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In the process industry, plants have similar processes and equipment, whereas 
fluids that flow through and their physical properties such as velocity and temperature, 
differ. Therefore, when creating a model for detecting abnormalities by using conventional 
supervised learning, it is necessary to collect training data from such multiple processes and 
equipment, which increases the cost. In addition, abnormalities rarely occur in some plants, 
making it difficult to obtain data on abnormalities and create models by using supervised 
learning. These problems can be solved by applying the training data from another process 
or equipment to create models, thus extending the scope of machine learning. This paper 
describes Yokogawa’s approach to solving these problems, and an experiment in which we 
applied transfer learning to the detection of cavitation, which commonly occurs in many 
facilities.

INTRODUCTION

As expectations for AI technology in the plant industry 
have g rown in recent years , Yokogawa Elect r ic 

Corporation has been making full use of the technology in 
its business. We have already published papers on machine 
learning for analyzing sensor data of plants, monitoring 
the status of processes, and detecting abnormalities in 
equipment (1)(2).

Among diverse methods of machine learning, supervised 
learning can effectively obtain training data from sensors 
for the target process or equipment, distinguish normal 

and abnormal conditions, and create a model to detect 
abnormalities based on the learning.

However, this approach is too costly. It is necessary to 
obtain training data from each process and equipment in 
a plant under different physical conditions (type of f luid, 
velocity, temperature, and so on). After learning those data, 
abnormality detection models are created for each process 
and equipment. In some plants, however, supervised learning 
cannot create models because abnormalities that would 
generate such data rarely occur.

These problems can be solved if obtained training data 
can be applied to similar processes and equipment under 
different physical conditions and a model can be created to 
detect abnormalities. This would extend the application of 
AI technology in plants. This paper therefore focuses on 
transfer learning as a solution to this issue and introduces 
an experiment in which transfer learning is used to detect 
cavitation that occurs under different conditions.
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OVERVIEW OF TRANSFER LEARNING

First, let’s take a look at supervised learning. This 
common machine learning method obtains training data 
indicating the normal and abnormal states of a domain, learns 
them, and creates a model for detecting abnormalities. Note 
that this model can only detect abnormalities in the same 
domain. This means that a model created for domain A only 
detects abnormalities in domain A; a model for domain B is 
applicable only to domain B (Figure 1).

In contrast, transfer learning can apply the data and 
knowledge learned in one domain to another domain. In 
other words, this method can create a model that detects 
abnormalities in a domain by using the training data obtained 
from another domain. In most cases, training data from a 
data-rich domain (domain A) are used for another domain 
where there is no or little training data available (domain B) 
(Figure 2).

Figure 1 Supervised learning

Figure 2 Transfer learning

APPLICATION OF TRANSFER LEARNING TO 
CAVITATION DETECTION

Cavitation often occurs in pipes. Pressure differences in a 
liquid flow cause bubbling to repeat in a short time. Cavitation 
can result in serious, ir reparable damage to expensive 
equipment in plants, such as turbines and pumps. If machine 
learning could detect cavitation from the data of the fluid in 
the pipe, it would be possible to deal with this problem before 
it causes serious damage to the equipment. However, it is 
difficult to detect cavitation from the outside because it occurs 
inside the piping. Therefore, it would be particularly useful if 
the model learned from a known data set of cavitation could be 
applied to other plants. In this study, we used data of cavitation 
under multiple physical conditions to examine whether 
transfer learning can effectively detect this phenomenon in 
other equipment.

Experimental Environment
In this experiment, a training data set and a test data set 

under two different conditions were needed. Therefore, the 
experimental environment shown in Figure 3 was prepared 
at Site A and Site B, which differed from each other in the 
type and output of the pump, room temperature, and diameter 
of the piping. The pressure sensor connected to both sides of 
the pump measured the static pressure, differential pressure, 
and their fluctuations. Cavitation was generated by operating 
the upper valve to vary the f luid pressure while leaving 
the lower valve unchanged. Part of the pump was made of 
transparent acrylic plate so that cavitation could be observed 
(Figure 4).

Figure 3 Schematics of the experimental  
environment and equipment

Figure 4 Pump used in the experiment  
(left: overview, right: acrylic part) 

Obtained Cavitation Data
The state of cavitation was categorized in the four 

conditions from Level-0 to Level-3 (Table 1).

Table 2 shows the data sets obtained under the four 
conditions; ID-1, ID-2 and ID-3 were obtained in the same 
experiment equipment but the flow velocity and temperature 
were varied. ID-4 was a different data set in terms of the type 
and output of the pump, room temperature, pipe diameter, 
physical location, and so on. Each data set consisted of the 
number of data sets obtained at Level-2 (# of Data Level-2) 

Domain A

Domain B

Training data

Training data

Learner

Learner

Model

Model

Domain A 
(Source)

Domain B 
(Target)

Transfer 
learning

Training data

Scarce or no training data

Learner Model

Pump

Valve

Valve

Pressure sensor

Water storage tank

Flow direction

Table 1 Cavitation level
Level Description

Level-0 No bubbling

Level-1
Intermittent bubbling
(Small bubbles form every 5 to 10 seconds.)

Level-2 Continuous bubbling

Level-3 Turbulence with intense bubbling
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and the number of data obtained at Level-0 (# of Data Level-0) 
(see Table 1).

Experiment Procedure
Figure 5 is a flowchart of an experiment in which transfer 

learning was applied to the detection of cavitation. The steps 
of the experiment are as follows.
1.  Collect supervised data XS,Train in the source domain and 

unsupervised data XT in the target domain.
2.  Use transfer learning to identify common features between 

supervised data XS,Train and unsupervised data XT, in which 
data are distributed differently, and create new training 
data X*S,Train and test data X*T,Test. The latter data are used for 
evaluation.

3.  Use the new training data X*S,Train to create a model.
4.  Evaluate the metrics of prediction using the new test data 

X*T,Test.

Figure 5 Flowchart of transfer learning

In this paper, we define normal and abnormal states as 
follows to predict abnormalities in the target domain.

Normal: Level-0
Abnormal: Level-2

Evaluation Criteria
As shown in Table 2, the composition of each cavitation 

data set was imbalance: less Level-2 data and more Level-0 
data. For this reason, we used F-measure, a metric to evaluate 
the classification in machine learning. The range is 0 ≤ 
F-measure ≤ 1; the larger the value, the higher the performance. 
F-measure is calculated with the two metrics of “precision” and 
“recall,” which are often used for evaluating machine learning. 
Table 3 shows each metric and its calculation formula.

Figure 6 Matrix for evaluating machine learning

Transfer Learning Methods Used to Detect Cavitation
In the experiment, we used unsupervised t ransfer 

component analysis (TCA) (3) and semi-supervised TCA 
(SSTCA) (4).

Transfer Component Analysis (TCA)
TCA transforms the data in the source and target domains 

so that the distributions of data in different domains (in this 
case, source and target) are as close as possible and that the 
variance of the distribution is as large as possible (i.e., the 
amount of information in the data is as intact as possible). 
By mapping them to the common part of each domain, TCA 
determines the characteristics of the data.

To get the distribution as close as possible, it is necessary 
to minimize the distance of the maximum mean discrepancy 
(MMD).

Table 2 Cavitation data sets obtained  
under four conditions

ID Description # of Data
Level-2

# of Data
Level-0

1 Basic data 3540 20660

2
Data obtained in a high-velocity f luid in 
the same experimental environment as 
that of ID-1 

7137 14887

3
Data obtained in a low-temperature fluid 
in the same experimental environment as 
that of ID-1

2278 4065

4 Dat a  ob t a i ne d  i n  a n  ex p e r i me nt a l 
environment different from that of ID-1 1807 28051

Source domain
Supervised data

XS, Train

Target domain
Unsupervised data

XT

Transfer learning
X ⊆ XS, Train ∪ XT

Source*
X*S, Train

Target*
X*T, Test

Supervised learning

Map φMap φ

Training: X*S, Train Prediction: X*T, Test 

Table 3 Evaluation metrics

Metrics Formula and description

Precision
(Conformity rate)

Formula:

Proportion of data that are positive among those 
predicted to be positive

Recall
(Reproduction rate)

Formula:

Proportion of data that had been predicted to be 
positive among those that are positive

F-Measure
(F value)

Formula:

Harmonic mean of precision and recall

*  True Positive (TP), True Negative (TN), False Positive (FP) and False 
Negative (FN) are calculated with the matrix in Figure 6.

TN
(True Negative)

FP
(False Positive)

The actual result is negative.

FN
(False Negative)

TP
(True Positive)

The actual result is positive.

Correct

Predicts 
negative

Predicts 
positive

Prediction

 TP: Predicts positive and the actual result is positive
 FP: Predicts positive and the actual result is negative
 FN: Predicts negative and the actual result is positive
 TN: Predicts negative and the actual result is negative
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Since MMD cannot be calculated with a mapping φ, we 
used the kernel trick. MMD can be expressed with the kernel 
block matrix K, coefficient matrix L, and matrix trace Tr( ).

To obtain MMD of the post-mapping data, transform equation 
(1) to the following equation (2).

W is a transformation matrix for reducing the dimensionality 
of the post-mapping data and K is the kernel matrix. When 
MMD in equation (2) is minimized, the post-mapping data in the 
source domain and in the target domain come close. Note that this 
equation does not reflect another requirement: maximization of 
variance. To maximize the distribution of the post-mapping data, 
we calculated variance Σ* of the post-mapping data and obtained 
the following equation (3).

where, H is the centering matrix, which is used for expressing 
covariance in a matrix. Therefore, the following equation (4) 
makes the distribution of the post-mapping data as close as 
possible and maximizes the variance.

Si nce a  s t r a ight for ward approach to  solve t h is 
optimization problem requires high computational cost, 
we use the Lagrangian technique, which transforms this 
into an eigenvalue problem. After solving this problem, we 
sorted eigenvectors w in descending order of eigenvalue ρ. 
By selecting the predetermined number of eigenvectors in 
this order, the dimensionality of the post-mapping data can 
be reduced. Note that the number of eigenvectors selected is 
equal to the reduced number of dimensions.

Semi-supervised TCA (SSTCA)
In this experiment, the data in the source domain were 

labeled. Therefore, we used SSTCA, which is a transfer 
learning method that can make use of labels. SSTCA is a 
TCA method with two additional objectives: to increase 
the dependency between the labels and the post-mapping 
data from the source domain, and to preserve the geometric 
structure of the source domain and the target domain.

To increase the dependency between the post-mapping 
data and the labels, we introduced a label indicator matrix 
defined by the following equation.

KYY is a kernel matrix calculated from the labels in the 
source domain and is defined as:

γ ≥ 0 is a trade-off parameter, which controls the balance 
between the effect of increasing the label dependency and the 
maximization of variance of the post-mapping data. The label 
dependency is defined by the Hilbert-Schmidt independence 
criterion (HSIC).

Therefore, the label dependency can be maximized by 
maximizing the following equation.

To preserve the geometric structure of both domains, we 
performed regularization so that mapping does not change the 
form of the original data. To this end, we introduced a Graph 
Laplacian matrix.

When xi and xj are k-nearest neighbors, matrix M is:

Otherwise, Mi,j = 0. In this case, matrix D is a diagonal matrix 
and has the following element.

To ensure that the samples in proximity remain close in the 
space after the mapping, we minimized the following equation 
(5).

All data in the source domain

All data in the target domain

Number of data in the target domain

Number of data in the source domain

(1)
  

(2)
Post-mapping source domain data
Post-mapping target domain data

(3)

  

(4)
  

Post-mapping data
Post-mapping label
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xi* and xj* are the features that can be predicted from 
the initial sample. Therefore, substituting equation (5) into 
equation (4), which represents the optimization problem of 
TCA, the equation for the optimization problem can be written 
as follows. Like TCA, this equation can be transformed into an 
eigenvalue problem, reducing the dimensionality of the post-
mapping data.

EXPERIMENT RESULTS

We performed two experiments with the cavitation data 
set obtained under the four different conditions listed in 
Table 2. Experiment 1 was performed on data sets obtained 
under different flow velocity and temperature conditions in the 
same experimental environment. Experiment 2 was conducted 
with each data set obtained in the different experimental 
environment. In both experiments, the source and target 
domains were exchanged to confirm the performance of 
transfer learning.

In both experiments, the following two approaches were 
used and F-Measure values were compared to verify the 
effectiveness of transfer learning.

 � Supervised learning (baseline)
We performed supervised learning with the source domain 
data and evaluated the data in the target domain.

 � Transfer learning + supervised learning (TCA and SSTCA)
We performed TCA/SSTCA transfer learning with the 
source domain data and part of the target domain data to 
identify a common feature space. Supervised learning was 
performed with the results to evaluate the data in the target 
domain.

Tables 4 and 5 show the results of experiment 1, which 
was conducted in the same equipment with data obtained 
under different conditions. ID-1 was used as the source and 
ID-2 and ID-3 as the target, and vice versa. For both cases, we 
performed supervised learning alone, TCA, and SSTCA.

Table 4 shows the results of supervised learning alone. 
When ID-1 was used as the source and ID-2 and ID-3 as the 
target, the F-Measure value was around 0.800. This means the 
classification was successful.

However, when the combination of the source and target 
was changed, the F-Measure value was almost zero. This 
confirmed that supervised learning alone cannot classify 
the data in this combination. We believe that, with a single 
model, it is not possible to identify a difference between 
the distribution of data in each data set, resulting in poor 
classification performance.

Table 5 shows the results of applying transfer learning to 
the case of poor performance with supervised learning alone.

With an approach of super vised lear n ing alone, 
performance was decreased due to the difference between 
the distribution of data in the data sets. When TCA and 
SSTCA were performed in this case, the decline was 
alleviated. SSTCA with two dimensions showed a stable, high 
classification performance. We believe that this was because 
the label was considered in transfer learning and that the 
important features were not lost even when dimensionality 
was reduced.

The results show that transfer learning is an effective 
method for handling data with different distributions.

Table 6 shows the results of experiment 2, which was 
conducted with data obtained in the different experimental 
environment. These are the results of supervised learning 
alone and TCA and SSTCA transfer learning. ID-1 was used 
as the source and ID-4 as the target, and vice versa.

(5)  

Experiment Description

1

Transfer learning was performed with data sets 
obtained under different flow velocity and temperature 
conditions in the same experimental environment (see 
Tables 4 and 5 for experiment results).

2
Transfer learning was performed with data sets 
obtained in different experimental environments (see 
Table 6 for experiment results).

Table 4 Experiment 1: Results of supervised learning 
under different conditions in the same equipment 

(F-Measure) 
Source Target Supervised (baseline)

ID-1 ID-2 0.891

ID-1 ID-3 0.783

ID-2 ID-1 0.015

ID-3 ID-1 0.000

Table 5 Experiment 1: Results of transfer learning under 
different conditions in the same equipment (F-Measure) 

Source Target
TCA
Seven 

dimensions

TCA
Two 

dimensions

SSTCA
Seven 

dimensions

SSTCA
Two 

dimensions

ID-2 ID-1 0.995 0.000 0.643 0.927

ID-3 ID-1 0.669 0.414 0.935 0.922

Table 6 Experiment 2: Results of transfer learning with 
data obtained in two different experimental environments 

(F-Measure) 

Source Target Supervised 
(baseline)

TCA
Seven 

dimensions

TCA
Two 

dimensions

SSTCA
Seven 

dimensions

SSTCA
Two 

dimensions

ID-1 ID-4 0.000 0.778 0.238 0.501 0.970

ID-4 ID-1 0.000 0.000 0.922 0.930 0.926
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With the approach of supervised learning alone, 
regardless of the combination of the data for the source 
and the target, the F-Measure value was zero, resulting in a 
complete misclassification. This means that it is difficult to 
apply a model created by supervised learning with supervised 
data obtained in one environment to data obtained in another 
environment. We believe this is because the distribution of 
data is completely different in different equipment.

With TCA and SSTCA transfer learning, the F-Measure 
values improved in most cases. Two-dimensional SSTCA 
showed it was above 0.900 for both combinations. This means 
that the data were successfully classified. These results show 
that transfer learning is an effective method even when the 
data distribution is completely different.

I n  su m mar y,  for  d a t a  obt a i ned u nder  d i f fe rent 
experimental environments, transfer learning was more 
effective than the usual approach of supervised learning alone. 
SSTCA with the dimensionality of its features reduced to two 
showed excellent results in almost all cases. This is because 
labels are considered when mapping the source and target data 
into a common space and that important features are not lost 
even after the dimensionality is reduced.

CONCLUSION

This paper explained experiments to verify whether 
transfer learning can be applied to cavitation, a common 

phenomenon that occurs in various environments. The results 
showed that transfer learning is more effective in improving 
performance than supervised learning. We believe that transfer 
learning is effective for similar problems in plants with a large 
number of similar processes or equipment under different 
physical conditions (type of fluid, flow rate, temperature, and 
so on).

We will apply transfer learning to various events in 
plants and verify its effectiveness, in preparation for its full-
scale application. Since target labels are not available in the 
real world, it is not easy to compare the two approaches as in 
this experiment. Therefore, we are also planning to draw up a 
guideline for ensuring stable, high performance.
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