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Abstract

We develop a multi-objective economic model predictive control (m-econ MPC) framework to control and
optimize a nonlinear mechanical pulping (MP) process. M-econ MPC interprets economic MPC as a multi-
objective optimization problem that trades off economic and set-point tracking performance. This interpre-
tation allows us to construct a stabilizing constraint that guarantees closed-loop stability. The framework
infers unmeasured states of the MP process (associated with product consistency) by using a moving horizon
estimator (MHE). The MP process dynamics are described by using a nonlinear Wiener model. Examples
from a two-stage high-consistency MP process are employed to demonstrate that significant improvements
in economic performance are achievable.

Keywords: Economic model predictive control; moving horizon estimation; mechanical pulping process;

stability

1. Introduction

The mechanical pulping (MP) process is one of the most energy-intensive operations in the pulp and paper
industry [I1 2, B, 4} 5], [6]. The development of control strategies for MP processes dates back to the mid-1970s
[2, Bl [4]. Significant research progress has been reported in the fields such as refining optimization, energy
reduction, and pulp quality improvement [5, 6] [7, §]. In recent years, strong global competition has driven
the development of new control and optimization techniques to reduce energy consumption and enforce strict
pulp quality specifications [9, [0, [I1]. The development of advanced control strategies is difficult because MP
processes are inherently multivariable and involve strong interactions.

Model predictive control (MPC) is an optimization-based control technique that computes optimal control
policies by solving a finite horizon optimization problem in real time. An outstanding feature of MPC is that
physical constraints on actuators and outputs can be incorporated directly in the optimization problem. As
a result, MPC has attracted considerable research efforts and has been widely applied in various industrial

processes [12] 13} [I4]. In the context of MP processes, implementations of linear MPC have been reported
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in the past decade. These implementations use a linearization of the MP process [3, [15], which results
in suboptimal performance due to the presence of strong nonlinearities. The development of advanced
optimization algorithms and computing hardware enable the direct handling of nonlinear dynamics in MPC
formulations [I6], 17 I8, 19]. The authors in [9] 10, [IT] presented results on the control and optimization
of MP processes using nonlinear MPC (NMPC). In our previous work [20], we proposed a multi-objective
economic MPC strategy (that we call m-econ MPC) for two-stage high consistency (HC) refining processes
E We show that m-econ MPC can simultaneously minimize economic cost while enforcing set-point tracking
(which is critical to maintain product quality). The controller sees economic and tracking performance
as conflicting goals and this insight is used to derive a stabilizing constraint that guarantees closed-loop
stability. More recently, the authors in [2I] analyzed the inherent robustness properties for an economic
NMPC controller, which provides a high flexibility to optimize economic performance and remains robust in
the face of disturbances. Despite these advances, extensive obstacles still prevent the deployment of NMPC in
MP processes [10]. Among these obstacles, state estimation is of primary importance because many process
variables cannot be measured reliably.

The majority of existing work on advanced control for MP processes is based on the assumption that the
state variables are measurable and known in real-time. However, information on important variables such as
pulp consistency in HC refining is rarely available due to the lack of measurement sensors (particularly fast
and reliable online sensors). For instance, one of the most widely used sensors in industry is the pulp quality
monitor (PQM) that can measure the shives, fiber size distribution, and freeness in the pulp. This sensor
takes measurements infrequently (every 50-60 minutes) and thus limits the use of MPC.

State estimation for nonlinear systems is particularly challenging when there are constraints on the state
variables and disturbances [22] 23] 24]. To address such issues, moving horizon estimation (MHE) has been
proposed as a practical approach that can directly embed nonlinear dynamics and constraints |25, 26]. In
MHE, estimates of the states are obtained in real-time by solving a short horizon optimization problem that
minimizes the difference between measurements and predicted outputs. A moving window of fixed size slides
forward in time and prior information on estimated states is updated via the so-called arrival cost .

In this paper we develop an economic MPC framework for a two-stage HC refining process that combines
m-econ MPC with a MHE estimator. Using simulation experiments on a two-stage HC refining process, we
demonstrate that state variables can be inferred reliably from limited measurement data and that the MPC
can achieve significant improvements in economic performance.

The paper is outlined as follows. In Section [2] we present a brief introduction on the two-stage HC
refining process and some preliminaries on the MHE. Section [3]is devoted to the m-econ MPC technique for

the two-stage HC MP process. The combination of MHE and m-econ MPC is elaborated in Section In

2The pulp consistency is defined as the mass percentage ratio of wood to the mixture of wood and water. It is high consistency

(HC) when this ratio is between 20% and 50%, and it is low consistency (LC) when this value is between 3% and 5%.
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Figure 1: Operational units in a typical two-stage MP process

this section, we also present two simulations to demonstrate the performance of the proposed m-econ MPC

technique and MHE estimation, followed by conclusions in Section

2. High Consistency Refining Process

2.1. Process description

A multi-stage MP process generally consists of wood chip pretreatment, wood chip refining and pulp
refining stages as shown in Figure In the wood chip pretreatment stage, wood chips will be screened
to remove over and under sized particles and then steamed and preheated at atmospheric pressure around
100°C. There are typically two high consistency refiners in the wood chip refining stage - a primary and a
secondary refiner as shown in Figure[2} After pretreatment, the wood chips are introduced into the inlet of
the primary HC refiner by the cylindrical chip transfer screw feeder. Dilution water is usually fed into the
inlet of the refiner to control the consistencies in the refining zone. The wood chips are broken down into
fibers as they pass through the two rotating discs of the refiners.

The key variables required for control and optimization of the process, such as manipulated variables,

operating variables and pulp quality variables, will be discussed in detail in the following subsections.

Main process manipulated variables
Manipulated variables are the input variables which can be adjusted during the process operation. The

main inputs in a MP process, shown in Figure 2] are summarized in the left column of Table

(1) Chip transfer screw speed, u;. The chip transfer screw speed for the primary refiner is the main
manipulated variable used to control the flow of chips from the preheater at the wood chips pretreatment
stage to the inlet of the primary refiner. Any changes in the screw speed can affect the flow of dry fibres

to the refiner. Most pulp mills also use the transfer screw speed to set the desired production rate.
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Figure 2: Schematic of two-stage HC refining
Table 1: A list of process variables
MV Note Unit Notation SV  Note Unit Notation
U Chip transfer screw speed rpm R x1  Production rate tonnes/day P
Us Primary refiner plate gap mm G z9  Primary motor load MW M,
us3 Primary dilution flow rate kg/s D, x3  Primary consistency (*) % C,
Uy Secondary refiner plate gap mm G x4  Secondary motor load MW My
us Secondary dilution flow rate kg/s D, x5  Secondary consistency (x) % Cs

Note: The variables with (x) are unmeasurable state variables.

(2) Primary/secondary refiner plate gap ug, us. The plate gap is the distance between two plates of a
refiner. It is normally controlled by a mechanical loading system. The gap size can be measured by a
70 gap sensor or indicated by changes in the relative shaft position. Variations in gap size directly impact

the mechanical force exerted by plates onto wood chips, and thus affect the motor load.

(3) Primary/secondary dilution flow rate uz, us. The refining zone consistency has a major effect on
pulp properties. The water added to the refiner will alter the consistency and thus change the pulp
quality. Large variations in the dilution water flow rate can also lead to unstable refining operation.

7 Manipulating the water flow rate at the inlet of the each refiner is commonly used by pulp mills to

maintain the consistency in refiners.

Main process state/operating variables
The state variables are the key variables and highly correlated with the pulp properties. By controlling
manipulated variables the states are maintained at optimum set-points. The optimum set-points in a MPC
so controller are determined by the economical operation of the MP process. The main process state variables

used in this work are summarized in the right column of Table [I]
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(1) Production rate ;. Production rate is one of the most important operating considerations in pulp
mills. The production rate can be changed by adjusting the chip transfer screw speed. However, the
production rate varies with the variations in the raw wood chip quality such as wood species, chip
density, and moisture content. The production rate can also affect the specific energy and the pulp

quality.

(2) Primary/secondary motor load z3, 4. Among the operating variables, motor load is one of the most
important measurements which are highly correlated with the pulp qualities. One way to set and
maintain the motor load is to adjust the plate gap since motor load is directly affected by and sensitive

to the gap size.

(3) Primary/secondary consistency x3, x5. At a given specific energy, the consistency in the refining zone
for both the primary and secondary refiners has a major influence on pulp properties. An improved
consistency control can significantly reduce the fluctuations of motor load and enhance the refiner

performance.

Steam production is also an important operating variable because it is associated with high energy consump-
tion. However, as is common practice in most pulp mills, this variable is rarely considered in control design

for MP processes.

Specific energy

Specific energy (SE) (in MW /tonnes/day) is the energy consumed per ton of dry pulp and is a critical
variable that strongly affects pulp properties [5]. SE is defined as the ratio of the motor load with respect
to the production rate. Therefore, motor load and production rate can be adjusted according to the desired
SE. One of the traditional pulp quality control strategies is to manipulate SE based on the quality-energy
relationship. For the i-th refiner and motor, SFE; is defined as follows:

Motor load;

Specific Energy (SF;) := Production rate’

=p,s. (1)

where the subscript index 7 = p, s represents the primary and secondary refiners, respectively. For a two-stage
HC MP process, the total SE at time instant ¢ for both primary and secondary refiner is defined as,

Total motor load

Total Specific Energy (T'SE;) := (2)

Production rate
In our economic MPC design, T'SE}; is embedded directly in the objective function and is used as an indicator

of economic performance.

Pulp properties

The final pulp quality can be characterized by many property variables such as freeness, fibre length, shive
content, coarseness, and strength. To assess the quality of the pulp, we consider the following commonly
used pulp properties: Canadian Standard Freeness (CSF, ml), long fibre content (LFC, %) and shive content
(SC, %).
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Process disturbances

Wood chips are the main raw materials for pulp production and thus variations in wood chips comprise
the main disturbance that affect the refining conditions and final pulp properties. In this work, variations
existing in the raw chips (such as the chip bulk density and chip moisture content) will be considered as

disturbances.

Unmeasurable state variables

The consistency in the primary and secondary refiners (3 and z5) cannot be measured reliably in real-
time and thus need to be inferred from the measured outputs (z1, z2, and z4) and inputs (uq, - -, us). The
consistency in the refiner is known to significantly impact pulp properties. A variety of advanced control
strategies have been proposed in the literature with the assumption that the consistency can be measured
accurately and that it can be used directly by the controller. However, such assumption becomes questionable
given that practical sensors are usually not fast enough to measure the consistency in real-time. As a result,
a reliable state estimation mechanism for the consistency is needed to reduce fluctuations in the motor load

and for stabilizing the MP process.

2.2. HC refining model

The mathematical models of mechanical refining process have been reported recently in [9] 10} [T 20, 27].
The model used in this paper will be based on the Wiener-type models derived in our previous work [20] 27],
which were developed by using a combination of mechanistic and empirical methods. The production rate,
motor loads and consistencies for both primary and secondary refiners are treated as discretized differential
state variables. The chip-transfer screw speed, plate gap, and dilution water flow rates of each refiner are
taken as manipulated variables. The model and disturbances are based on the data collected in identification
experiments on actual industrial processes, and it is shown that the developed model can represent the real
process with high-fidelity.

Consider the two-stage HC pulping process which can be described by nonlinear difference equations with

additive state and measurement noise [}

xpyp1 = Axy + h(ze, w) +¢, (3)
—_——
f(@e,ue)
Ye = g(zt) + e, (4)

where A € R %"= ig the dynamic matrix which can be identified for the MP process by using linear system
identification methods. z; € R", u; € R™, and y; € R"v are the states, manipulated variables, and
controlled outputs, respectively. For a two-stage HC process, x; and u; are defined in Table The state

and input variables are required to satisfy the constraints x; € X and u; € U, where the sets X C R"=

3Please refer to for the details of two-stage HC MP process model.
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and U C R™ are compact and contain the equilibrium point (xss, uss). The vector ¢ C R™¢ is an additive
disturbance affecting the system dynamics and can be used to represent the disturbance attributed to the
state transition from xy to zy1. The system states can be observed through the measurement equation
where y; C R™v is the observation and 7; C R™* is the measurement error. In this work, we assume that 7,
is independent and identically distributed (i.i.d.) with known mean and variance. hA(-) : R™ x R"  R"=
is a nonlinear state function. f(-): R™ x R™ — R™ is a nonlinear function which represents the dynamics
that map the current input and state to the state at the next time instant.

The measurement vector y; is defined as
Yt = [paMpaMs:I . (5)
where P, Mp, M, are the noisy measurements of the state variables P, M, M, respectively.

2.3. State estimation

For effective control an MPC on the HC refiner has to account for changes in state variables and therefore
states have to be estimated to solve the related optimization problem. However, when unmeasurable states
are present, the unmeasured states need to be inferred from the available (mostly noisy) measurements. The
model 7 is corrupted with process and measurement noise (; and 7; that are assumed to be normally

distributed with zero mean and constant covariance P and P,:
G~ N(0,FP), ne~ N(0,Py). (6)

The states of the system need to be inferred from the measured outputs . Specifically, MHE uses a moving

measurement window of the form:
T T
ItT = [Iég a-[tu } = [il/t—the»"‘ sYt—1,Yty Ut—Npppes * 7ut71]7 t> 07 (7>

to compute the estimates ; of the states x;. Ny, is the size of the moving window for the estimator. I
is the information vector at time ¢t. We formulate the estimation problem as the solution to the following

optimization problem,

Nihe Nimhe
min  Jone = pill20 = 2w, [P D Nk = 9, + Y Nkl o (®)
20, {Cr 16" k=0 k=0
s.t. Zht1 = f(zk,ut,thﬁk) +Ck, k=0,..., Npne — 1, (9)
Yk :g(zk)+77k7 k=0,..., Nmhe, (10)
2z €X, 2N, . GXf, k=0,..., Npne — 1, (11)

where Jpe is the optimal cost which incorporates the arrival cost (the first term in ) and the least-square
error of the outputs (the second term in ) in the estimation horizon N, pe. f?_ None is the prior value of
the initial state and p is a weighting factor for the arrival cost. The state variables are subject to the state
model in @ as well as the constraints in . The solution of the optimization problem is given by the state
trajectory [Zo,- - ,ZN,,,.]- From the solution, we obtain the estimate of the current state of the system as

Z¢ < zn,,,.- Conditions for stability of MHE have been established for general settings in [23], 24, 25], [26], 28].
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3. M-econ MPC for the MP Process

In this section, we focus on the development of m-econ MPC for two-stage HC processes.

3.1. Basic notation and setting

Given the model of the two-stage HC refining process in the form — , the set-point tracking value
function V;'" and the economic value function V¢ at time ¢ are given by:

t+Nompe—1

‘/ttr = Z Ltr(a/}k — Tss, Uk — uSS)7 (12)
k=t
t4+Nppe—1

vee =Y L), (13)

k=t
where N, is the prediction horizon and #j, denotes the estimated state at time k from MHE. L*"(-) and L¢“(-)
are the tracking stage cost and economic stage cost, respectively. (x4, uss) are equilibrium points which can
be calculated by solving a steady-state optimization problem. The mapping L™ : R™ x R™ — R is always
nonnegative. In the rest of this paper, L' (&, uy) will be used as a compact representation of the stage cost
LY (&), — @45, up, — Uss)- In the formulation of economic MPC, the economic stage cost L¢¢ : R% x R™ — R
is assumed to be bounded and related directly to the desired economics. The notation {;%k,uk}?Nm"C will
be used hereafter to describe the trajectory of estimated states &, k =¢,...,t + Nype, from MHE and the

sequence of manipulated variables uy, k =t,...,t + Npp — 1, for brevity.

In what follows, we assume that the tracking MPC (¢r MPC) is feasible for any x; € X. The optimal

trajectory at time ¢ + 1 is defined as {Ek|t+1,ﬂk|t+1}iﬂ+N’"”° and is obtained by solving the optimization
problem,
Nope—1
min Z L' (21, vp), (14)
vk k=0

st. 20 = Tyl ZNp,e € Xy,
Zot1 = f(zr,vk), k=0,..., Nppe — 1,
ye =9(zk), k=0,..., Npmpe,
zr€X, vy €U, k=0,...,Nppc— 1,

where zi, v are the internal optimization variables representing states and controls, respectively. For the
nonlinear MP process defined in —, we require that the terminal states lie in the terminal region X;
instead of at the desired steady state x5s. Xy € X is a compact terminal region containing a neighborhood
of the point x, in its interior. The value function for tr MPC at time ¢ 4+ 1 is shown to be

t+Nmpe

Vi = Z L (Zkjps1, Usfet1)- (15)
j—

In the standard ¢tr MPC problem, the stage cost is normally defined as penalizing the deviation of process

variables from their steady-state values. The closed-loop stability of tr MPC is established by treating the
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optimal cost along the closed-loop trajectory as a Lyapunov function [29] B0, 31, [32]. However, for economic
MPC, the corresponding stage cost function is defined by L¢°(-), which may be selected by the user according
to practical needs and such function may not be positive definite. As a result, most practical economic cost
functions cannot be used as Lyapunov functions and closed-loop stability cannot be guaranteed. In the next
subsection, we combine tr MPC and economic MPC into the multi-objective MPC formulation to enforce

stability.

3.2. Multi-objective economic MPC
The trajectory {Zpj¢+1, ﬂk‘Hl}zEJrN""p“ is optimal for the standard ¢r MPC problem in . Stability
of standard #r MPC technique is achieved by treating the tracking stage cost L!" as a Lyapunov function.
Specifically, from Lyapunov theory for standard ¢r MPC, a sufficient condition that ensures closed-loop
stability is [32]:
VL = Vi < =L (2, w). (16)

A less restrictive condition, reported in [33], shows that stability of any alternative MPC formulation can

Nimpe

also be guaranteed if the associated trajectory {@yj;41, Uk‘t+1}ii}+ satisfies:

Vi <V 4oV =V, (17)

where o € [0,1) is a scalar. Here, V;'7; (defined in (I5)) is the value function of the optimal trajectory for
the tracking MPC at time instant ¢ + 1. The actual value function V}{; in is defined as:

t+Nmpe

Vi = Z L (kjes1, Wpft41)- (18)
k=t+1

Since any feasible trajectory satisfying leads to closed-loop stability, we may impose this condition as

a stabilizing constraint when formulating an economic MPC controller, which results in the m-econ MPC

formulation:
Nope—1
min L2, vk), (19)
b k=0
st. 20 = Teq1, ZNpmpe € Xf,
Zk+1:f(zk;vk)7 k:()’"'aNmpcf]-a
ye =9(zk), k=0,..., Nmpe,
2z €Xv, €U, k=0,...,Nppe — 1,
Npmpe—1
Z L' (z, o) < €r41(0), k=0,..., Npppe — 1, (20)
k=0
where
er1(0) = Vi + o (V" = V). (21)
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Note that the constraint in is equivalent to the stabilizing constraint . Closed-loop stability of m-econ
MPC is then guaranteed by the stabilizing constraint in . The argument of this statement is outlined as
follows. Adding the term —V;'" to both sides of we have

Vi =V < (= o)(VE = V). (22)
Combining and , the following inequality holds for any feasible solution,

Viti = Vi < —(1 = o)L (2, ). (23)

Since (1—0) L' (x4, u¢) is nonnegative for o € [0, 1), we can conclude that the trajectory {41, uk|t+1}iﬁ+N’”"“

obtained from solving the m-econ MPC algorithm 7 is stable. More precisely, the closed-loop sys-
tem is asymptotically stable under the control law obtained from solving the m-econ MPC problem for any
o €1[0,1). A detailed derivation of this result is provided in [33].

Remark 1. Note that by imposing the stabilizing constraint to the m-econ MPC, we can merge the
capability of tr MPC in assuring closed-loop stability and the merits of economic MPC together to achieve
both tracking and economic performances. Although we may sacrifice certain economic profit compared with
the pure economic MPC, what we gain in guaranteeing the stability is much more meaningful and crucial for
most practical MP processes. Moreover, this m-econ MPC method provides a degree-of-freedom (the tuning

parameter o) to tune the trade-off between economics and tracking performance.

4. M-econ MPC and MHE Design for the MP Process and Simulation Results

4.1. M-econ MPC and MHE Design for the MP Process

The MP process is a complex multi-input multi-output (MIMO) nonlinear process with strong interactions
among variables. Based on the two-stage HC model developed in — and the m-econ MPC and MHE
approaches presented in the previous section, we are now in a position to combine the MHE and m-econ MPC

for MP processes. The graphical depiction of the integrated m-econ MPC and MHE framework is shown in
Figure

U Mechanical Pulping y
Process
u % u
Output Input Output Input
m-econ MPC MHE y

Figure 3: Graphical depiction of the integrated m-econ MPC and MHE for MP process

10
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Table 2: The implementation of m-econ MPC and MHE for a two-stage HC process
Algorithm of the m-econ MPC and MHE

Input: 20€X, 0€[0,1), set ¢ < 0 and ¢y(0) < +o0.
Loop: fort=0,...,T (simulation ends) do
1:  Solve the m-econ MPC optimization in — for
the state x; and €(0), evaluate V'™, and set u; < vp.
2:  Implement u; to the plant and obtain the state
variables z;11 = f(z¢, us) + .
3:  Solve tr MPC in for the state 1, and evaluate
Vi,
5:  Solve MHE in (8)-(1I) to get the estimates [Zo, - , Zn,,.,.]-
6:  Set er1(0) Vi +o(Vi" — Vi) and @eq1 < Zn,,,. -

7: end loop

For the specific MP process considered in this work, the tracking and economic objective functions are

defined as
t+N7npc_1
Vo= Z ‘|ik—x85‘|2Qm+||“k_u85|
k=t
t+N7npc_1
vee = Z TSEy,
k=t

2
Qu>

where Np,p. is the prediction horizon and @, @, are positive-definite weighting matrices for the state
and input variables, respectively. T'SE} is the total energy as defined in and given by ([0,1,0,0] & +
[0,0,0,1] Zx) / [1,0,0,0] & for the specific MP process under study. The m-econ MPC optimization problem

for the MP process can be formulated as follows,
t+Nm,pc_1
min Y TSE, (24)
k=t

v,

st. zg = Tyy1, ZNmpe € Xy

Zip1 = f(zk,v6), K =0,..., Nppe,

Tmin < 2k < Tmaz, kZO,...,Nmpm 27
Umin < Vg < Umaz, k:()v“';Nmpc*la 28
t+N7npc_1
Do Ml —wslld, + ok — ussllp, < ea(0), (29)
k=t

where o € [0,1) and €;41(0) is defined in . Here, we note that the stabilizing constraint takes the form of
a ball centered around the equilibrium point (s, uss) and with radius €;41(0). Consequently, the stabilizing
constraint can be interpreted as a trust-region that the MPC controller can visit to optimize economics while

preserving stability.

11
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At each time instant, the optimal input sequence can be obtained by solving the m-econ MPC f
EL Only the first input of the optimal input sequence will be injected to the MP plant. Given the newest
measurements and past N,,pe-step of input and measurement data, the constraint MHE — will be
incorporated to the system to eliminate the noises on measured states and estimate the unmeasured states.
For the MHE, we only consider the case where the model uncertainty (; and measurement noises 7, are
normally distributed with zero mean and constant covariance P: and P,, respectively @ The detailed

algorithm of implementing the simultaneous m-econ MPC and MHE is provided in Table [2}

4.2. Simulation Results

We now demonstrate the effectiveness and economical benefits of using the m-econ MPC algorithm and
MHE in a two-stage HC MP process through simulation examples. To be specific, in the first example, we
apply the proposed m-econ MPC algorithm with different values of o € [0,1) under the assumption that
state variables are directly available for the on-line m-econ MPC design. Note that with such assumption Zj
shall be replaced by z in previous formulations regarding m-econ MPC. From this simulation, we show that
the proposed m-econ MPC can not only reduce the energy consumption, but also guarantee the closed-loop
stability. This algorithm also allows the user to tune the controller in such a way that a desired trade-off
between the economic and tracking performances is achieved based on practical demands. In the second
example, we provide results for the simultaneous implementation of state estimation and m-econ MPC with
fixed tuning parameter o. Moreover, the measurement noise and model uncertainty are considered in the

second example.

4.2.1. Example I

In this example, the prediction and control horizons are selected to be equal and set to be Ny, = 30.
The sampling interval is 2s, and the simulation length is 7" = 160 samples. The weighting matrices Q, =
diag{0.01,10,0.1,10,0.1} and @, = diag{0.1,100,0.01,100,0.01}. Note that the tuning parameter ¢ has to
be in the range [0, 1) for the sake of closed-loop stability. However, to more clearly demonstrate the effect
of ¢ on the tracking performance and the economics, here we allow ¢ = 1 and will examine the control
performance under the following four different values of 0: ¢ =0, 0 = 0.5, 0 = 0.75, and 0 = 1. Note that
for o = 0, the m-econ MPC is reduced to the standard tracking MPC. On the other hand, when o = 1, it
will be equivalent to econ MPC without regulations. ¢ = 0.5 and o = 0.75 are the two cases where we have
the standard m-econ MPC. The state estimator will not be considered in this example, thus we assume (j
and 7y are zeros in formulation 7. In the closed-loop simulation, the variations in raw materials such
as the chip bulk density d. and the chip solid content s, are considered as the disturbances (see Table|3). To
address the computational complexity, the nonlinear MP process model is built in AMPL (A Mathematical

4Note that model mismatches are not considered in the simulation of the m-econ MPC design, otherwise, a static error would

persist in presence of non-zero mean disturbances.

12
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Table 3: Variations of d. and s. from their nominal values

Time (s) 0-50s  50-110s  110-160s
Chip bulk density (d.) 80%  115% 90%
Chip solid content (s.) 90%  100% 110%
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Figure 4: Pulp qualities after secondary HC refining for Ex-

ample I Figure 5: Comparison of the energy reduction for Example I

Programming Language), and the nonlinear optimization problem is solved using IPOPT (Interior Point
Optimizer) [34].

The simulation results are shown in Figure[d] - [7] From Figure [d] we can see that for these four situations
all pulp qualities after the secondary refining remain within their respective acceptable ranges: 50 — 400 ml,
50 — 80%, and 0 — 2% El However, by using the econ MPC (o = 1), these pulp qualities are more likely to
hit the operating limits compared with the other three MPC schemes. This is obviously not desirable from
the perspective of practical operations for mechanical pulping mills. For the case of tracking MPC (¢ = 0),
these outputs can rapidly converge to steady-state setpoints. The other two cases can gradually settle down
the outputs to steady state with a slower rate compared with tracking MPC. The comparison between the
specific energy consumptions of these four situations is illustrated in Figure[5} From Figure[5] one can readily
find that the fast convergence speed achieved by tracking MPC is at the price of large energy consumption
during the transient stage. Also, the pure econ MPC yields the best performance on energy reduction (saves
about 73.12% relative to the tracking MPC) possibly because the manipulated variables exert almost all
actuations to save energy and thus the resultant tracking performance is the worst according to Figure [
However, for m-econ MPC, it takes account of both the tracking performance and energy reduction. From

Figure [5] the m-econ MPC with ¢ = 0.5 and o = 0.75 can save about 10% and 27% of the specific energy,

5Detailed nonlinear relationships between state variables and pulp properties can be found in [Appendix B
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Figure 6: The state variables of the MP process for Example I

Table 4: Energy reduction rate for different o values of the m-econ MPC compared with tracking MPC (o = 0)
o c0=0 0=05 0=07 o=1

Energy reduction rate N/A  10% 27% 73%

respectively, compared with the tracking MPC when o = 0. Please see Table [ for detailed energy reduction
rate for different o values of of m-econ MPC compared with tracking MPC (o = 0).

These conjectures and observations can be more clearly verified by Figure [f] and Figure[7] which illustrate
the tracking performance of the state variables and manipulated variables, respectively. It can be seen that for
0 =0,0=0.5, and 0 = 0.75, the state variables and the manipulated variables converge to the steady-state
values but with different convergence speeds. Specifically, as o decreases, the tracking speed of m-econ MPC
improves, which is consistent with our analysis since smaller o values imply more emphasis on the tracking
performance. For the extreme case where o = 1, the convergence and stability cannot be guaranteed since
the target in this case will be merely achieving the optimal economic performance regardless of the tracking

performance or even the stability.
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Figure 7: The manipulated variables of the MP process for Example I

4.2.2. Example 1T

In this example, the MHE is incorporated in the two-stage refining system as part of the feedback control of
the m-econ MPC. The model uncertainty and measurement noise are considered in the closed-loop simulation.
The measured (but noisy) state variables in the HC MP process are production rate, primary motor load
and secondary motor load. The unmeasured state variables, which are the consistencies for the primary
and secondary refiners, are estimated by MHE from the noisy measurements and past input data. In this
example, the simulation duration is T' = 450 samples. The estimation horizon N,,;. = 15 with arrival cost
weighting vector selected to be p = [0.5,1,0.1]. It is assumed that the simulation and real MP process share
the same disturbance and measurement noise covariance P = [1,0.1,1,0.1,0.5], P, = [0.1,0.1,0.1,0.1,0.1],
respectively. The tuning parameter o is fixed and chosen to be 0.8. The other parameters are set the same

as those in the previous simulation. Note that in this example the computational time by using IPOPT is

fast enough to ensure that both MHE and m-econ MPC can be solved within each sampling interval.
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Figure 8: The manipulated variables of the MP process for Example 11

The simulation results are shown in Figure |8| - The manipulated variables for the closed-loop two-
stage HC refining process are given in Figure [§] From Figure [§] we can find that all manipulated variables
in the two-stage HC process are able to track the setpoints within 50 samples. Besides, the output variables,
which are actually states 1, z2 and x3 (plus noise), can approach the respective setpoints quickly under
the proposed integrated MHE and m-econ MPC framework. The tracking performance of all five states are
illustrated in Figure[9] It is apparent from Figure [J] that MHE can yield precise estimates for both measured
and unmeasured states, which is evidenced by the large overlapping between the actual and estimates states.
The specific energy consumption in this example is shown in Figure and the energy saving rate with

o = 0.8 is about 30% compared with the tracking MPC from the previous example.

5. Conclusion

This paper presents an integrated framework consisting of m-econ MPC and MHE for a nonlinear two-
stage HC MP process. The m-econ MPC inherits the merits of economic MPC in reducing energy consumption

and that of ¢r MPC in ensuring the closed-loop stability. It is shown that the m-econ MPC enables the user
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Figure 9: The state variables of the MP process for Example II

to make an informed trade-off between production economics and the convergence speed of process variables
to the setpoints. For industrial processes with unmeasured states, including the MP processes, we propose to
combine online MHE together with the m-econ MPC into an integrated framework that can be implemented
in practice. Two simulation examples from MP processes are provided to demonstrate the advantages of

using m-econ MPC and the effectiveness of the entire m-econ MPC and MHE scheme.
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Appendix A. Two-stage HC MP Process Model

MP processes are inherently MIMO processes with complex dynamics and interactions among process
variables. Modeling of MP process is challenging due to the complex mechanism inside of the pulp refiners.
In this section, the two-stage HC MP process model is presented. The mathematical model is developed
by using a combination of mechanistic and empirical methods, which will not only give some insights into
mechanism, interactions, and nonlinearity of the MP refining process, but also characterize the feature of MP
process dynamics. In this paper, the following process variables are used to develop a discrete-time nonlinear

model for the MP process [20, 27].

Production rate

P=k, ky s.-d.- R, (A1)

where P (tonnes/day) is the production rate. k, and k, (m3/rev) are constant parameters which can be
obtained from the industrial data and their values depend on the particular production lines. s.(%) is the

chip solid content. d. (kg/m?) is the chip bulk density. R (rpm) is the chip-transfer screw speed.
Motor load

P
M,; = kmb' (1 —e0G) (¢ —e; - Gi), i=p,s, (A.2)
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where M; (MW) is the motor load for the é-th refiner, i = p,s. D; (I/min) is the dilution water flow rate.

G; (mm) is the gap distance. ¢;, e;, and k,,,, are the parameters of each refiner.

Consistency

100P
" Ptky-Dy—ke, - M,

B 100P

~ P/(0.01C,) + ko - Dy — ke, - M’

Cp

(A.3)

Cs (A.4)

where C, and C; are the consistency for the primary and secondary refiner, respectively. kg, ke, and k., are
the refiner parameters.

By introducing linear dynamics for the discretized differential state variables and superimposing it on
the steady-state relationships 7, a Wiener type discrete-time nonlinear model for the MP process
can be formulated at sample time t as in 7 with the state variables and manipulated input variables
defined in Table[I] One can use the time constant and time delay information of each subprocesses to form

the dynamic matrix A as follows [35],

91(2) 0

92(2)
0
0
0

9a(2)

( 0 0
0 0 0
Az) = 0 g3(z) 0
0 0 (
0 0 0 2)
where A(z) is the dynamic transfer function matrix of the MP process. g1(2) is the transfer function between
the production rate and the chip-transfer screw speed. ga(z) is the transfer function between the primary
motor load and the primary refiner gap. gs(z) is the transfer function between the primary consistency and

the primary dilution flow rate. g4(z) is the transfer function between the secondary refiner motor load and

the secondary refiner plate gap. g¢s(z) is the transfer function between the secondary consistency and the

secondary dilution flow rate. The transfer functions g;(z),7i = 1,--- ,5 have the following forms,
bizidi
i(z) = , ,t=1,--- b, A6
5i(2) = 2 (A.6)
where a; and d;, ¢ = 1,--- 5, are the poles and time delays of the subprocess, respectively. b; = 1 — a;,
1 =1,---,5, are parameters for unity dynamic gains of each subprocess. Note that the parameters a;, d;,

and b; will vary with the different refiners in each pulp mill. Then the dynamic matrix can be expressed as,
A = diag{ai,az,a3,a4, a5} (A.7)

The nonlinear state function A(:) : R" x R™ +— R™= in (3)) is then defined as h = (I — A)H, where H maps

steady-state control input variables to steady-state differential state variables of the MP process model.

19



330

335

By superimposing the nonlinear steady-state functions (A.1))—(A.4) to the linear dynamics of the two-stage
HC MP process (A.5)—(A.7), the nonlinear two-stage HC MP process can be described as follows,

Tl = a1xy + bikg Ky se - de -y, (A.8)
Ep, - x}
xfﬂ = agx? + b217393t(1 — e(_w“?))(cl —ey-ud), (A.9)
Ut
100z}
3 _ 3 t
Ty, = azry + b3 P SRR S 4 (A.10)
4 _ 4 kms - @ _(—10uY) _ t
Ty = 4Ty + by " (1—e )(eo — ea - uy), (A.11)
t
100z}
5 5 t
= b . A.12
Tiv1 = 05T + Sx}/(O.lei’) + ko u} — ke, - a} ( )
where the notation z%, ul, i = 1,---,5, are the i-th state or manipulated variables (defined in Table [1)) at

sampling time ¢, respectively.

Appendix B. Pulp quality modeling

In this work, we use the nonlinear model developed in [B, [I1] to predict the pulp properties of CSF, LFC,

and SC. The following declinations are introduced before we establish the nonlinear pulp property models.

Refining intensity
The refining intensity (RI) has been suggested as an important variable in all types of refining [I5]. For
a given SFE, different RI will produce the pulp with quite different quality.

_ SE
- T

RI; i=p,8, (B.1)
where SFE; is the specific energy as defined in . N; is the total number of impacts and is given by,

N; = nihiwi[(rli + 7“22‘)/2}7'1‘7 1=0p,Ss, (B2)

where n; is the number of bars per unit length of arc of a refiner disc. h; = 1 for a single disc refiner, and
h; = 2 for a double disc refiner. w;(radians/s) is the refiner rotational speed. r1;, 79;(m) are the inlet and

outlet radius of plates’ refining zone. 7;(s) is the residence time of the wood chips in the i-th refiner.

Specific refining power
The specific refining power (SRP) describes the energy-transfer rate. For the i-th refiner, it is defined as,

E; .
SRP; = 5 , 1=p,s (B.3)

%
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The empirical relationships between pulp properties of CSF, LFC, and SC and the intermediate variables
SE;, RI;, and SRP; can be expressed as [11],

CSF; = [OSFy — kT (SE; — SEy)] - 107K * (RI=Rlio), (B.4)

LFC; = LFCy — k' (SRP, — SRPy) — ki (SE; — SEy), (B.5)

SC; = SCy - 10~k (SE=SEw)+ K2 (SRP =SR] — ) (B-6)

where C'SF;g, LFC;y, and SC;q are the initial values of pulp properties. SE;q, RIl;o, and SRP;y are the
initial values of the SE;, RI;, and SRP;, respectively. kfsfl, kfsh, kﬁfcl, kéf”, k;*, and k] are parameters

of the primary and secondary refiners and may vary with the different refiners in each pulp mills .
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