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Yokogawa has developed a modeling technology that can extensively extract all 
characteristics of process variables from historical operation data of actual plants. Yokogawa 
aims to improve the operation of customers’ plants with this technology that can create 
models elucidating relationships among energy consumption, operation cost, and product 
quality, and derive optimum operating conditions of plants through Yokogawa’s unique 
optimization algorithms. Whereas conventional plant modeling requires advanced technical 
knowledge and considerable man-hours for engineering, the new modeling technology 
greatly mitigates such issues. This paper describes the modeling technology and examples of 
its application to diagnosis using actual plant operation data.

INTRODUCTION

The Internet of Things (IoT) enables society-wide feedback 
of the results of collection, accumulation, and analysis of 

digital data to the real world, which has not been possible in 
the past. Thus, the IoT suggests a coming social change, which 
can be called a new information revolution(1). Accordingly, 
factory operations are expected to become smarter and more 
sustainable by analyzing larger amounts of data from various 
aspects, transforming them into valuable knowledge, and 
making decisions and taking actions. In the future, value 
creation and completely autonomous, automatic operations 
based on artificial intelligence (AI) technologies are expected.

The Industrial IoT (IIoT) will promote the effective use 
of massive amounts of operation data that have been dispersed 
and will enable the total optimization of plants, for example, 
effective use of plant energies. RENKEI (cooperative) 
control, an approach to the effective use of plant energies, 
is being promoted by the Japan Electronics and Information 
Technology Industries Association (JEITA) for optimizing 
the energy consumption of entire systems by coordinating 
the devices and systems involved in the supply and demand 
chain(2). In addition to RENKEI control in the field of energy, 
examples of which are reported by JEITA(3), Yokogawa aims to 
achieve RENKEI control to explore the best balance between 
operation cost and product quality(4)(5).

An effective way to achieve the best-balanced operation 
between energy and quality by RENKEI control is to model 
the target equipment, devices, and processes, execute the 
optimization calculation, draw up operation plans, and 

determine various setting values. However, professional 
knowledge in broad-ranging areas is required for modeling a 
plant where various instruments and processes are complexly 
inter-related. The required knowledge areas include physics, 
thermodynamics, chemical engineering, data analysis, statistics, 
optimization methods such as mathematical programming, 
and software programming. Therefore, the quality of a model 
depends largely on the knowledge and skills of engineers. 
Another problem is that a plant model becomes large-scale and 
complex to achieve cooperative control, requiring a significant 
amount of man-hours for constructing the model.

To solve these problems, Yokogawa has developed a data-
driven modeling for optimization (DDMO) technology that 
can automatically create equipment models from actual plant 
operation data.

This paper describes an outline of DDMO and its 
algorithm, and introduces two examples of diagnosing the 
operational improvement potential (estimating the operation 
improvement rate) using actual plant data.

DDMO: MODELING TECHNOLOGY

To optimize plant operation, plant behavior is described 
mathematically and a mathematical optimization algorithm is 
used to obtain the optimum solution.

In modeling an entire plant, the characteristics of each 
instrument are represented in a corresponding mathematical 
model, and then the multiple models are interconnected to 
construct a network model representing the target plant. Figure 1 
shows an example of a model. The upper side of Figure 1 defines 
the model of an entire plant. Rectangles, hexagons, and tank-
shaped figures represent components of a plant and the input/
output relations among components are defined in the figure. 
The lower side of Figure 1 shows an equipment model defining 
relations among variables within the equipment.
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Figure 1 Outline of modeling for optimization  

To model plants efficiently, Yokogawa has developed 
the DDMO technology that automatically creates equipment 
models (components of a plant model), as shown in the lower 
side of Figure 1.

DDMO
The DDMO technology automatically creates equipment 

models of a plant from actual operation data by using multiple 
statist ical analysis methods. The DDMO exhaustively 
extracts not only output characteristics but also relations 
among all variables related to equipment as characteristic 
equations. Since characteristics of general equipment cannot 
be represented by a single equation, the equipment should be 
represented with multiple balance equations such as material 
balance and energy balance simultaneously. The DDMO can 
automatically identify the required number of characteristic 
equations and determine all equations.

DDMO uncovers underlying relations from actual 
operation data and constructs equipment models. Therefore, 
even if physical characteristics are not clear, it can extract 
relations as long as they are apparent in the data.

Since DDMO automatically estimates the number and 
coefficients of characteristic equations, users are not required 
to have knowledge in statistical analysis or mathematical 
programming. The extracted characteristic equations are 
automatically transformed into a model that is described 
for optimization software. Therefore, users are not required 
to have knowledge in programming, either. Previously, 
programming was required, for example, to call the application 
programming interfaces (API) of optimization software from 
a general-purpose programming language or to write a model 
in an optimization modeling language.

When using DDMO, engineers must have knowledge 
about the target processes, but do not have to write equations 
by themselves.

Thanks to these features, DDMO can drastically reduce 
the man-hour required for optimization modeling, and enables 
quick introduction of energy management systems and swift 
retuning when the model deviates from actual conditions.

DDMO Algorithm
This section outlines the DDMO processing. Figure 2 

shows the steps for processing.

Figure 2 Processing steps of DDMO  

Filtering
Actual operation data contain abnormal values (outliers) 

caused by various factors such as sensor malfunctions, noise, 
and plant shutdowns. Before creating equipment models based 
on actual data, these outliers are eliminated through a filtering 
process.

A DDMO model represents relations among variables. To 
make this model more accurate, it is also necessary to detect 
and delete points at which the relation does not hold as a part 
of outliners. These are detected not only by processing each 
variable separately but also by considering correlations among 
variables.
Partitioning

The characteristics of plant equipment are not always 
linear, and thus non-linear representations are required. 
However, current mathematical optimization methods can 
handle only a limited number of nonlinearity types, and 
characteristic equations must be determined within this 
limitation.

For this reason, DDMO employs a piecewise linear 
model in which actual data is split into multiple regions and 
the characteristics in each region are assumed to be linear. 
This piecewise linear model can even create a model in which 
characteristic equations switch depending on the production 
volume.

DDMO splits given data automatically by clustering them 
and searching for boundaries that minimize modeling errors.
Characteristics analysis

In this step, the actual data of variables associated with 
the equipment are analyzed and all characteristic equations 
representing relations among the variables are extracted. 
There are several relations that multiple variables must 
satisfy such as material balance, and they must be described 
as constraint equations in optimization problems. Such 
relations are obtained automatically in this step. When 
multiple characteristic equations are required to represent the 
given data, the number of required formulas is determined 
automatically and the characteristic equations are extracted 
accordingly.
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Parameter adjustment
The bias (constant term) of characteristic equations can 

be adjusted to improve the accuracy of calculating operational 
improvement potential by optimization. Based on actual 
operation data during the operation optimization simulation 
period, the bias can be adjusted automatically, or the upper and 
lower limits for variables can be adjusted. When simulating 
the past operation, actual operation data in that period are 
used for adjustment. When simulating the future operation, 
the latest data up to the present time are used for adjustment.
Format conversion into optimization problem

A characteristic equation handled by DDMO consists 
of multiple straight lines due to the partitioning. To solve 
this as a single optimization problem over the entire region, 
the formulas from each region are unified, and constraints 
to ensure a single solution in any regions are added. This 
conversion enables cross-regional optimization calculation. 
Then, the result is output as a program writ ten in the 
optimization modeling language.

DDMO TOOL

Yokogawa has developed a tool to perform the DDMO 
sequential processes and subsequent evaluation of operational 
improvement potential in a unified environment.

Conventionally, engineers manually created equipment 
models of a plant and combined all equipment models to 
construct a network model for the entire plant. This procedure 
required a huge amount of man-hours.

The newly developed tool (Figure 3) eliminates the need 
to create equipment models in advance. Equipment models 
are automatically created by simply writing a flow diagram 
of a plant (a chart representing flows of energy and products 
through equipment units) and defining relations between 
connectors in the flow diagram and actual data using a graphic 
user interface (GUI). Then, this tool can be used to calculate 
optimization and evaluate results.

Figure 3  Tool windows  

As the front-end software to create f low diagrams and 
process actual data, this tool employs Microsoft Visio and 
Excel, both of which are familiar to users.

The upper side of Figure 3 shows that a flow diagram is 
created by arranging and connecting already prepared stencils, 
such as equipment, demand/balance, and source/storage, in 
Visio.

The lower side of Figure 3 shows that actual operation 
data are prepared in Excel. These are assigned to connectors 
in Visio by drag & drop.

Once the f low diagrams and actual operation data 
are prepared, the equipment models can be created and 
optimization effects can be estimated by this tool.

APPLICATION EXAMPLES

Man-hour Reduction
First, we examined how many man-hours can be reduced 

in modeling with this tool.
We picked a project in the past in which a plant was 

manually modeled by engineers, and calculated how many 
man-hours would be needed to create a similar model with 
this tool. The plant was a large-scale utility plant with 77 units 
of equipment, and 20,000 optimization variables were 
required for formulating the plant as an optimization problem. 
The results showed that this tool can create a model with a 
comparable accuracy while reducing the man-hours by more 
than 80%.

Cost Optimization (Energy Saving)
Next, opt imizing a hydrogen product ion process 

is introduced as an example of optimizing costs while 
maintaining quality.

As shown in Figure 4, methane and other raw materials 
react in a reactor and produce a gas mixture consisting of 
intermediate products (A and B). Purchased fuels and by-
product gases recovered and recycled from later stages are 
used to heat the reactor. In addition to these input/output 
variables, f ive operation condition variables including 
temperature, pressure, and concentration were employed to 
model the process.

Figure 4 Hydrogen generation process  

To evaluate the accuracy of the created model, actual 
operation data were substituted into characteristic equations 
and the f low rates of intermediate products A and B were 
calculated. Figure 5 shows the actual data and the model 
output of intermediate product A. The model accuracy was 
evaluated in terms of mean average percentage error (MAPE). 

Tag ID Outlier ID0001 ID0002 ID0003 ID0004 ID0005

Dead Time
Relationship
Tag Name F100.PV F200.PV F300.PV F400.PV F500.PV

Equipment
Name

Comment 1 Flow rate of 
raw material A

Flow rate of 
raw material B

Flow rate of 
raw material C

Flow rate of 
product A

Flow rate of 
product B

Comment 2
Unit

upper bound
lower bound

2013/11/1 0:00 0.6206944 0.3495058 0.2189411 0.6549337 0.2466598
2013/11/1 1:00 0.5606835 0.8795061 0.953943 0.8392889 0.4306835
2013/11/1 2:00 0.7536723 0.11167 0.0925454 0.2121801 0.4379889
2013/11/1 3:00 0.4508317 0.9752817 0.4767521 0.5677286 0.2218724
2013/11/1 4:00 0.5209528 0.622338 0.7143913 0.5779883 0.5691295
2013/11/1 5:00 0.9804718 0.1378236 0.3432081 0.63396 0.0628063

Creating a flow diagram by arranging and connecting parts

Assigning data to connectors by drag & drop

Excel

Visio

Hydrogen production process

Reactor

Decarbonizing equipment 1

Decarbonizing equipment 2

Raw materials 
(methane and two other materials)

Fuels 
(5 fuels including by-product gases)

Intermediate products: A, B 

Operation conditions (5 conditions including temperature, pressure, and concentration)
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The MAPEs for products A and B were 0.36% and 0.24%, 
respectively.

Figure 5 Actual data and model output of hydrogen 
generation process  

Figure 6 shows the improvement effects estimated by 
using this model. The total cost of raw materials and fuels was 
minimized under the condition that the production amounts of 
intermediate products A and B are the same as those in actual 
data. This condition was imposed to maintain the production 
amount and quality (composition ratio) of the intermediate 
products. The right column in Figure 6 shows the changes 
yielded by the optimization. The detailed numbers before 
and after the optimization are not shown here because they 
include specific customer information. The estimation shows 
that higher reactor temperature increases fuel cost whereas it 
increases yield and hence decreases raw material cost. As a 
result, the total cost can be reduced by more than 30 million 
yen annually.

Figure 6  Results of optimization  

In the above simulation, the upper and lower limits of 
temperature and pressure are determined based on actual 
operation data. It is possible to estimate the effect when 

temperature is raised beyond the upper limit. This means 
extrapolating the model into the temperature range with no 
actual operation data, and thus many associated problems 
may occur, including a statistical problem that it is difficult 
to evaluate the validity of the results and a physical problem 
that the reactor may degrade due to the rise in temperature. 
Never theless, this technique can be used as a tool to 
investigate the possibility of energy saving outside the current 
operation range.

CONCLUSION

This paper int roduced the DDMO technology and 
reported its applications in which modeling and optimization 
were performed with actual plant data and the effects of 
reducing man-hours and improving operation were calculated. 
DDMO enables plant modeling with minimal man-hours based 
on actual operation data even if physical characteristics are 
not clearly identified. With this feature, DDMO is a promising 
tool for the total optimization (RENKEI control) of processes 
comprised of various unit processes. The DDMO technology 
is applicable to processes for manufacturing chemicals and 
pulp and paper because they are comprised of various unit 
processes. Yokogawa plans to verify the effectiveness of the 
DDMO technology through field tests in these processes.
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Variables Cost factor    Changes by optimization
Intermediate product A
Intermediate product B
Raw material A
Raw material B
Raw material C
Reactor temperature
Reactor pressure A 
Reactor pressure B 
Air temperature
Oxygen concentration
Fuel A
Fuel B
Fuel C
Fuel D
Fuel E
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