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When applying AI to difficult problems in plants, approaches differ depending on 
whether AI researchers can access useful information derived from similar problems. This 
article first discusses how to search and identify useful research and literature. If well-
established AI research is available, the next step is simply to choose an appropriate AI 
platform. If not, the most serious bottleneck for the problem-solving task arises: how to 
integrate plant domain knowledge and AI technology. This article presents a solution to 
the latter case. This solution enables plant engineers to make full use of AI geared for 
themselves, not for data scientists. AI-based control, which is one of the promising AI 
applications for plants and is expected to solve difficult problems in plants, is also discussed. 

INTRODUCTION

As an example of digital transformation (DX) in the 
process industry, this paper presents practical ideas and 

methods to solve plant problems with artificial intelligence 
(AI). Readers are encouraged to consider the difficulties and 
problems in their own plants while reading this paper.

When using AI to solve plant problems, approaches differ 
depending on whether there is existing AI research that can be 
referred to. In the second section, we discuss how to determine 
whether existing AI research can be used as a reference, and 

then how to find and select appropriate AI algorithms when 
advanced AI research exists. The section also discusses the 
need to choose an AI platform (hardware, cloud, and so on) 
that fits the application. In the third section, we discuss the 
case where there is no AI research that can be referred to; the 
biggest challenge is how to integrate domain knowledge and 
AI technology. We point out problems in developing original 
AI using a general-purpose AI platform, and discuss how 
these problems are solved by plant engineers by making full 
use of AI. The fourth section discusses the future prospects of 
AI-based autonomous plant control, which, although still in 
the experimental stage, will enable unsolved plant problems to 
be solved.
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DETERMINING WHETHER OR NOT A 
PROBLEM CAN BE SOLVED BY COMMODITY 
AI

When there is a problem to be solved in a plant, first it is 
necessary to examine whether it can be solved by commodity 
AI or whether it requires non-commodity AI.

“Commodity AI” is a term coined by the author to refer 
to AI in fields where AI technology is already mature, such as 
image recognition, speech recognition, and natural language 
processing. “Non-commodity AI” refers to AI technology in 
less-developed fields. It is easy to determine whether or not 
commodity AI exists in a field by checking whether or not the 
data is readily available to universities and other institutes 
involved in AI research.

Although research on AI technology is being actively 
conducted at universities and research institutes all over the 
world, it often focuses on fields where it is easy to obtain 
large amounts of high-quality data. Photos, videos, and text 
data from social networking services are the most common 
examples. AI research institutes tend to concentrate on fields 
where such data are readily available, and much of their know-
how is widely known. This also includes stock data, weather 
data, and other fields where data are already available to the 
public. AI for image recognition, speech recognition, natural 
language processing, and weather and economic indicators are 
categorized as commodity AI.

Commodity AI can exist in other areas where researchers 
can create their own data. This includes AI for computer 
games and simulations, such as AlphaGo(1). Computer game 
researchers can generate a large amount of data by making 
a PC play games against another PC. In these fields, there is 
very little know-how that has not yet been researched.

If there is a commodity AI that seems to fit the problem to 
be solved, the next step is to search for published algorithms. 
The results of AI research carried out at universities and other 
institutions, including the programs for the algorithms, are 
often available for free. This is not true for research in physics 
and biology where the results are not open to the public, except 
for academic papers. There are two reasons for the openness 
of AI: (1) when AI programs are not disclosed, the results 
are often questioned (reproducibility cannot be confirmed or 
compared), and (2) since AI technology is advancing rapidly, 
other researchers may publish similar results earlier. Even 
if the results are scheduled to be published in an academic 
journal, a free version of the paper is often published on 
paper sites such as arXiv(2), and the program is published on 
websites.

This unique academic culture is a boon for those who 
have problems that can be solved by commodity AI, because 
they can easily obtain experimental results and source code 
through web searches and other means. It is also possible to 
improve the AI by using the source code as a reference. This 
means that troubles are unlikely to occur even if programming 
is outsourced to AI development firms.

Here is an actual example in Yokogawa. We decided to 

use AI to automatically classify internal documents related 
to orders. In general, commodity AI regarding document 
classification is easily available because AI researchers can 
access a huge volume of documents and the research is well 
advanced. However, to train young engineers, we decided to 
develop an AI system by ourselves. We searched for research 
on document classif ication on the web. Among several 
research results, we decided to refer to the simplest algorithm, 
a spam email classifier using TensorFlow(3). TensorFlow will 
be described later.

Although the internal documents to be classified are 
completely different from spam emails, the algorithm referred 
to does not contain any spam-specific logic and can be used 
for classifying general documents. When creating a program 
using AI, reference algorithms should be as simple as possible. 
Commodity AI has a simple structure and is ideal as a 
reference. This is because unnecessary processing has been 
eliminated through the efforts of many researchers, resulting 
in a sophisticated form. On the other hand, complex algorithms 
should be avoided because they are still being researched and 
have not yet been refined sufficiently.

Figure 1 shows the pseudo-code of TensorFlow(4) used 
in this project. TensorFlow is a library for AI created by 
Google LLC and provided free of charge. TensorFlow can 
describe AI using the Python language. Since it has all the 
components needed to build an AI, users only need to define 
their combination. The AI we used as a reference is a fairly 
sophisticated commodity AI with about 10 lines.

Figure 1 Pseudo-code AI created by TensorFlow

The accuracy of the classification reached about 80% 
at the end of the study period of about one month, which is 
sufficient for the application (details are beyond the scope 
of this paper) (Figure 2). As this example shows, when 
commodity AI exists, solving a problem is not difficult in 
terms of programming, and can be completed in a few months 
at most. This is an advantage of being able to use the results of 
top-notch AI researchers.

# Read string data from CSV file
dataset = pd.read_csv( ‘data.csv’ )
sentences = dataset[...].tolist()

# Convert word string to ID sequence
tokenizer = Tokenizer( ... )
sequences = tokenizer.texts_to_sequences(sentences)

# Build AI
model = keras.Sequential()
model.add(Dense(...))   # Add the first layer of neural network
model.add(Dense(...))   # Add the second layer of neural network

# Compile AI
model.compile(...)

# Run AI
model.fit(sequences, ...)

TensorFlow has all the components for building AI; the remaining task 
is to determine their combination. For details, see References (3) and (4).



AI in the Process Industry

Yokogawa Technical Report English Edition Vol.64 No.1 (2021)

Figure 2  Results of AI-based classification of  
internal documents

Once an algorithm suitable for the problem is found and a 
program implementing the algorithm is completed, the task of 
data scientists is over. However, the challenge of completing 
the hardware platform required to implement the algorithm in 
plants remains.

The hardware platform on which the program runs must 
meet the requirements of a plant to integrate AI in equipment 
in the plant. For example, it must be fanless (not draw in dust), 
robust against vibration, and have a wide range of operating 
temperatures. Even more important are the external I/Os. In-
plant AI, which diagnoses quality and signs of failure, must 
collect data in real time. Without I/Os of different types and 
ranges, it may be difficult to expand in the future.

Yokogawa offers an industrial computer called e-RT3 
F3RP70 for such AI applications in plants (Figure 3).

Figure 3 e-RT3 Linux (Ubuntu) model

This computer runs on standard Linux (Ubuntu) and 
supports the Python language. It comes with various I/O 
modules proven in programmable logic controllers (PLCs), and 
so is ideal for using commodity AI in plants. Since this model 
has already obtained certification for use with Microsoft 
Azure and Amazon Web Service (AWS), e-RT3 Linux is a 
possible candidate for AI applications in plant equipment 
where non-industrial computers such as Raspberry Pi cannot 
be used. For details, please refer to Reference (5).

HOW TO SOLVE DIFFICULT PROBLEMS 
THAT CANNOT BE HANDLED BY 
COMMODITY AI

This section discusses the case where there is no suitable 
commodity AI for plant problems to be solved by AI. In 
other words, these are unsolved problems in a field where it is 
difficult for AI researchers in universities and other institutes 
to obtain a large amount of data and thus the field has not 
been fully studied yet. What is the best approach if there is 
no suitable commodity AI available? We will discuss two 
very different approaches: one is to use a general-purpose AI 
platform to create non-commodity AI by ourselves, and the 
other is to use AI dedicated for plants.

Approach to Creating Original AI by Using a General-
purpose AI Platform and its Problems

TensorFlow allows users to design various types of AI 
on their own. With this platform, it is possible to create an 
original AI that solves a specific problem in a plant. Its outline 
is as follows.

In the TensorFlow framework, AI can be designed by 
stacking layers(6). For example, AI with a neural network 
structure can be represented by multiple layers as shown in 
Figure 4.

Figure 4  Configuration example of a neural network

The layers include a learning layer such as Dense, a filter 
layer such as Dropout, an arithmetic layer, and a shaping layer. 
TensorFlow can freely combine these layers using the Python 
language. There are several ways to construct a neural network 
with TensorFlow. The Sequential model, for example, allows 
users to add layers and processes one after another. Figure 5 
shows an example.
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The horizontal axis shows the evaluation value of AI, and the vertical 
axis shows the number of documents. According to the judgment by 
human experts, orange was “1” and blue was “0,” and the accuracy 
of the AI reached about 80% of the results of human experts. This 
result, which was obtained by letting the AI judge unprocessed natural 
language documents (text), surprised various persons in the company.
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The input layer is connected to the hidden layer via a neural 
network. After receiving the dropout process, input data enter 
the hidden layer, go through the dropout process again, and flow 
to the output layer. At this time, the optimal weight of the neural 
network is calculated by AI. The dropout process, which randomly 
ignores neurons, is an important technique in deep learning.
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Figure 5 Example of a program to build a neural network 
(multilayer perceptron) 

Parameters can be set for each layer. For example, 
Figure 6 shows the list of parameters for the Dense function 
that is used to build the neural network in Figure 5. This kind 
of AI platform has a very high degree of freedom, making it 
possible to design any kind of AI.

Figure 6 Example of Dense function parameters 
(excerpt from Reference (4)) 

However, designing AI freely is only possible with a deep 
understanding of the parameters shown in Figure 6. When 
applying AI to a plant, this freedom becomes a disadvantage.

Suppose that someone gives you a cardboard box full of 
electronic circuit components such as resistors, transistors, and 
capacitors, and says, “You can build radios, microcomputers, 
and anything else you want.” If you are an expert in electronic 
circuits, or if you have a schematic diagram, the contents of 
the box may be very useful. But if you are not, you will be at a 
loss. Infinite freedom makes it harder to make decisions.

The same thing will happen with AI platforms. A general-
purpose AI platform that can be designed in an infinite 
number of combinations would be very useful for AI experts, 
or if there is a commodity AI to refer to as described in the 
previous section. However, creating original, non-commodity 
AI requires in-depth knowledge and experience. Much trial-
and-error is also needed, so it will take a long time to reach 
the goal.

Why is it more difficult to apply non-commodity AI 
to plants? To answer this question, we must understand 
that deep domain knowledge and deep AI knowledge are 
required to solve unsolved problems in plants. For decades 

before the advent of AI, there were numerous theories and 
innovations for plant control and analysis techniques. This 
means that most of the simple problems that can be solved 
by conventional theories have already been solved, and the 
remaining unsolved problems need advanced and deep domain 
knowledge. Therefore, breakthroughs can only be made by AI 
researchers who can deeply understand AI and make full use 
of its features. As noted above, to solve the unsolved problems 
in plants, it is necessary to organically combine both deep 
domain knowledge of plants and deep knowledge of AI.

When AI experts and plant experts work together, can 
they solve all problems? The reality is not so simple. AI 
experts aim to develop general-purpose, high-performance 
AI, and this field is evolving quickly. On the other hand, 
plant experts want to solve extensive, specific problems that 
have long been unsolved and that are impossible to solve 
without domain knowledge. In addition, plant engineers and 
AI researchers use quite different technical terms, hindering 
communication between them. Plant technology that has 
gradually evolved over many years is completely different 
from rapidly developing AI technology, and it is difficult to 
integrate the two.

In such a situation, Yokogawa is trying to integrate 
domain knowledge and AI technology from a completely 
different approach.

Fusion of Plant Domain Knowledge and AI: Plant 
Engineer-specific AI

Yokogawa’s approach is to provide AI specific to plant 
engineers that they can use without in-depth knowledge of AI. 
This project started eight years ago, and its initial goal was to 
develop an in-house AI tool that could be used by plant engineers 
in Yokogawa. The code name was “SizCa” (Figure 7). For 
convenience, we also use this name in this paper.

Figure 7 Screenshot of the cloud version of SizCa 
(under development) 

Since its initial prototype stage, SizCa was open within 
Yokogawa, and plant engineers in the company were allowed 
to use it freely. We have continuously improved it based on 
their feedback. We assumed that plant engineers will gradually 
assimilate plant domain knowledge and AI technology while 
using AI even if they do not have any knowledge of AI.

# Build neural network
model.add(Dense(...))   # Add first layer of neural network
model.add(Dropout(...))   # Add dropout
model.add(Dense(...))   # Add second layer of neural network
model.add(Dropout(...))   # Add dropout
model.add(Dense(...))   # Add third layer of neural network
...
model.compile(...)   # Compile the model
model.fit(...)   # Run AI
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As mentioned in the previous section, it is difficult 
for plant engineers to select appropriate AI algorithms and 
parameters. Conversely, a prerequisite for plant engineer-
specific AI is that there is no need to select algorithms and set 
parameters.

This type of AI, which hides all the knowledge required 
for AI, is called automatic machine learning (AutoML)(7). 
SizCa is an AutoML specialized for unsolved plant problems.

Eliminating the need to select algorithms
What is the best AI algorithm for solving problems 

in plants? It is impossible to give a logical answer to this 
question. However, eliminating the need to choose an 
algorithm was an absolute requirement for plant engineer-
specific AI.

So, we decided to prepare as many combinations as 
possible of typical algorithms and signal processing filters that 
were available at the time and solve real plant problems with 
them as a proof of concept (PoC). We classified algorithms 
that were able to solve problems as “major league” algorithms 
and those that were not as “backyard” algorithms. While 
continuing to refine them, we made these algorithms solve 
problems. By the time they had solved about 50 problems, the 
members in the major league were almost fixed. We used these 
algorithms for SizCa, that is, they were chosen not based on 
theory but on practice.

Automating parameter settings
The next problem is how to set the parameters of AI 

algorithms. These parameters vary in number and type for 
each algorithm. Some of them are simple numerical values and 
others are analytical functions (Figure 6).

In conventional analysis techniques, it is possible to 
theoretically estimate what result can be obtained based on the 
parameters that are set. Therefore, analysis textbooks give tips 
on how to set parameters.

For the latest AI algorithms, it is not yet well known how 
parameters affect analysis results. This is especially true for 
algorithms with high accuracy. Many readers may find this 
strange, but this tendency is due to the mathematical fact that 
many high-precision AI algorithms (or more precisely, the 
training part of AI algorithms) are not deterministic, and are 
not able to interpret intuitively. Conversely, AI algorithms 
that are deterministic and able to interpret intuitively are not 
significantly different from conventional analysis algorithms 
in terms of performance.

SizCa does not have a parameter set t ing screen; 
parameters are hidden behind AutoML, allowing users to use 
the latest AI algorithms without detailed knowledge of AI.

How to use plant engineer-specific AI
This section introduces an example of how SizCa 

integrates plant domain knowledge with AI. Yokogawa’s 
Komagane Semiconductor Factory has a dedicated data 
analysis team, which has solved a wide variety of problems 
in efficiency and quality using conventional technologies. 

However, some problems remained unsolved, and one of 
the major problems was how to improve air conditioning 
efficiency (energy efficiency). Although it had been improved 
by conventional methods, further improvement was needed.

We took the following approach. First , we held a 
workshop with AI engineers and Komagane Factory engineers 
to discuss the problem in detail. We defined the problem to be 
solved and confirmed what data were available at that stage. 
Next, AI engineers tried using SizCa to solve the problem and 
shared with the factory engineers the results of the AI analysis 
and all the background information, including how to operate 
SizCa and the purpose of the analysis they performed.

Since the AI engineers did not have a deep understanding 
of the factory’s situation, the initial AI analysis results were 
not satisfactory. However, using actual factory data to explain 
how to use SizCa for data processing and analysis was the 
best way for factory engineers to understand the use and 
philosophy of AI. Explanation with irrelevant sample data 
would not have improved their understanding.

Next, the plant engineers used SizCa by themselves to 
solve the problem while the AI engineers used their results 
to improve their own analysis. This collaborative analysis 
process resulted in the mixing of domain knowledge of AI 
engineers and factory engineers. This fusion of knowledge 
was a crucial factor in enabling factory engineers to make full 
use of SizCa.

SizCa revealed problems with the air-conditioning system 
that had not been identified, and the factory engineers are 
currently fixing these problems. For other examples of plant 
problems solved by SizCa, please refer to Reference (8). SizCa 
is still an in-house AI tool. To make it available to customers, 
we are improving it to run in a cloud environment.

Packaging AI solutions
As described above, AI can be created through the 

consultation process. Although some AIs are dedicated for a 
specific problem, others can be applied widely to universal 
problems. In the lat ter case, such AI solutions can be 
packaged. The following is an example.

Figure 8 Sushi Sensor
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Figure 8  shows t he  Sush i  Sensor,  Yokogawa’s 
Industrial Internet of Things (IIoT) sensor. It can collect 
data such as vibrations of rotating machines in factories. 
For more information about the Sushi Sensor, please refer 
to Reference (9). The characteristics of vibration data vary 
depending on the specifications, type, and operation method 
of each rotating machine. Therefore, it is often necessary 
to create a tool to accurately judge the condition for each 
rotating machine. However, AI can learn the characteristics 
of each rotating machine and its method of detecting unusual 
conditions can be applied to any other rotating machines. We 
created such AI with SizCa and the vibration data collected by 
the Sushi Sensor.

Figure 9 Dashboard of Yokogawa Cloud, which shows 
the vibration data collected by the Sushi Sensor and 

unusual conditions detected by SizCa

Vibration data collected by the Sushi Sensor are sent 
to the Yokogawa Cloud. Figure 9 shows its screen in which 
SizCa detects unusual conditions in the data. This solution 
can monitor the entire area with the IIoT sensors installed. 
When any rotating machine is found to be unusual, a detailed 
analysis can be performed using conventional methods to 
identify the cause. This AI solution is currently in operation as 
a PoC in an actual plant, and we are planning to commercialize 
it as a package.

As described earlier, we will f irst integrate domain 
knowledge and AI technology to create AI solutions (problem-
specific AI), package those that can be applied to other 
problems, and make general-purpose AI solutions in the cloud. 
Among them, some solutions can be embedded as a standard 
function in e-RT3, recorders, and other devices to be widely 
commercialized and provided as handy AI. This multi-layered 
development of AI technology is Yokogawa’s goal for AI 
utilization.

AUTONOMOUS PLANT CONTROL BY AI

The previous sections discussed the use of AI from the 
perspective of considering AI as a means of data analysis and 
how to advance conventional analysis technology. This can be 
called “analysis by AI.” There is another type of AI application 
in plants: “control by AI.”

The two t y pes of AI have been implemented in 
automobiles. Analysis by AI is responsible for functions 
such as monitoring the surrounding situation with cameras, 
detecting approaching people or vehicles, and issuing alerts to 
the driver. Control by AI takes control of the steering wheel 
and drives the car safely to its destination.

In a plant, AI autonomously operates valves without 
human intervention. Although such a scene may seem like 
science fiction, some of the functions have already been 
implemented.

Figure 10 Three-tank-level control system

The Nara Institute of Science and Technology and 
Yokogawa jointly gave a presentation at the 17th Annual 
Meeting of the Particle Accelerator Society of Japan held in 
2020 (“Applying Reinforcement Learning to Real Equipment 
System for Process Control”(10)). We installed an AI system 
using reinforcement learning in the e-RT3 F3RP70 industrial 
Linux PC. This was the world’s first successful AI control 
of a three-stage water tank (Figure 10). We call this AI 
“Moonshot,” which is also used in this paper.
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Figure 11 (a) Valve control by Moonshot

Figure 11 (b) Changes in the water level when Moonshot 
operates the valve

Figure 11 (a) shows the valve control by Moonshot, and 
Figure 11 (b) shows changes in the water level (target water 
level = 30). Moonshot controlled the water level of the third 
tank faster than proportional-integral-differential (PID) control 
with fewer overshoots. Although the three-stage water tank 
is one of the simplest control systems, it was impressive to 
see how the AI learned to operate the valves by itself through 
about 30 trials in the actual system and reached the optimal 
control. Please refer to a video on Yokogawa’s website to see 
how Moonshot learns(11).

We are also studying how to make AI operate multiple 
valves for the optimal control of the entire plant. We use a 

plant simulator to develop AI control technology and have 
announced the latest results in academic papers and at 
international conferences(10)(12).

Autonomous plant control by Moonshot may become 
one of the core technologies of Yokogawa’s IA2IA vision 
(Industrial Automation to Industrial Autonomy)(13). We are 
carefully preparing for demonstration tests of Moonshot 
in an actual plant. Since AI control is still in its infancy, it 
is necessary to put safety first as in the case of automatic 
driving AI in automobiles. We are planning to proceed with 
demonstration tests by making full use of Yokogawa’s know-
how in safety instrumentation.

CONCLUSION

To solve plant problems using AI, the first step is to 
investigate whether any AI research is available that can be 
used as a reference. If there is a suitable commodity AI, the 
remaining task is to choose an AI platform that best suits the 
application.

When there is no appropriate commodity AI, the biggest 
challenge is how to integrate domain knowledge and AI 
technology. This paper presented plant engineer-specific AI as 
a solution. Some of such AI can be packaged as AI solutions 
in the cloud and widely used. Others can be embedded in 
products and become a commodity as AI solutions that can be 
handled easily. With this multi-layered development approach, 
Yokogawa will enhance the use of AI in the process industry.

Although it is currently in the experimental stage, we are 
studying autonomous AI plant control. This technology will 
be one of the solutions to realize Yokogawa’s vision of IA2IA.

We expect that AI will lead to further advances in the 
plant industry. We hope that this paper will help readers to 
utilize AI.
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