      σ 2   L  s 2            



(12)




where    R t    is time constant and can be expressed as


   R t  =    R s   L r 2  +  R r   L m 2     L r 2       



(13)







For a belt conveyor, the load torque    T L    can be expressed as follows


   T L  =  F U   R b     



(14)




where    F U    is the total resistance of the belt conveyors,    R b    is the radius of the drive pulley.



According to [6], the total resistance    F U    of the belt conveyors can be calculated by


     F U  =     V T   3.6   +    T 2    6.48 ρ  b 1 2    +  {  g f Q  [  L cos δ +   L ( 1 − cos δ )  (  1 −   2  Q B   Q   )   ]  +  k 3  +      C  Ft          }       +  k 1     T 2     V 2    +  (    g L sin δ + g f L cos δ   3.6   +  k 2   )   T V     



(15)







The belt speed can be accurately calculated by   V = c ω  , and   c =  R b  r / R n  .  ρ  is the bulk density of material (     kg / m   3   ) and    b 1    is the width between the skirt boards (m).  f  is the artificial friction factor.  L  is the center-to-center distance (m).    C  F t     is a constant.  Q  is the mass of the moving parts of the equipment (   kg / m   ); it can be expressed as   Q =  Q  R O   +  Q  R U   + 2  Q B   .    Q  R O     is the unit mass of the rotating parts of the carrying idler rollers (   kg / m   ),    Q  R U     is the unit mass of the rotating parts of the return idler rollers (   kg / m   ), and    Q B    is the unit mass of the belt (   kg / m   ).    k 1   ,    k 2   , and    k 3    are the constants which relate to the structural parameters of the belt conveyor.



Combining (14) and (15), we have


   T L  =   c ω T  R b    3.6   +  ψ T  ( T , ω ) θ    



(16)




where


  ψ ( T , ω ) =    [       T 2   R b       R b         T 2   R b     c 2   ω 2          T  R b    c ω        ]   T     



(17)






   θ =    [       θ 1       θ 2       θ 3       θ 4       ]   T      {     θ 1  =  1  6.48  b 1 2  ρ        θ 2  = g f Q  [  L cos δ + ( 1 − cos δ ) ( 1 −   2  Q B   Q  )  ]  +  k 3  +  C  Ft        θ 3  =  k 1       θ 4  =   g L sin δ + g f L cos δ   3.6   +  k 2          



(18)







Then incorporating  ω  into    T L    according to (9) and (16), we have


   T L  =    (  c  R b  T + 3.6  R  r n    g 2   )  ω   3.6   +  ψ T  ( T , ω ) θ    



(19)







As a result, the energy model of dual-motor-driven belt conveyors can be expressed as follows


    {        J 1     n p      d ω   d t   =  g 1   [   T  e 1   +  T  e 2   −   r n  R   (     (  c  R b  T + 3.6  R  r n    g 2   )  ω   3.6   +  ψ T  ( T , ω ) θ  )   ]          d  ψ  r 1     d t   = −  1   T  r 1      ψ   r 1    +    L  m 1      T  r 1      i  s d 1           d  i  s d     1    d t   =    L  m 1      σ 1   L  s 1    L  r 1    T  r 1      ψ  r 1   −    R  t 1      σ 1   L  s 1      i  sd 1   +  ω  s 1    i  s q 1   +    u  s d 1      σ 1   L  s 1             d  i  s q     1    d t   = −    L  m 1      σ 1   L  s 1    L  r 1     ω  ψ  r 1   −    R  t 1      σ 1   L  s 1      i  sq 1   −  ω  s 1    i  s d 1   +    u  s q 1      σ 1   L  s 1             d  ψ  r 2     d t   = −  1   T  r 2      ψ  r 2   +    L  m 2      T  r 2      i  s d 2           d  i  s d     2    d t   =    L  m 2      σ 2   L  s 2    L  r 2    T  r 2      ψ  r 2   −    R  t 2      σ 2   L  s 2      i  sd 1   +  ω  s 2    i  s q 2   +    u  s d 2      σ 2   L  s 2             d  i  s q     2    d t   = −    L  m 2      σ 2   L  s 2    L  r 2     ω  ψ  r 2   −    R  t 2      σ 2   L  s 2      i  sq 2   −  ω  s 2    i  s d 2   +    u  s q 2      σ 2   L  s 2              



(20)







The advantage of this energy model is that the dynamic model of the dual-motor-driven system is involved, which is convenient for parameter identification. The model proposed in this section can be used for an energy model of dual-motor-driven belt conveyors.



The vector  θ  is determined by the structural parameters of the belt conveyor, which are difficult to measure. Hence  θ  is the parameter to be identified.



Remark 1.

The energy model of dual-motor-driven belt conveyors is established by combing the classical energy model (1) with the dynamic model of the dual-motor-driven system (12). Compared with the data-driven energy model in [11], the proposed model (20) is more convenient to formulate the energy optimization problem of belt conveyors. From the view point of parameter identification, the proposed model (20) is applicable to dual-motor-driven belt conveyors, while the analytical energy model in [14] and [17] can only be applied to single-motor-driven belt conveyors.






3. Parameter Identification


In this section, a new parameter identification method will be proposed for the energy model of dual-motor-driven belt conveyors without speed sensors. The basic idea is as follows: firstly, the linearized state space model of the system will be established. Then, the EKF algorithm is used to estimate the speed and total load torque of the belt conveyors [26,27,28]. Finally, the RLS algorithm is adopted to identify the energy model parameters. The scheme of identification is shown in Figure 4.



3.1. State Space Model of the Energy Model


The energy model (20) can be rewritten as follows


    [    p  ψ r    1      p  i  sd     1      p  i        p  ψ  r 2       p  i  sd 2       p  i  sq 2      ]  =  [      −  1   T r    1           L m    1     T r    1       0   0   0   0         L m    1     σ 1   L s    1   L  r 1    T r    1        −    R t    1     σ 1   L s    1         ω  s 1      0   0   0      −    L m    1     σ 1   L s    1   L  r 1     ω     −  ω  s 1       −    R t    1     σ 1   L s    1       0   0   0     0   0   0    −  1   T r    2           L  m 2      T  r 2        0     0   0   0       L  m 2      σ 2   L s    2   L  r 2    T r    2        −    R t    2     σ 2   L s    2         ω  s 2        0   0   0    −    L m    2     σ 2   L s    2   L r    2    ω     −  ω  s 2       −    R t    2     σ 2   L s    2         ]   [     ψ r    1       i  sd     1       i  sq 1        ψ  r 2        i  sd 2        i  sq 2      ]    



(21)






  +  [     0   0   0   0       1   σ 1   L s    1       0   0   0     0     1   σ 1   L   s 1         0   0     0   0   0   0     0   0     1   σ 2   L s    2       0     0   0   0     1   σ 2   L s    2         ]   [       u  sd     1         u   sq 1           u   sd 2           u   sq 2         ]     











We rewrite (21) as


  p I = A ( t ) I + B ( t ) V    



(22)




where  p  is the differential operator. In the process of implementing the EKF algorithm, the continuous system needs to be discretized. Equation (22) can be expressed as follows


  p I =   I ( k + 1 ) − I ( k )    t s       



(23)




where    t s    is the sampling time, the recurrence formula of matrix  I  can be obtained by combining (22) and (23) as follows


  I ( k + 1 ) = I ( k ) +  t s  [ A I ( k ) + B V ( k ) ] = F ( k ) I ( k ) + M ( k ) V ( k )    



(24)




where


  F ( k ) =  [      1 −  1   T r    1     t s         L m    1     T r    1     t s     0   0   0   0         a 1     T r    1         b 1       ω  s 1    t s     0   0   0      −  a 1  ω     −  ω  s 1    t s       b 1     0   0   0     0   0   0    1 −  1   T r    2     t s         L   m 2       T   r 2       t s     0     0   0   0       a 2     T r    2         b 2       ω  s 2    t s       0   0   0    −  a 2  ω     −  ω  s 2    t s       b 2       ]  ,    










  I ( k ) =  [       ψ r    1  ( k )        i  sd     1  ( k )        i   sq 1    ( k )        ψ   r 2    ( k )        i   sd 2    ( k )        i   sq 2    ( k )      ]         ,        V ( k ) =  [       u  sd     1  ( k )        u   sq 1    ( k )        u   sd 2    ( k )        u   sq 2    ( k )      ]  ,    










  M ( k ) =  [     0   0   0   0       1   σ 1   L s    1     t s     0   0   0     0     1   σ 1   L   s 1       t s     0   0     0   0   0   0     0   0     1   σ 2   L s    2     t s     0     0   0   0     1   σ 2   L s    2     t s       ]     



(25)




with    a i  =    L  m i      σ i   L  s i    L  r i      t s   ,    b i  = 1 −    R  t i      σ i   L  s i      t s   ,   ( i = 1 , 2 )  . The state variables are denoted as follows


    X ( k ) =   [       ψ r    1  ( k )      i  sd     1  ( k )      i   sq 1    ( k )      ψ   r 2    ( k )      i   sd 2    ( k )      i   sq 2    ( k )      ]  T      U ( k ) =   [       u  sd     1  ( k )      u   sq 1    ( k )      u   sd 2    ( k )      u   sq 2    ( k )      ]  T      Y ( k ) =   [       i  sd     1  ( k )      i   sq 1    ( k )      i   sd 2    ( k )      i   sq 2    ( k )      ]  T     



(26)







Then, we have


   {      X ( k + 1 ) = F ( k ) X ( k ) + M ( k ) U ( k ) + w ( k )       Y ( k ) = C X ( k ) + v ( k )          



(27)






  C =  [    0        1        0        0        0        0     0        0        1        0        0        0     0        0        0        0        1        0     0        0        0        0        0        1    ]     



(28)




where   w ( k )   is the interference and   v ( k )   is the measurement noise caused by inaccurate measurement. In general,   w ( k )   and   v ( k )   are assumed to be Gaussian white noise with zero mean.




3.2. Extended State Equation of the Energy Model


Selecting  ω  and    T L    as state variables, the extended state equation of the energy model (27) is as follows


   {      X ( k + 1 ) = A ( k ) X ( k ) + B ( k ) U ( k ) + w ( k )       Y ( k ) = E X ( k ) + v ( k )          



(29)




where   x ( k )   is the extended state matrix which can be expressed as


  X ( k ) =    [       ψ r    1  ( k )      i  sd     1  ( k )      i   sq 1    ( k )      ψ   r 2    ( k )      i   sd 2    ( k )      i   sq 2    ( k )            ω ( k )      T L  ( k )          ]   T    ,  










  A ( k ) =  [      1 −  1   T r    1     t s         L m    1     T r    1     t s     0   0   0   0   0   0         a 1     T r    1         b 1       ω  s 1    t s     0   0   0   0   0      −  a 1   x 7  ( k )     −  ω  s 1    t s       b 1     0   0   0   0   0     0   0   0    1 −  1   T r    2     t s         L  m 2      T  r 2      t s     0   0   0     0   0   0       a 2     T r    2         b 2       ω  s 2    t s     0   0     0   0   0    −  a 2   x 7  ( k )     −  ω  s 2    t s       b 2     0   0         n p 2   L m    1   x 3  ( k )  g 1     L  r 1    J 1     t s     0   0       n p 2   L m    2   x 6  ( k )  g 1     L  r 2    J 1     t s     0   0   1      −  n p   g 1  r n    J 1  R    t s       0   0   0   0   0   0   0   1     ] ,   



(30)






   B ( k ) =    [    0           t s    σ  L  s 1                           0               0               0           0               0        0     0                       0                  t s    σ  L  s 1            0               0           0               0        0     0                       0           0               0           t s    σ  L  s 2                   0               0        0     0                       0           0               0               0                  t s    σ  L  s 2            0        0    ]   T  ,     E =  [    0        1                0        0        0        0        0        0     0                0        1        0        0        0        0        0     0                0        0        0        1        0        0        0     0                0        0        0        0        1        0        0    ]    











Equation (29) can be rewritten as follows


   {      x ( k + 1 ) = f  {  x ( k ) , u ( k ) , k  }        y ( k ) = h  {  x ( k )  }           



(31)







Then, we have


   {     f 1   [  x ( k ) , u ( k ) , k  ]  =  ψ r    1  ( k + 1 )      f 2   [  x ( k ) , u ( k ) , k  ]  =  i  sd     1  ( k + 1 )      f 3   [  x ( k ) , u ( k ) , k  ]  =  i   sq 1    ( k + 1 )      f 4   [  x ( k ) , u ( k ) , k  ]  =  ψ   r 2    ( k + 1 )      f 5   [  x ( k ) , u ( k ) , k  ]  =  i   sd 2    ( k + 1 )      f 6   [  x ( k ) , u ( k ) , k  ]  =  i   sq 2    ( k + 1 )      f 7   [  x ( k ) , u ( k ) , k  ]  = ω ( k + 1 )      f 8   [  x ( k ) , u ( k ) , k  ]  =  T L  ( k + 1 )        



(32)







A linearized model of (32) will be used in the sequel. So we define   H ( k )   and   G ( k )   as follows


  H ( k ) =       ∂ h ( ⋅ )   ∂ x    |    x =  x ^  ( k / k )   =  [    0        1        0        0        0        0        0        0     0        0        1        0        0        0        0        0     0        0        0        0        1        0        0        0     0        0        0        0        0        1        0        0    ]     



(33)






  G ( k ) =       ∂ f ( ⋅ )   ∂ x    |    x =  x ^  ( k / k )   =  [        ∂  f 1    ∂  x 1          ∂  f 1    ∂  x 2       ⋯      ∂  f 1    ∂  x 8            ∂  f 2    ∂  x 1          ∂  f 2    ∂  x 2       ⋯      ∂  f 2    ∂  x 8         ⋮   ⋮      ⋮        ∂  f 8    ∂  x 1          ∂  f 8    ∂  x 2       ⋯      ∂  f 8    ∂  x 8         ]     



(34)







Combining (32) and (34), we have


         f 1  = ( 1 −  1   T r    1     t s  )  ψ r    1  ( k ) +    L m    1     T r    1     t s   i  sd     1  ( k )        f 2  =    L m    1   t s     σ 1   L s    1   L  r 1    T r    1     ψ r    1  ( k ) + ( 1 −    R t    1   t s     σ 1   L s    1    )  i  sd     1  ( k ) +  ω  s 1    t s   i  sq 1   ( k ) +  1  σ  L  s 1      t s   u  sd     1  ( k )        f 3  = −    L m    1   t s  ω    σ 1   L s    1   L  r 1      ψ r    1  ( k ) −  ω  s 1    t s   i  sd     1  ( k ) + ( 1 −    R t    1   t s     σ 1   L s    1    )  i  sq 1   ( k ) +  1  σ  L  s 1      t s   u  sq 1   ( k )        f 4  = ( 1 −  1   T r    2     t s  )  ψ  r 2   ( k ) +    L  m 2      T  r 2      t s   i  sd 2   ( k )        f 5  =    L  m 2    t s     σ 2   L s    2   L  r 2    T r    2     ψ  r 2   ( k ) + ( 1 −    R t    2   t s     σ 2   L s    2    )  i  sd 2   ( k ) +  ω  s 2    i  sq 2   ( k ) +  1  σ  L  s 2      t s   u  sd 2   ( k )        f 6  = −    L m    2   t s  ω    σ 2   L s    2   L r    2     ψ  r 2   ( k ) −  ω  s 2    t s   i  sd 2   ( k ) + ( 1 −    R t    2   t s     σ 2   L s    2    )  i  sq 2   ( k ) +  1  σ  L  s 2      t s   u  sq 2   ( k )        f 7  =    n p 2   L m    1   i  sq 1   ( k )  g 1   t s     L  r 1    J 1    +    n p 2   L m    2   i  sq 2   ( k )  g 1   t s     L  r 2    J 1     ψ  r 2   ( k ) + ω ( k ) −    n p   g 1  r n  t s     J 1  R    T L  ( k )        f 8  =  T L  ( k )          



(35)







Furthermore,


     G ( k ) =      [      1 −  1   T r    1     t s         L m    1     T r    1     t s     0   0   0   0   0   0         a 1     T r    1         b 1       ω  s 1    t s     0   0   0   0   0      −  a 1   x 7  ( k )     −  ω  s 1    t s       b 1     0   0   0    −  a 1   x 3  ( k )    0     0   0   0    1 −  1   T r    2     t s         L  m 2      T  r 2      t s     0   0   0     0   0   0       a 2     T r    2         b 2       ω  s 2    t s     0   0     0   0   0    −  a 2   x 7  ( k )      ω  s 2    t s       b 2      −  a 2   x 6  ( k )    0       c 1   x 3  ( k )    0   0     c 2   x 6  ( k )    0   0   1    −    n p   g 1  r n  t s     J 1  R        0   0   0   0   0   0   0   1     ]      



(36)




where    c i  =    n p 2   L m    i   g 1   t s     L  ri    J 1    , ( i = 1 , 2 )  .



Then combining (29)–(36), the extended discrete state space model is established as follows


   {      X ( k + 1 ) = G ( k ) X ( k ) + B ( k ) U ( k ) + Q ( k )       Y ( k ) = H ( k ) X ( k ) + R ( k )          



(37)




where   Q ( k )   and   R ( k )   are the covariance matrix of   w ( k )   and   v ( k )  , respectively.




3.3. Parameter Identification of the Energy Model Based on EKF and RLS


Based on (37), EKF can be used to estimate  ω  and    T L   . The scheme of EFK is shown in Figure 5.



The steps of EKF algorithm are as follows




	
Prediction of state:


   x ^  ( k + 1 / k ) = A ( k )  x ^  ( k / k ) + B ( k ) U ( k )    



(38)




where    x ^  ( k / k )   is the estimated state at    t k   ,    x ^  ( k + 1 / k )   is the predicted state at    t  k + 1    .



	
Estimation of error covariance matrix:


  P ( k + 1 / k ) = G ( k ) P ( k / k )  G T  ( k ) + Q    



(39)




where   P ( k / k )   is the state error covariance at    t k   .   P ( k + 1 / k )   is the predicted state error covariance.  Q  is the assumed process noise covariance.



	
Computation of the Kalman filter gain:


  K ( k + 1 ) = P ( k + 1 / k )  H T     {  H P ( k + 1 / k )  H T  + R  }    − 1      



(40)







	
State Estimation:


   x ^  ( k + 1 / k + 1 ) =  x ^  ( k + 1 / k ) + K ( k + 1 )  [  y ( k + 1 ) − H (  x ^  ( k + 1 / k ) )  ]     



(41)




where   y ( k + 1 )   is the output measurement of system at    t  k + 1    ,   H (  x ^  ( k + 1 / k ) )   is the predicted Jacobian matrix at    t k   .



	
Update of the error covariance matrix:


  P ( k + 1 / k + 1 ) =  [  1 − K ( k + 1 ) H  ]  P ( k + 1 / k )    



(42)












The relationship among the motor speed, material feed rate, load torque and the parameters of energy model can be expressed as follows


   T L  −    (  c  R b  T + 3.6  R  r n    g 2   )  ω   3.6   =  ψ T  ( T , ω ) θ    



(43)







Combining (20) and (43), we have


   {       T L  −    (  c  R b  T + 3.6  R  r n    g 2   )  ω   3.6   =  ψ T  ( T , ω ) θ         d  ψ  r 1     d t   = −  1   T  r 1      ψ   r 1    +    L  m 1      T  r 1      i  s d 1           d  i  s d     1    d t   =    L  m 1      σ 1   L  s 1    L  r 1    T  r 1      ψ  r 1   −    R  t 1      σ 1   L  s 1      i  sd 1   +  ω  s 1    i  s q 1   +    u  s d 1      σ 1   L  s 1             d  i  s q     1    d t   = −    L  m 1      σ 1   L  s 1    L  r 1     ω  ψ  r 1   −    R  t 1      σ 1   L  s 1      i  sq 1   −  ω  s 1    i  s d 1   +    u  s q 1      σ 1   L  s 1             d  ψ  r 2     d t   = −  1   T  r 2      ψ  r 2   +    L  m 2      T  r 2      i  s d 2           d  i  s d     2    d t   =    L  m 2      σ 2   L  s 2    L  r 2    T  r 2      ψ  r 2   −    R  t 2      σ 2   L  s 2      i  sd 1   +  ω  s 2    i  s q 2   +    u  s d 2      σ 2   L  s 2             d  i  s q     2    d t   = −    L  m 2      σ 2   L  s 2    L  r 2     ω  ψ  r 2   −    R  t 2      σ 2   L  s 2      i  sq 2   −  ω  s 2    i  s d 2   +    u  s q 2      σ 2   L  s 2            



(44)







Because speed and load torque of the dual-motor-driven system can be estimated by EKF algorithm. So we define


  x = ψ ( T , ω )    



(45)






    y =  T L  −    (  c  R b  T + 3.6  R  r n    g 2   )  ω   3.6      



(46)







Therefore, combining with the estimated results, the basic form of least square method for the energy model of the dual-motor-driven belt conveyors can be written as follows


  y ( k ) = θ x ( k )    



(47)







In order to avoid calculating the matrix inversion in the identification process, the recursive least square method is adopted in this paper, the algorithm is implemented by the following equations [29].


   {     θ ^  ( m + 1 ) =  θ ^  ( m ) + λ ( m + 1 ) [ y ( m + 1 ) −  x T  ( m + 1 )  θ ^  ( m ) ]     λ ( m + 1 ) =   P ( m ) x ( m + 1 )   1 +  x T  ( m + 1 ) P ( m ) x ( m + 1 )       P ( m + 1 ) = P ( m ) − λ ( m + 1 )  x T  ( m + 1 ) P ( m )        



(48)







Remark 2.

The proposed parameter identification method for the energy model consists of EKF and RLS. EKF is adopted to estimate the motor speed and load torque, and RLS is used to identify the parameters of the energy model base on the estimated value of the motor speed and load torque. Compared with the existing parameter identification methods of energy models [14,17,18], the advantages of this method are as follows: 1) speed sensors are not required; 2) the method is applicable to dual-motor-driven belt conveyors and can be extended to multi-motor-driven belt conveyors.







4. Simulation Study


In this section, the obtained parameter identification method for the energy model of dual-motor-driven belt conveyors without speed sensors will be illustrated. We set the parameters of energy model as    θ 1  = 2.3733   ×   10    − 4     ,    θ 2  = 8566.3  ,    θ 3  = 0.0031   and    θ 4  = 51.6804   [17]. Load is added at 0.04 s, and  T  is set to be as follows [14]


    T =   4.5  [ 8   +   sin ( 10 t + 1 )   +   2 cos ( − 5 t + 2 ) + sin ( 20 t ) ]          +   15 [ 8.6     +   2 cos ( − 5 t + 2 ) + sin ( 15 t + 0.4   )          +   sin ( 20 t ) +   4 sin t ]  × 50  |   sin ( 4 t + 0.5   )   |   ,   ( t / h )       











The state vectors of the state observer are as follows


  X ( k ) =    [       ψ r    1  ( k )      i  sd     1  ( k )      i   sq 1    ( k )      ψ   r 2    ( k )      i   sd 2    ( k )      i   sq 2    ( k )            ω ( k )      T L  ( k )          ]   T     











Table 1 gives the parameters of the motors, and sampling time    t s    is taken as    t s  = 1 e − 5 ( s )  .



After multiple simulations, the matrices  P ,  Q  and  R  are respectively taken as follows


  P =  [        10   − 5      0   0   0   0   0   0   0     0      10   − 5      0   0   0   0   0   0     0   0      10   − 5      0   0   0   0   0     0   0   0      10   − 5      0   0   0   0     0   0   0   0      10   − 5      0   0   0     0   0   0   0   0      10   − 5      0   0     0   0   0   0   0   0      10   − 5      0     0   0   0   0   0   0   0      10   − 5        ]     










  Q =  [        10   − 4      0   0   0   0   0   0   0     0      10   − 4      0   0   0   0   0   0     0   0      10   − 6      0   0   0   0   0     0   0   0      10   − 4      0   0   0   0     0   0   0   0      10   − 4      0   0   0     0   0   0   0   0      10   − 6      0   0     0   0   0   0   0   0      10   − 6      0     0   0   0   0   0   0   0    5 ×   10   − 2        ]     










  R =  [     1   0   0   0     0   1   0   0     0   0   1   0     0   0   0   1     ]     











The estimated results of the state variables are given as follows. The EKF algorithm was introduced to estimate  ω  and    T L   . The estimated speed is displayed in Figure 6, where we can see that the EKF algorithm can estimate the motor speed. The estimated load torque is shown in Figure 7. The figure shows that the estimated load torque can track the time-varying load.



The RLS algorithm is used for identifying the parameters of the energy model, and the results of identification are shown in Figure 8. We can see that the identified values achieve a steady value after approximately 50,000 times recursion, and the identified values of the parameters are obtained. Table 2 shows the comparison between the identified values and the true values. The identification error is less than 4%, and it can be seen that the identified results are acceptable when motor speed and load torque cannot be obtained directly. In the simulation process, the results of the parameter identification based on RLS are influenced by the accuracy of the estimated motor speed and load torque. In addition, the accuracy of the estimated motor speed is greatly influenced by the set values of the EKF algorithm.




5. Discussion


This paper established an energy model and proposed a parameter identification method for dual-motor-driven belt conveyors without speed sensors, which lays a foundation for the energy optimization of belt conveyors. The main contributions are twofold. Firstly, the traditional energy model of belt conveyors is combined with the dynamic model of a dual-motor-driven system to build a new energy model of dual-motor-driven belt conveyors. Secondly, the speed and load torque of the dual-motor-driven system are estimated by using the EKF algorithm to identify the parameters of the energy model. In addition, the identified results of the new parameter identification method are acceptable when the motor speed and load torque cannot be obtained directly.



Based on the electric power of the motor, belt speed, and the feeding rate, a parameter identification method was proposed in [17]. However, this method needs power meters, speed sensors, and electronic belt scales. Furthermore, this method is only applicable to the belt conveyors driven by a single drive motor. So, comparing with the method proposed in [17], the parameter identification method proposed in this paper can be applicable to dual-motor-driven belt conveyors which need not power meters and speed sensors. In [18], based on the measurements of motor current, speed, and feed rate, a parameter identification method is derived by using flux linkage observer and recursive least square. However, drive motors must be equipped with speed sensors in this method. Therefore, the proposed parameter identification method in this paper can compensate for the deficiencies of the above two methods. This means that our method is more applicable in the mining industry, chemical production, power plants, and other complex industrial environments.



The energy modeling method designed in this paper is limited to a rigidly connected gear transmission system. Hence, the energy model of flexible coupling dual-motor-driven belt conveyors needs to be studied in the future. The relationship between the parameters of the energy model and the mechanical parameters of belt conveyors is complex, and the parameters change with the state of belt conveyors. Therefore, it is necessary to design a fast and adaptive method of parameter identification to identify parameters online. Based on the proposed parameter identification method, the energy model of dual-motor-driven belt conveyors without speed sensors can be identified. Thus the relationship among the energy consumption, feed rate, and belt speed will be established. Based on the obtained energy models, the problem of energy optimization of dual-motor-driven belt conveyors can be formulated and studied in the future. The resulted methods can adjust belt speed in accordance with the change in material feed rate to save energy.
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Figure 1. Belt conveyor assembly. 
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Figure 2. The flowchart of the research. 
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Figure 3. Dual-motor-driven transmission system. 
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Figure 4. Parameter identification scheme based on EKF and RLS. 
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Figure 5. The scheme of EKF. 
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Figure 6. The estimated value of motor speed. 
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Figure 7. The estimated value of load torque. 
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Figure 8. The results of parameter identification. 
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Table 1. Motors parameters list.
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	Parameter
	Value
	Parameter
	Value





	    L  m 1     
	0.069 H
	    L  m 2     
	0.070 H



	    L  r 1     
	0.071 H
	    L  r 2     
	0.073 H



	    L  s 1     
	0.079 H
	    L  s 2     
	0.080 H



	    T  r 1     
	0.087 H/Ω
	    T  r 2     
	0.088 H/Ω



	    R  s 1     
	0.435 Ω
	    R  s 2     
	0.437 Ω



	    R  r 1     
	0.816 Ω
	    R  r 2     
	0.815 Ω



	    J 1    
	0.19 (N·m·s2)
	    J 2    
	0.192 (N·m·s2)



	    n p    
	2
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Table 2. The results of parameter identification and true values.






Table 2. The results of parameter identification and true values.





	Parameters
	     θ 1       
	     θ 2       
	     θ 3       
	     θ 4       





	Identified value
	   2.3733   ×   10    − 4      
	8566.3
	0.0031
	51.6804



	True value
	   2.4446   ×   10    − 4      
	8550.9
	0.0032
	51.2986



	error
	3%
	0.18%
	3.23%
	0.74%











© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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