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Advanced Internet of Things (IoT) technologies enable the integration of the physical 
and cyber worlds into a cyber-physical system, in which data and information from the 
physical world are analyzed and learned in the cyber world, and in which a model that 
describes behaviors in the physical world is created. The cyber-physical system is expected 
to add new value to the physical world. In particular, control and operation for achieving 
plant automation are attracting attention. This paper introduces Economic Model Predictive 
Control (EMPC), which uses nonlinear plant models created in the cyber world and delivers 
optimal control, and explains its application to a chemical batch process.

INTRODUCTION

The rapid development of comput ing and network 
technologies is driving the transformation to smart 

plants that use the Internet of Things (IoT). With the arrival 
of explosionproof wireless sensors, an increasing number of 
plants store their operation data and use them to predictively 
diagnose equipment failures, and today, the focus of using IoT 
is shifting to the prediction of product quality. There are many 
terms such as IoT, big data utilization, cyber physical system 
(CPS), and AI. Although these terms are used synonymously, 
their relationships can be organized as shown in Figure 1. IoT 
is a gateway into and out of the real world and the cyber world, 
and data from the real world is analyzed and learned in the 
cyber world and the results are fed back to the real world in the 
form of operation amounts and new values.

We have developed and released MIRROR PLANT, 
which in the cyber world behaves in the same manner as a 
real plant (1)(2). MIRROR PLANT is a dynamic simulator, 
which uses a physical model based on principles and rules and 

performs auto-tuning using the operation data supplied from 
the physical plant online. Plant operation is not determined 
by statistics and probability but determined by principles and 
rules. MIRROR PLANT uses a physical model, since a model 
created by data provides good approximate accuracy only in 
the peripheral region where data exists.

Figure 1 Relationship of IoT, big data, CPS, and AI

MIRROR PLANT, by perfectly simulating real plant 
behavior, makes it possible to predict plant operation in 
the near future by running the simulator in the cyber world 
faster than in real time. It can also provide a safe and secure 
operation environment that allows operators to deal with 
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alarms in advance that may occur in the future. It also allows 
operators to search for the optimum operation conditions even 
during plant operation. MIRROR PLANT, which faithfully 
models a plant, is widely used by operators who are directly 
involved in production and engineers who support production 
operations (3)(4).

With the development of IoT, it is expected that a 
sophisticated plant model will be created in CPS as shown in 
Figure 1 using AI, MIRROR PLANT, and other technologies. 
IoT is required to turn the results obtained in the cyber 
world into new values and deliver them to the real world 
through the Internet. Automated plant operation is one such 
value. Although there is still a long way to go before fully 
autonomous self-driving cars can be used, related technologies 
are being developed steadily. Meanwhile, automated plant 
operation requires various technical developments, such 
as creating a safe plant shutdown process without human 
intervention or measures to be taken by the operator for DCS 
in emergencies, as well as AI-based synthetic decision-making 
on operations. We are developing model-based predictive 
control using a sophisticated plant model generated by 
MIRROR PLANT or other means in the plant control field. 
This paper introduces economic model predictive control 
(EMPC), which performs predictive control while performing 
an optimal computation without linearly approximating a non-
linear plant model.

WHAT IS EMPC?

Most of the control used in plants is based on feedback 
theory, represented by PID control. Model predictive control 
(MPC) appeared in the 1980s. MPC predicts future behaviors 
using a mathematical plant model and calculates the variables 
to be manipulated while solving the optimum problem each 
time. Since MPC can perform advanced control for complex 
systems, it is used for a wide range of applications. MPC is 
also used in plants to increase stability against disturbances or 
reduce the operation cost. EMPC described in this paper is a 
type of MPC that belongs to the category of non-linear model 
predictive control.

Differences from Conventional Model Predictive Control
Table 1 compares the conventional MPC used in 

continuous plants and EMPC described herein.
In model predict ive cont rol ,  the var iables to be 

manipulated are obtained using a dynamic model of a plant to 
be controlled, so the quality of the model directly influences 
the control performance. In conventional MPC, the plant 
model is obtained by the open loop at an operation point and 
conducting a step response test. Commercial MPC creates a 
linear model such as a first-order system with a dead time. 
In MPC using conventional linear models, high control 
performance cannot be expected in some applications such as 
adjusting production load, in which the plant is operated at an 
operation point quite different from that at which the model 
was created. Meanwhile, EMPC uses non-linear physical 
models based on physical and chemical laws directly for 

control calculations. The operating range of the model is wide 
and there is the advantage that significant changes in the state 
can also be controlled. However, the calculations are very 
complex since a non-linear model is run, so the calculation 
time is significantly longer than that in conventional MPC.

In an optimization calculation, conventional MPC 
describes the following parameters in its objective functions: 
difference between the trajectory predicted from the model 
(or reference frame) and the target value, difference in the 
operation amount from the previous operation, and difference 
between the steady-state values for the optimization target 
amounts and the predicted values. The steady-state values 
for the optimization target amounts are generally given from 
the outside; for example, from a real-time optimizer (RTO). 
Therefore, conventional MPC performs the optimization 
control calculation in two layers (MPC + RTO). In EMPC, 
economic functions (EF) such as maximum product yield or 
minimum energy consumption are described in the objective 
function. Different from MPC, EMPC is a single-layer type, 
which obtains the operation amount while performing the 
optimization calculation.

EMPC Algorithm
EMPC is represented by formulas (1) to (8) below (5).

Subject to:

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

Table 1 Comparison between conventional MPC and EMPC
Item Conventional MPC EMPC

Prediction 
model

Type Linear Non-linear

Creation Created from data at an 
operation point

Created theoretically 
based on physical laws

Application
Near the operation point 
where the model was 
created

Applicable to a wide 
range

Optimization

Optimal 
targets 
described 
by objective 
functions

Minimizing the 
difference from the 
target value of the 
predicted trajectory, 
changes in the operation 
amount, and deviation 
from the desired steady-
state value

Economic indicators 
such as maximum yield 
and minimum energy 
consumption 

Structure Two-layer type  
(MPC + RTO) Single-layer type
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Formula (1) is the objective function of EMPC as 
described above. EF stands for Economic Function. Formulas 
(2) and (3) are plant model formulas. When the model formula 
of MIRROR PLANT, where the model is updated online, is 
used, control can be maintained even if the process changes 
over time. Formulas (4) to (8) are constraint conditional 
formulas. x represents the state amount, y the plant output, and 
u the operation amount.

Since EMPC calculation uses nonlinear programming 
(NLP), there are problems regarding the convergence of 
a solution, stability, and real-time property. Accordingly, 
attention must be paid to the influence of the scale and the 
number of parameters of the target plant model.

APPLICATION OF EMPC

The results of applying EMPC to a continuous process 
and a batch process are described below. The following shows 
how the production is changed by the setting of EF, which is a 
feature of EMPC.

Application to CSTR
We applied EMPC to a continuously stirred tank reactor 

(CSTR) (6) process. Figure 2 shows the model formula of 
CSTR and the parameters.

Figure 2 CSTR model

In this process, the density of the product generated in the 
reactor (CA0 - CA) should be as high as possible, and heating 
amount Q to be input should be as small as possible in order 
to increase product yield. Accordingly, we set EF as shown in 
formula (9).

“α” and “β” are factors used to adjust the priority between 
productivity and energy saving. Figure 3 shows the results. 
The blue line indicates the case where priority is placed on 
productivity, and the red line indicates that where priority 
is placed on energy saving. These show that the effect on 
production strongly depends on the EF configuration.

Figure 3 EMPC calculation results in CSTR

Application to a Batch Reaction Process
A batch process is used in many industries such as the fine 

chemical, pharmaceutical, and food industries that produce 
a variety of products in small quantities using the same 
equipment. The following describes an example of applying 
EMPC to a batch plant where the state keeps changing, in 
contrast to a continuous process (7).

Figure 4 shows the batch reaction process considered in 
this paper.

Figure 4 Batch reaction process

Raw materials A and B are input into the batch reactor, 
and later the reaction product C is output. A jacket is installed 
around the reactor to f low hot or cold water in order to 
regulate the temperature of the reactor. The concentration 
of components in the reactor is kept uniform by the agitator. 
Formula (10) represents a reversible reaction, and heat is 
generated by the forward reaction.

The reverse react ion in formula (10) reduces the 
production output of product C. There is another reaction that 
reduces the output of C, which is represented by formula (11). 

The following shows model formulas that represent the 
balance between the materials and heat of this reaction process.

Raw material supply flow rate [m3/h]

Supplied raw material concentration [kmol/m3]

Supplied raw material temperature [K]

Reactor liquid phase volume [m3]

Reactor raw material concentration [kmol/m3]

Reactor temperature [K]

Heating amount [MJ/h]

Reactor liquid phase density [kg/m3]

Plant model formula
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where, CA, CB, CC, and CD represent the concentration 
of materials, Qr the reaction heating amount, Q j the heat 
exchange amount of the jacket, and Cpr and Cr are defined 
by formulas (20) and (21), respectively. Tj

SP represents the 
jacket entrance temperature and Tj the jacket temperature. 
The following shows model formulas that represent the heat 
quantity of the reactor and jacket.

EF in the batch reaction process was set as shown in 
formula (22) to maximize the yield.

Figure 5 shows the results. PID control calculation results 
are also shown for comparison with EMPC.

Figure 5 EMPC calculation results in  
a batch reactor process

In PID control, the reactor temperature is kept at 50°C 
to prevent the inf luence of the reaction in formula (11). 
Meanwhile, EMPC sharply increases the temperature in the 
reactor at the start of reaction in order to give priority to the 
reaction speed. The temperature of the reactor is then reduced 
at the point when product C achieves the maximum production 
output in order to suppress the reverse reaction in formula (10) 
and the forward reaction in formula (11). As a result, product 
C can be produced in a shorter time compared to PID control. 

The temperature of the fluid flowing in the jacket is also shown 
in Figure 5. Obviously, it is necessary to provide heating 
and cooling capabilities that quickly raise and reduce the 
temperature of the reactor in order to maximize the yield in 
the operation. EMPC uses the plant model at the plant design 
phase to estimate the equipment capabilities that are required 
to achieve the target operation.

CONCLUSION

The development of IoT technology is accelerating the 
transformation to smart plants, where the physical world 
and the cyber world will interact closely with each other and 
efficient production and automation will be achieved. It is 
expected that big data utilization and AI technology evolution 
will lead to more sophisticated plant models in the cyber 
world, which will then be diffused to the real world. Such 
models pave the way for unmanned night operation and fully 
automated operation of plants.

In production at conventional plants, products are 
produced by controlling environmental variables in plants 
such as the temperature, pressure, and f low rate. In EMPC 
described herein, if a plant model is available, anyone can 
use it and specify any production requirements, such as 
maximizing productivity and ensuring environmentally 
friendly operation.

With currently available computing power, it is not 
possible to apply EMPC to the model of the whole plant and 
solve the overall maximization problem; it can be applied only 
to partial processes and devices. However, EMPC can also be 
used for designing and selecting plant equipment and devices 
for optimal operation.

By leveraging the evolution of IoT which tightly integrates 
the cyber world and the physical world, Yokogawa will develop 
and improve plant modeling and computing technologies.
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