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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 [7-10].
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Figure 1. Belt conveyor assembly.

The existing energy models of belt conveyors can be mainly divided into two categories: data-
driven energy models [11,12] and analytical energy models [7,13-16]. 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].

T2 V2T

PT:91VT2+92V+037+94T+% (1)

where 6, 65, 63 and 64 are determined by the structural parameters and operation parameters of the
belt conveyors. Pr 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, 61, 6>, 83, and 6, should be identified through experiments instead of being derived
from design parameters [17]. However, Pr 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
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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.

Modeling

Dynamic model of
dual-motor-driven systems

Energy model of

dual-motor-driven belt conveyors

Identification

Extended Kalman Filtering

Speed | Load torque

Recursive Least Square

I

Identified
6,.6,,0, and 6,

Figure 2. The flowchart of the research.

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.
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Figure 3. Dual-motor-driven transmission system.

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

Ty = Bowy + Ty + 248 @)
8§ — F88& L Ldt

where T is the torque of girth gear, Bg is the friction coefficient of girth gear, wg is the angular velocity
of girth gear, T is the load torque and | is the load rotating inertia.
The motion equation of the motor is [25]

dw B
-1, =% 2y ©
np dt np
where T, is the electromagnetic torque, B is the friction coefficient of motor and 7, is the number of
pole-pairs. The angular velocity of two motors and the angular velocity of the girth gear meet the
following relation.

w1 = wy = ng 4)

where R is the radius of girth gear, r is the radius of pinion and # is the gearbox reduction ratio.
The motion equation of dual-motor-driven system can be expressed as follows [24]

dw;  Np1 By m dwg J» dwy, By
o h{Tﬂ T [R<Bg“’g Tt ) = (e = ooy =5 @) ©

Then according to (4), we have

dwq Nyl By r dwy I dwq By
— ==K Ty— — B T Tpy — —— — —= 6
I 7 { el Tlp1w1 R( gR wi +TL+ L = —) — (T2 T n,gzwl) (6)
Then we have,
i dw;q ™m
—_— = T, Ty — =T ) — 7
n,y di 81( atTe—% L) £182w1 (7)
where
]1R Mpo
81~ h”p2R2+np1”p2]L72+]2”p1R2 (8)
gz_ 31 + Bgr +

Because the motors are rigidly connected by gear transmission system, we use w to express the
speeds of two motors. We use 1, to express the number of pole-pairs. Simplifying (7), yields

J1 dw

**‘81( 1+ Te2 —
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In accordance with Flux Orientation Control strategy, the mathematical model of an asynchronous
motor oriented by rotor flux can be expressed as follows [25]

J2 = (T, — Tp)

dyp 1 L

=t o
digy RsL2+R,L2 u d

= tTLsL T, Pr— = ols Lz Misq + Cl)slsq + 1

disq _ RSL +RrL

aF = ULer wyPy — 7{7L5L2 mlsq (Uslsd + TLS

where L, is the mutual induction, L, is the self-induction of the rotor, and L; is the self-induction of
the stator; iy and i, are the components of the stator currents, respectively; Rs is the stator phase
resistance and R, is the rotor phase resistance; , is the rotor flux; us; and us,; are the components
of stator voltages, respectively; o is the coefficient of the leakage inductance which is determined
byoc=1- L2/ (L/Ls); Ty is the rotor time constant which is determined by T, = L,/R,; ws is the
synchronous speed and it is accurately calculated using ws = w + (Luisqg)/ (T;¢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, can be expressed as follows

T. = niﬂisqlpr (11)
r
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

7{;%} _gl( el +T2— RTL — Sow)
dl;tn = lp”] + T lsdl
- *w ~ kgt + wato + G 12)
dlall]l:2 : (71LS1LV1 lfﬂ 0’1L 1 lsql Ws1lsg1 + 1l
ditdz : T,zﬂli’z B TYZISG% Usdd
E - ml/’rz azL zlsdl + wWsalsg2 + ol 2
it = U2L52L,2 wiprp — thL Tyl lsq2 — Wdlsdp + fsz >

where R; is time constant and can be expressed as

R — RsL2 ZL%RILEn (13)
For a belt conveyor, the load torque 1], can be expressed as follows
Ty = FyRy (14)
where Fi; is the total resistance of the belt conveyors, R is the radius of the drive pulley.
According to [6], the total resistance F; of the belt conveyors can be calculated by
Fy = +648pb2+{ng{Lcos§+ L(lfcoscs)( %)} +ks+ Cg } 5)

_|_le (8L51n()-:;§chos§ +k2)7
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The belt speed can be accurately calculated by V = cw, and ¢ = Ryr/Rn. p is the bulk density of
material (kg/ m3) and b, is the width between the skirt boards (m). f is the artificial friction factor. L is
the center-to-center distance (m). Cr; is a constant. Q is the mass of the moving parts of the equipment
(kg/m); it can be expressed as Q = Qro + Qru + 2Qp- Qro is the unit mass of the rotating parts of
the carrying idler rollers (kg/m), Qgry is the unit mass of the rotating parts of the return idler rollers
(kg/m), and Qjp is the unit mass of the belt (kg/m). k1, k2, and k3 are the constants which relate to the
structural parameters of the belt conveyor.

Combining (14) and (15), we have

cwTR
To=—5 " + ¢ (T,w)e (16)
where
T _ 2 T?R, TR, T 17

9:[91 0, 65 94}T

_ 1
b = 6.480%p
Gzzng[Lcosé—F(l—cosé)( ZQB)] + k3 + Cre (18)
0y = ky

0, = gLsmoJSrfgchosé 1k

Then incorporating w into 17, according to (9) and (16), we have

cRyT+3.62 ¢ )w
T, = ( % m ) + 97 (T,w)0 (19)

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

;%iﬁ] _ [ L+ Ty — 1 (W’é’rlﬁgz)‘" +¢T(T,w)9)]

i B

diil - o'lleL;rr&Trl 11"’1’1 0’1L 1 sdl + CUsllsql =+ (71 1 (20)
df]l;iz : ‘TlLs] L ll]nrli (71L 1 lsql Ws1lsg1 + gngl

difﬂ : 7 Tyt i ZS‘% . . g

ditz = ‘TZchLerTrz Yo — O'ZL 5 lsd1 + wlesz?Z + (725;22

d? = zszqu,z ¢’2 (72L 2lsq2 Wslsdn + UZZSQ

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 6 is determined by the structural parameters of the belt conveyor, which are difficult
to measure. Hence 6 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.
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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 [26-28]. Finally, the RLS algorithm is
adopted to identify the energy model parameters. The scheme of identification is shown in Figure 4.

————— 1
:_Belt conveyor | r >
| n e
| Motor 1 H——9 o. T identification
y 4L
| | | based on
T EKF T RLS
: Motor2 P23,
| —— I

Figure 4. Parameter identification scheme based on EKF and RLS.
3.1. State Space Model of the Energy Model

The energy model (20) can be rewritten as follows

— - _ L Lm] - e
PlIJrl Tr1 Tiq 0 0 0 0 llJrl
. L1 _ Ry w 0 0 0 .
Plsd1 oLy LT 71Le1 Is{l i1
pi = _UlL;nllLrlw —Ws1 _171&1 0 0 0 Isql (21)
P 0 0 0 = LT—%Z 0 Yr2
Pisaz 0 0 0 - Ls?ﬂfznz AT we fsd
L Plsq2 i 0 0 0 —Hlanw —wa o | b lsq2 |
[0 0 0 0 |
1
(%] le (1) 0 O uSdl
n 0 77 O 0 Usql
0 0 0 0 Usdn
1
0 0 2y (1) quz
|0 0 0 & |
We rewrite (21) as
pl = 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

. I(k+1t)s— I(k) )

where f; 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) + ts[AI(k) + BV (k)] = F(k)I(k) + M(k)V (k) (24)
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where ~ -
1— 7t %ts 0 0 0 0
%1] bl wslts 0 0 0
—aw —wg1t b 0 0 0
F(k) = 01 Osl s 01 oy L o |
Trp S T °S
0 0 0 % b, wgpts
L 0 0 0 —ayw —wgtg b, i
[ lprl(k) 1
isq1 (k) usg1 (k)
isq1 (k) Usq1 (k)
I(k) = | sdt , V) =| " ,
( ) lprZ(k) ( ) ust(k)
isqz (k) uqu(k)
L iqu(k> d
0 0 0 0 |
i ts l0 0 0
0 ——t 0 0
Ml =| o %7 0 @3
0 0 ﬁts 0
1
L 0 0 0 0y Lsp ts i

with a; = %ts, b, =1-— o{{ﬂ, ts, (i = 1,2). The state variables are denoted as follows

X(k):[lprl(k) isdl(k) isql(k) lPrZ(k) ist(k) iqu(k) }T
T
Uk) = [ usa1(®) sqr (k) (k) neqa(k) | 26)
T
Y(0) = [ 1K) isq(K) dear(K) s (k) |

Then, we have

X(k+1) = FK)X(K) + MK)U(K) + w(k) -
Y(k) = CX (k) + v(k)
010000
001000
“=lo0001 0 (28)
000001

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 w and T}, 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) 29)

Y(k) = EX(k) + v(k)

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

X0 = [ 4al®) in® wg® ye® ol so® ©F) TE ]
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[ 1-t e 0 0 0
%11 b] wqtts 0 0
*Q1X7(k) —ws1ts by 0 0
0 0 0 1— gty 5
Alk) = 0 0 0 2 by
0 0 0 *a2X7(k —Wwgtg
12 Lm1x3(k)g 15 Lmoxe (k)g
: Llrl;l s 0 0 : Ler;l s 0
L 0 0 0 0 0
T
0 o ot 0 0 0 00 0
0 0 = 0 0 0 00
B(k) = okst N E= |0
0 0 0 0 5 0 00 0
0 0 0 0 0 55 00 0
Equation (29) can be rewritten as follows
x(k+1) = f{x(k), u(k), k}
y(k) = h{x(k)}
Then, we have
filx(k), u(k), k] = ¢r1(k+1)
falx(k), u(k), k] = isq1(k+1)
f3 [x(k)/ M(k)/k] = isql (k + 1)
falx(k), u(k), k] = ra(k +1)
f5[X(k), u(k)/k] = ist(k + 1)
folx(k), u(k), k] = isq2(k+1)
frlx(k), u(k), k] = w(k+1)
felx(k), u(k), k] = Ti(k+1)

9o0f17

0o 0 0

0 0 0

0o 0 0

0o 0 0

wets 0 0 , (0)

b, 0 0

0 1 Tt

0 0 I

1 000000

0100000

0001000

0000100
(31)
(32)

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

0
10 0

H(k) = =
) 0X [x—2(k/k) 0
0

X | g (k/k)

S O = O

o O O O

Ifi
dfs

BXQ

ofs

aX2

o - O O

— O O O

(33)

o O O O

(34)
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Combining (32) and (34), we have

fi= (1= gt pn (k )+ & Feltsisqr (k)
fo= alLLSTLlflsTrl Pra(k) + (1 - (Ir{fiti Jisq1(k) + wstsisqr (k) + %ﬂtsusdl(k)
fa= cﬁﬁ%ﬂ)w%mﬂHﬂ—ﬁ@w®+ﬁﬁmﬂ)
fo= (1= 5t) o (k) + 52 teisar (k)

mots N ) (35)
fs = UstzLZ:ZTrZ Pra(k) + (1 — 225 )igaa (k) +Rwszlsq2(k) + 515 tstisaz (k)
fo= U;E:;SLTZ Pro(k) — C"szts sd2 (k) + (1 — U'tht; Jisq2 (k) + g%ztsuqu (k)
n2 5Lm1is (k)g1ts 13 Linoisqa (k) g1ts ts
fr= Bty nd ;ﬁl (k) + w(k) — PR T (k)
fs = Ti(k)
Furthermore,
G(k) =
[ 1-4t B 0 0 0 0 0 0 |
;!rll bl wgtts 0 0 0 0 0
—01X7(k) wg1ts by 0 0 0 —ayx3(k) 0
0 0 0 1—4t 2t 0 0 0 (36)
0 0 0 % by wgnts 0 0
0 0 0 —a2x7(k) wgnts by —a2x6(k) 0
c1x3(k) 0 0 oxgk) 0 0 1 i
i 0 0 0 0 0 0 0 1 ]
27 ot
where ¢; = anL:ﬁltbr (i=1,2).
Then combining (29)-(36), the extended discrete state space model is established as follows
X(k+1) = GIX(K) + BIOU(K) + Q(k -
Y (k) = H(k)X (k) + R(k)

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 w and T;. The scheme of EFK is shown in Figure 5.

Y(k+1)

U(k)—IF> B(k) *(% 1 2k +174) >é—+> 2(k+1/k+1)

Figure 5. The scheme of EKF.

The steps of EKF algorithm are as follows



Energies 2018, 11, 3313 11 of 17

1.  Prediction of state:
£(k+1/K) = A(k)2(k/K) + BOU(K) (39)

where £(k/k) is the estimated state at t;, £(k + 1/k) is the predicted state at ;.
2. Estimation of error covariance matrix:

P(k+1/k) = G(k)P(k/k)GT (k) + Q (39)

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

3. Computation of the Kalman filter gain:
T T -1
K(k+1) = P(k+1/k)H {HP(k+1/k)H +R} (40)
4.  State Estimation:

2(k+1/k+1) = 2(k+1/k) + K(k + D[y(k + 1) — HR(k +1/k))] 41)

where y(k 4 1) is the output measurement of system at t; 1, H(%(k 4+ 1/k)) is the predicted
Jacobian matrix at #.

5. 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

cRyT+3.62 0w
TL—( T Je = ¢"(T,w)6 (43)

Combining (20) and (43), we have

n Tkl o

B = — b, + Bin

W= aralT e ale st  Watlsgt + 5 le

dldsgl = Ulflerl wipy — U]Lllsql Wstlsar + ‘71L<1 o
d‘;{z =1, ll]yz + Tzzlsd.'l

%= ﬁ Pr2 — afL zlsdl + alz + ot

dl;tﬂ = Usterz lPrZ (TzL 2 Zqu w5215d2 + ;;SZ:Z

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

=9(T, w) (45)
(cRT+368g2)w
y="T.— X (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) = 0x(k) (47)
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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].

O(m—+1) =0(m) +A(m+1)[y(m+1) — xT(m +1)8(m)]

— P(m)x(m+1)
Alm +1) = 1+xT(m—1:-11)Pr(nm)x(m+1) (48)

P(m+1) = P(m) — A(m + 1)xT (m + 1)P(m)

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 [14,17,181, 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 6; = 2.3733 x 104, 6, = 8566.3, 63 = 0.0031 and 6, = 51.6804 [17]. Load is added at
0.04 s, and T is set to be as follows [14]

T= 45[8 + sin(10t+1) + 2cos(—5t+ 2) + sin(20t)]
+ 15[8.6 + 2 cos(—5t+2) +sin(15t +0.4)
+ sin(20t) + 4sint] x 50|sin(4t + 0.5)|, (t/h)

The state vectors of the state observer are as follows
T
X(k) = { Pr1(k) dsqr(k) isqr(k) (k) dsaa(k) isqe(k)  w(k) Ti(k) }
Table 1 gives the parameters of the motors, and sampling time ¢, is taken as t; = 1le — 5(s).

Table 1. Motors parameters list.

Parameter Value Parameter Value
Lo 0.069 H Lo 0.070 H
Ly 0.071 H Ly 0.073 H
Ly 0.079 H Lo 0.080 H
T, 0.087 H/Q T, 0.088 H/Q
Ry 0.435 Q) Re 0.437 Q
Ry 0.816 Q) R, 0.815 Q)
N 0.19 (N-m-s?) I 0.192 (N-m-s?)

ny 2
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After multiple simulations, the matrices P, Q and R are respectively taken as follows

1075 0 0 0 0 0 0 0 ]
0 10° 0 0 0 0 0 0
0 0 10° 0 0 0 0 0
p_| 0 0 0 107° 0 0 0 0
N 0 0 0 0 10° 0 0 0
0 0 0 0 0 10° 0 0
0 0 0 0 0 0 107> 0
.0 0 0 0 0 0 0 107° |
[107%* o0 0 0 0 0 0 0 i
0 10* o0 0 0 0 0 0
0 0 10° 0 0 0 0 0
|l o0 0 0 10 o0 0 0 0
Q= 0 0 0 0 107%* 0 0 0
0 0 0 0 0 100° 0 0
0 0 0 0 0 0 10°° 0
|0 0 0 0 0 0 0 5x1072 |
10 0 0
0100
R= 0010
0 0 01

The estimated results of the state variables are given as follows. The EKF algorithm was introduced
to estimate w and Ty. 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.

50 r r
—Estimated value
True value
40+ ’)7-—
®»30}
o
©
S 20t
10+
O A A A A
0 0.2 0.4 t/s 0.6 0.8 1

Figure 6. The estimated value of motor speed.
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800 " -
—Estimated value
—True value
600 |
3
£ 400
-
|_
200
0 1 1 1 "
00.04 0.2 0.4 0.6 0.8 1

t/s

Figure 7. The estimated value of load torque.

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.

.3 4
5,210 5 X10
1
15
0
SN o |
-1
0.5
-2
) = & - 0
0 2 4 6 8 Y 2 4 6 B
Number of iterations x10% Number of iterations %10
0.06 200
0.04 100
0
- 0.02
) <
= -100
0
-200
002 -300
0 2 A 6 8 0 2 4 6 8
Hpberorietions x1 04 Number of iterations %1 04

Figure 8. The results of parameter identification.
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Table 2. The results of parameter identification and true values.

Parameters 01 0, 03 0y
Identified value  2.3733 x 10~* 8566.3 0.0031 51.6804
True value 2.4446 x 1074 8550.9 0.0032 51.2986
error 3% 0.18% 3.23% 0.74%

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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