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A B S T R A C T

Machine learning (ML) method has attracted more and more interests in engineering applications. Despite 
extensive efforts in the last decades in the application of the ML-method to thermal- and fluid mechanics, there 
exist in general some obvious shortcomings. Generally, neither sufficient information about the data base used by 
the previous researchers nor information about the uncertainty (or error) is included in the ML-model and is not 
available for the next researchers. This makes the continuous learning process difficult or even impossible.

This paper proposes the new data-informed continuous machine learning (DI-CML) approach, to overcome the 
above shortcomings. The main feature of the DI-CML approach is to generate a machine learning package, which, 
in addition to the ML-model, contains the distribution functions of the input variables and the distribution 
function of the uncertainty (error). With this ML-package, an artificial data base can be produced, which should 
be as similar as possible to the original data base used for the development of the ML-model. This would make the 
continuous learning process possible and efficient.

The main idea and the procedure of the DI-CML approach is described. The feasibility of the DI-CML approach 
is assessed by means of CHF prediction. The large CHF data base provided by the OECD-NEA benchmark working 
group is used. The accuracy of the CHF prediction by the DI-CML approach is analysed by using different features 
of data base sets, different methods to derive the distribution functions of the input variables as well as different 
methods for the generation of the artificial data base. The results confirm the good feasibility of the proposed DI- 
CML approach. Furthermore, challenges and future research needs are also identified.

1. Introduction

Critical heat flux (CHF) plays a key role in the safe design of many 
heat transfer systems [1,2]. For many decades, reliable prediction of 
CHF has attracted strong attention in the research community [5,7]. Due 
to the complex phenomena involved in two-phase flow and heat trans
fer, analytical prediction of CHF is impossible. Despite the large number 
of mechanistic models, their reliability remains questionable and re
quires further improvement and validation [11]. Recently, many studies 
have been devoted to the prediction of CHF using the computational 
fluid dynamics (CFD) approach. However, the sub-models applied in the 
CFD models for describing various two-phase flow and heat transfer 
processes are usually not sufficiently validated. The generality of their 
application is not confirmed and requires also further improvement and 
validation [13]. Up to now, empirical correlations or look-up tables are 
the most widely applied CHF prediction methods in engineering 

applications [5,6]. There exist hundreds of empirical correlations, which 
were mostly derived based on experimental data bases with limited 
parameter ranges. It is well agreed that extrapolated application of such 
correlations to parameters outside their valid range may lead to signif
icant errors and, thus, is not recommended.

Application of Machine Learning (ML) approaches, mainly based on 
the artificial neural network (ANN), to the CHF prediction started 
several decades ago [12,16] and attracted more and more attention in 
the last years [19]. Recently, under the umbrella of OECD/NEA, a 
working group is established and organizing a benchmark task related to 
the application of ML-approach to the CHF prediction with >30 in
stitutions. OECD/NEA provides the worldwide largest data bank of CHF 
obtained in circular tubes with vertical upward water flow and uniform 
heat flux distribution. This data bank contains >24,500 CHF experi
mental data points, covering a wide range of parameters.

Despite extensive efforts in the last decades in the application of the 
ML-approach to engineering problems, there exist in general some 
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obvious shortcomings, e.g. 

■ No sufficient information about the used data base is available. An 
ML-model was developed based on a large data base used for its 
training, validation and testing. In general, any empirical models, 
including ML models, derived with the help of experimental data
bases, are only valid within the valid range of the input parameters. 
Furthermore, the reliability of the model in a sub-domain of the valid 
parameter range is strongly coupled with the number of the data 
points in this sub-domain. Thus, information of the distribution of 
the input variables is crucial important for a correct application of 
the model and interpretation of the reliability. However, an ML- 
model is usually only a black box and doesn’t deliver any (or suffi
cient) information about the database used such as the distribution of 
the input variables. It is difficult, for the next researchers to extend 
the previous ML-model by using their own additional data bases and 
at the same time to keep its accuracy also for the previous database.

■ The accuracy of an ML-model depends on the algorithms applied and 
is obviously user dependent. With the same data base, different re
searchers generate different ML-models with different accuracy. 
Again, no sufficient information about the uncertainty (or error) is 
included in the ML-model.

The above two shortcomings restrict strongly the continuous 
learning procedure and, subsequently, its effectiveness in engineering 
applications.

In the engineering application, continuously improvement and 
training of models is highly required. Generally, many researchers are 
working on the same engineering problem at either different institutions 
or in different time sequences. For example, since more than six decades, 
extensive experimental studies on CHF were carried out worldwide. A 
large amount of experimental data bases were generated in different 
institutions. Due to some practical reasons, such as privacy issue, such 
data bases are not available for other institutions or researchers. The 
common situation in the past was that many institutions or individual 
researchers developed prediction models based on their own data bases. 
This leads to hundreds of empirical correlations with narrow valid 
parameter ranges [6].

The same situation also exists for the CHF prediction based on ML- 
approaches. Various ML-models or neural networks were generated by 
the individual researchers using their own data bases. Generally, these 
ML-models don’t contain sufficient information about the data base used 
and the uncertainty (or error) of the models. It is very difficult or 
impossible for the other researchers to extend these models by adding 
their own data bases and at the same time to keep high accuracy for both 
the previous data bases and the additional new data base.

To overcome the above two shortcomings, the present authors pro
pose the so-called data-informed continuous machine learning approach 
(DI-CML). The main feature of the DI-CML approach is to generate an 
artificial data base, which is as similar as possible to the original data 
base used for the development of the previous ML-models. The input 
parameters such as pressure, mass flux, steam quality and diameter 
should be generated via distribution functions, which were derived ac
cording to the previous data bases.

In this paper, the new approach DI-CML is briefly described. The 
feasibility of the DI-CML approach is assessed with the CHF data base 
provided by the OECD/NEA benchmark working group.

2. Existing methods for artificial data generation

The continuous learning capability is a crucial issue in the develop
ment of ML-models in engineering applications. Conventional ML- 
approaches, mainly based on artificial neural networks are not, in gen
eral, capable of this function. However, in the last years much effort was 
made to develop algorithms for achieving continuous learning capa
bility. Two approaches are summarized as below.

(A) knowledge distillation
One of the popular approaches for the continual machine learning 

discussed in the open literature is Knowledge Distillation (KD) based on 
the generative adversarial network (GAN) methodology [8]. There exist 
two categories of KD according to their targets. The first category fo
cuses on the generation of a smaller network from a larger network with 
the purpose of reducing the size and subsequently, the computing effort 
of the network and to make its application possible to some real-time 
scenarios [4]. Furthermore, the small network is trained only based on 
the large network without any data base, the so-called data-free 
knowledge distillation [9]. In this category there exist again various 
types of knowledge generators such as feature-based knowledge, 
relation-based knowledge and response-based knowledge. However, 
this category doesn’t include data-based knowledge generators [4].

The purpose of the second category is the generation of an artificial 
data base through training a neural network (or data generator). The 
artificial data base should be similar to the original data base. Various 
algorithms have been proposed in the last years such as the conditional 
tabular GAN [15,17]. It was found out that it remains a big challenge for 
all the existing GAN-based data generators to produce the artificial data 
base having sufficient similarity to the original data base. Furthermore, 
it is usually assumed that the variables to be generated are random and 
independent. This assumption is often not valid in many engineering 
applications such as in the experimental studies on CHF, the realizable 
values of various input parameters such as pressure, mass flux and steam 
quality cannot be adjusted independently. For example, it is very diffi
cult to perform CHF experiments at low pressure and at low mass flux, 
simultaneously.

(B) Elastic weighting consolidation (EWC)
The main idea of the algorithm, elastic weight consolidation (EWC), 

is trying to remember the original data through the importance of the 
weights in the neural network [10]. It protects the knowledge of the 
original data during training new models by selectively decreasing the 
plasticity of weights. The importance of the weights and bias in the 
previous ML-model with respect to the original data base is represented 
in the Fisher information matrix, which contains the gradient of the lost 
function to all weights and bias. In extending or training a new 
ML-model with an additional data base, a penalty term is introduced to 
modify the effect of various weights and bias on the loss function ac
cording to its importance. 

LEWC(θ) = Lnew(θ) + λ
∑

i
Fi
(
θi − θ∗

i
)2 (1) 

Where L is the loss function, is F the Fisher information matrix, θ are 
the sets of weights and bias. The constant λ controls how strong the 
regulation should be. This method doesn’t directly generate an artificial 

Nomenclature

D diameter, m
G mass flux, kg/m2s
K data points for comparison
p pressure, kPa
P probability distribution function
x steam quality, -
q heat flux, W/m2

CHF critical heat flux, W/m2

x input variables
y output variable
w weighting factor in Eq. (5)
ε error
μ average value
σ standard deviation
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data base, but nevertheless assumes, that important information of the 
previous data base is to some degree indirectly included in the Fisher 
information matrix. However, the direct connection of the Fisher In
formation Matrix to the previous data base is not proven. For example, 
the number of the previous data points is not taken into consideration, 
although the importance of the previous ML-model would be enhanced 
with the number of the previous data base.

The EWC algorithm requires the generation of the large Fisher in
formation matrix, which contains the sensitivity parameters of all 
weights and bias of the previous neural network. A complete informa
tion package is provided, which, in addition to the black-box ML-model, 
provides explicitly all values of weights and bias, as well as the Fisher 
information matrix. This information package could become extremely 
large.

It is worth mentioning another ML approach, i.e. domain general
ization (DG) [18]. The main objective of the DG approach is to train a 
ML model, which should either provide good prediction in the domain 
where data are available for training the model or could be applicable to 
unseen domains. Although the DG approach recently attracted much 
attention in classifying images and processing natural language [18], 
there still exist significant challenges and needs in further improvement 
[14]. Compared to the DG approach, the new approach proposed in the 
next chapter emphasizes on continuous learning, i.e. to generate the 
information of the previous databases for further improvement of the 
previous ML model by including the new databases. Thus, the purpose of 
the DI-CML approach differs from that of the DG approach.

3. New DI-CML approach

As discussed in Section 2, the existing and widely applied continuous 
machine learning approaches, such as KD and EWC, are not appropriate 
for some engineering applications.

Although KD is a well-established and widely applied methodology 
in ML community and a very powerful method for reducing the 
complexity of a given ML model, using the original training database. 
The purpose of the KD method differs from that of the DI-CML approach, 
i.e. to generate artificial database, which represents as far as possible the 
previous database used for training the previous ML-model and to 
realize the continuous learning process.

The approach EWC is a method, indirectly trying to consider the 
previous database information in the training of the actual ML model 
through the Fisher information matrix. It requires the storage of a huge 
amount of information, in addition to the previous ML model. Further
more, the effectiveness and accuracy of the EWC method cannot easily 
be identified and needs further investigation. This limits the application 
of the EWC method for the purpose of continuous learning.

In this paper, a new continuous machine learning approach, the so- 
called data-informed continuous machine learning (DI-CML) is pro
posed. The key feature of the DI-CML approach is the generation of an 
artificial data base via simple distribution functions of the input vari
ables. It requires a minimum amount of information, e.g. a few variables 
to describe the distribution functions, to be included in the previous ML 
package. Fig. 1 illustrates the structure of the DI-CML approach. The 
relationship between the k input variables (x1, x2,…, xk) and the output 

parameter y is expressed as 

y = f(x1, x2, …, xk) (2) 

In this figure, the DI-CML approach is explained with two successive 
stages of the model development, performed by the previous researcher, 
identified as the nth researcher, and the present researcher, identified as 
the (n + 1)th researcher. Based on the previous data base, the previous 
researcher generated the previous (nth) ML-package, which includes the 
previous ML-model and the distribution functions for the input variables, 
Px(X), as well as the distribution function for the error Pε(X). One of the 
key tasks of the DI-CML approach is the generation of both distribution 
functions. With the previous ML-package, i.e. the previous ML-model 
and the distribution functions, an artificial data base is generated, 
which has similar features as the previous data base. In this way, the 
combined data base is established, which consists of the artificial data 
base and the new data base of the present researcher. The combined data 
base is applied to produce the new ((n + 1)th) ML-package, which in
cludes the new ML-model, new distribution functions for the input 
variables and the new distribution function for the error, and is then 
available for the future researchers, who can further extend the (n + 1)th 

ML-package by adding their own experimental data bases. Thus, a 
continuous and sequential training of the machine learning model be
comes possible.

In the following, the procedure to generate the distribution functions 
of the input variables, and subsequently, the artificial data base is 
explained.

The previous data base with N data points was applied to develop the 
previous ML-model and yields 

ym,i = m
(
x1,i, x2,i, …, xk,i

)
, i = 1, N (3) 

The error is defined as the difference between the predicted and the 
measured values of the output parameter and calculated as 

εi =
(

yi − ym,i

)
= f

(
x1,i, x2,i, …, xk,i

)
− m

(
x1,i, x2,i, …, xk,i

)
, i = 1, N

(4) 

A thorough analysis of the distribution of the input variables and the 
error will be carried out, to derive functions, which reasonably represent 
the real distributions of the input variables Px(X) and the error Pε(X). 
The selection of the method for the derivation of the distribution func
tions depends on problems considered and, thus, is case-dependent and 
will be discussed in Section 4. This is also the key challenge of the DI- 
CML approach and requires continuously improvement in the future.

With the help of the distribution functions derived for the input 
variables Px(X), artificial sets of input variables, (X̃i, i = 1, N ), will be 
produced. The number of the artificial data sets N is the same as the 
number of the data points of the previous data base. For each set of input 
variables, a value of the output parameter ỹi is then derived based on the 
previous ML-model, combined with the correction through the error 
distribution function, i.e. 

ỹi = m
(

X̃i

)

+ wi⋅ε
(

X̃i

)

, i = 1, N (5) 

The weighting factor wi is introduced to consider the strength of the 
error correction and expected to be dependent on the distribution 
function of the input variables. For the simplicity, the correction through 
the error ε(X̃i) is neglected in this paper, i.e. the weighting factor is set 
wi = 0. Thus, an artificial data base with data points N is produced, i.e. 
{(X̃i, ỹi), i= 1, N }, with 

ỹi = m
(

X̃i

)

, i = 1, N (6) 

The similarity of the artificial data base {(X̃i, ỹi), i= 1, N } to the Fig. 1. Structure of the DI-CML approach.
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previous data base {(Xi, yi), i= 1, N } depends on the methods to 
derive the distribution functions Px(X) and determines the accuracy of 
the DI-CML approach.

The artificial data base is then combined with the new data base 
(with M data points) of the present researcher, and the combined data 
base is generated, which contains N + M data points. With the combined 
data base, the new ML-package is produced in the same way as described 
above and contains the new ML-model, the new distribution functions 
for the input variables and the new distribution function for the uncer
tainty (error). The new ML-package is then made available for the future 
(n + 2)th researcher.

4. Assessment of the DI-CML approach

This chapter is devoted to analysing the feasibility of the DI-CML 
approach. For this purpose, the DI-CML approach is applied to CHF 
prediction. The experimental data are taken from the OECD/NEA 
benchmark working group [3]. To describe the CHF in circular tubes 
with uniform heat flux, four input variables are taken into consideration, 
i.e. pressure, mass flux, local steam quality and tube diameter. The CHF 
data base provided by the OECD/NEA benchmark working group con
tains 24,578 data point and covers the following parameter ranges:

Pressure, p [kPa]: 0.1 – 20.0
Mass flux, G [kg/m2s]: 8.2 – 7964.0
local steam quality, xout [-]: − 0.5 – 1.0
Tube diameter, D [m]: 2.0 – 16.0

As mentioned above, the key target of the DI-CML approach is the 
generation of the artificial data base. There is no ready-to-use method. 
The researchers should find out the most suitable way for their specific 
engineering problems. For the feasibility study purpose in this paper, 
two different and very simple approaches are applied to generate the 
artificial data bases and are discussed in two separate sub-chapters, 4.1 
and 4.2, respectively. In the first approach described in chapter 4.1, the 

distribution of only one input variable (characterized as reference input 
variable) is considered, whereas uniform distributions are assumed for 
all other input variables. In the second approach, all input variables are 
assumed to be independent, their distributions are considered simulta
neously and the results are presented in chapter 4.2.

4.1. Generation of artificial data base based on one input variable

The procedure for the feasibility assessment is divided into 5 steps.

Step 1. Generation of the previous data base and the new data base

The original data base provided by the benchmark working group is 
characterized as DB0. Fig. 2 shows the distribution of the four input 
variables of the original data base. The distribution of steam quality 
(Fig. 2a) shows well continuous feature over its entire range, whereas 
the distributions of both pressure (Fig. 2c) and diameter (Fig. 2d) give 
strong discrete features. The distribution of mass flux (Fig. 2b) exhibits, 
in general, continuous behaviour and has, however, strong discrete 
peaks. In the present study, mass flux is selected as the reference input 
variable, because its distribution includes some features of the distribu
tions of the other three input variables.

The original data base DB0 with 24,578 data points is arranged ac
cording to the reference input variable, i.e. mass flux, from large to small 
values. This arranged data base is divided into two groups with the same 
number of data points, i.e. 12,289. All data points in the first group have 
mass flux larger than the mass flux of the data points in the second 
group. In the entire original database 12,289 data points have their mass 
flux larger than 1585 kg/m², whereas the remaining 12,289 data points 
have mass flux smaller than 1585 kg/m².

Two different options are used to sample the data points from both 
data groups and to build both the previous data base and the new data 
base. In the first sampling option, 80 % data points of the first data group 
(i.e. 9831 data points) and 20 % data points of the second data group (i. 
e. 2457 data points) are randomly sampled to build the data base 1 
(DB1). This data base is also referred to “previous data base”, 

Fig. 2. Distribution of the four input variables of the original data base DB0.
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corresponding to the terminology used in Fig. 1. The rest data points 
from both data groups are put together and form the data base 2 (DB2) 
and referred to “new data base”. In this way, two data bases, i.e. DB1 
(previous data base) and DB2 (new data base) are established.

In the second sampling method, the entire data points of the data group 
1 are used to build the data base 1 (DB1), and the data base 2 (DB2) is 
also the same as the data group 2. In this case, the mass flux in DB1 is 
always larger than the mass flux in DB2. According to the second sam
pling option, a completely different distribution of mass flux of both data 
bases occurs. The mass flux range in DB2 is totally outside the range in 
DB1.

Through the two sampling options, together with the original data 
base, three different structures of data bases are built, and their case-ID 
names are summarized in Table 1.

In the case identification, the letter ̋ G˝ stands for the case with mass 
flux as the selected reference input variable. The number represents the 
sampling option. For example, with the 2nd sampling method, the 
established two data bases are characterized as DB1-G2S and DB2- G2S, 
respectively.

Step 2. Derivation of the previous ML-models

With the data bases DB1, the ML-models (MLM1), corresponding to 
the previous model in Fig. 1, are trained. In this paper, for training of all 
ML-models the same algorithms and structure of neural network are 
applied with the following features:

80 % of the data base are used for training und 20 % for testing. The 
neural structure is DNN with 3 hidden layers and 200 nodes in each 
layer. In each layer, ReLU activation function is applied. The loss is 
defined as the mean squared error function. The Adam optimizer is used 
for the training, and the learning rate is initially set to 10− 3 and reduced 
by factor 0.8, if the validation loss does not decrease for 30 training 
epochs. Finally, training is terminated, when the validation loss does not 
decrease for 100 epochs. The training data is split into batches of size 50. 
Each node’s weights are randomly initialized, but reproductively, while 
all biases are initialized by 0. Furthermore, a 5-fold cross validation was 
carried out, e.g. database DB1 is split into 5 sub-sets, 4 of them were 
selected for training and one for testing. There are 5 possible combi
nations of 4 sub-sets used as the training database. The results of the 5- 
fold cross validation show a negligibly small effect of the sub-sets se
lection on the results.

It has to be mentioned that the main objective of the present paper is 
the feasibility study of the proposed DI-CML approach. The conclusions 
achieved in this paper are at least qualitatively independent of the se
lection of the neural network architecture. According to the experience 
gathered in the last years by the present authors, the neural network 
architecture selected in this paper should be well suitable for the type of 
problem and the size of the database. Further efforts will be carried out, 
to study the quantitative effect of the neural network architecture on the 
results.

The accuracy of the models MLM1 with respect to various data bases 
is summarized in Table 2. The average value and the standard deviation 
of this paper are defined as: 

εi = 100(ỹi − yi)/yi (7) 

μ =
1
K
∑K

i=1
εi (8) 

σ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
K − 1

∑K

i=1
(εi − μ)2

√
√
√
√ (9) 

K stands for the number of data points used for comparison.
As expected, compared to the original data base DB0, the original 

ML-model (MLM0) gives the best agreement. The ML-model based on 
the first sampling option (MLM-G1S) gives much better accuracy than 
the model MLM-G2S. This is because the mass flux distribution in DB1- 
G1S has still some similarity with the mass flux distribution in the 
original data base DB0, whereas the data base DB1-G2S doesn’t include 
the data points with mass flux smaller than 1585 kg/m2s and, thus, has 
totally different mass flux distribution. The accuracy of the ML-model 
MLM1-G1S is slightly worse than the original model MLM0. The 
average deviation increases from 2.6 % to 5.7 %, and the standard de
viation from 19.2 % to 31.0 %. Significantly worse agreement was 
identified between the model MLM1-G2S and the original data base. The 
average deviation is as large as 24.0 % and the standard deviation is 
>100 %. These results clearly emphasize that an extrapolated applica
tion of a ML-model is not recommended.

Related to the data base DB1, it is expected that the specifically 
trained models, i.e. MLM1-G1S and MLM1-G2S, would have higher ac
curacy compared to the results related to the original based on DB0. This 
is especially true for the model MLM-G2S, which shows excellent 
agreement with the data base DB1-G2S. The average deviation is <1.0 % 
and the standard deviation is 10.2 %.

Comparison with the data base DB2, the accuracy of the model 
MLM1-G1S is slightly worse than the comparison results with the data 
base DB1, whereas the model MLM1-G2S gives even larger scattering of 
the deviation comparison results using DB0. The standard deviation is 
large than 150 % and the average deviation is close to 50 %. These re
sults emphasize again the unsuitability of extrapolated application of 
ML-models.

Fig. 3 shows the error distributions of all three ML-models compared 
to the original data base. In the three figures, data points with deviation 
larger than 100 % are excluded due to the presentation technique. 
Related to the three ML models, i.e. MLM0, MLM1-G1S and MLM1-G2S, 
there are 142, 415 and 4175 data points, respectively, which have de
viation larger than 100 %. The larger number of data points with larger 
deviation is caused by the extrapolated application of the MLM-G1S. In 
general, it can be recognized that the peak amplitude of PDF near μ =

0% is highest in case of MLM0. Although the peak amplitude with 
respect to MLM1-G2S is higher, the width of the peak is smaller. The 
area beneath the peak curve, which represents the probability of small 
errors, is then smaller than that with the model MLM1-G1S. Combined 
with the fact, that much more data points in the artificial data base are 
out of the valid parameter range of the data base DB1, the standard 
deviation of the error is much larger by using MLM1-G2S compared to 
the case with MLM1-G1S.

Step 3. Derivation of the distribution functions

The most challenging task in the DI-CML approach is the derivation 
of the distribution functions for the input variables. As already 
mentioned before, there is no ready-to-use method. The researchers 

Table 1 
identification of the cases considered in this study.

Original data base 1st sampling option 2nd sampling option

Case-ID O G1S G2S

Table 2 
Accuracy of the reference ML-models.

Models → MLM0 MLM1-G1S MLM1-G2S

K ↓ μ σ μ σ μ σ
​ Compared to DB0
24,578 2.56 19.25 5.66 30.98 − 23.97 111.84
​ Compared to DB1
12,289 1.76 15.25 4.44 19.40 − 0.06 10.16
​ Compared to DB2
12,289 3.36 22.53 6.88 39.24 − 47.92 154.23
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should find out the most suitable way for their specific engineering 
problems. It requires a thorough analysis of the real distributions of the 
input variables. For the feasibility study purpose, very simple methods 
are used to characterize the mass flux distribution in this study.

Fig. 4 shows the distribution of the mass flux of both data bases 
(black pillars), i.e. DB1-G1S and DB1-G2S. Obviously, it is difficult or 
even impossible, to accurately describe the mass flux distributions with 
simple functions. As mentioned before, the main purpose of this paper is 
to assess the feasibility of the DI-CML approach. A more accurate or 
more reasonable description of the input variable distributions keeps a 
challenging task for the future continuous studies.

In this paper, two different approaches for the description of the mass 
flux distribution are considered, to study the effect of the selection of the 
distribution functions on the accuracy of the DI-CML approach. In the 
first approach, a simple mathematic function, here the Γ-function is taken 

PDF(x; α, β, γ) =
1

Γ(α)βα(x − μ)α− 1e− (x− γ)/β (10) 

with: 

Γ(α) =
∫∞

0

tα− 1e− tdt (11) 

The three coefficients (α = shape, β = scale, γ = location) will be 
optimized, so that the mean error square (MES) has the minimum value. 
In this way, the following two optimized Γ-functions are derived for the 
mass flux distribution of both data bases DB-1-G1S and DB1-G2S, i.e. 

PDF(G) =
1

Γ(5.61)635.55.61(G + 871.1)5.61− 1e− (G+871.1)/635.5 (12) 

Fig. 3. Error distribution of THE ML-models compared with the original data base DB0.

Fig. 4. Comparison of the mass flux distribution of both data bases.
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for the data base DB1-G1S and 

PDF(G) =
1

Γ(1.18)1330.61.18(G − 1584.6)1.18− 1e− (G− 1584.6)/1330.6 (13) 

for the data base DB1-G2S.
The distributions of both optimized Γ-functions are also presented in 

Fig. 4 (blue curves). It is clearly seen that the discrete peaks cannot be 
well captured with the proposed Γ-functions. Thus, future studies are 
highly required to improve the similarity between the Γ-functions and 
the real mass flux distribution.

In the second approach, the entire mass flux range in DB1 is divided 
into 20 bins with the same interval 

ΔG =
Gmax − Gmin

20
(14) 

For each bin, the probability density is obtained according to the 
number of the data points located in the corresponding interval nΔG: 

P(G) =
nΔG

N
1

ΔG
(15) 

where N is the total number of data points, i.e. 12,289. The mass flux 
distributions according to the 20-bins approach are also presented in 
Fig. 4 (red pillars) for both data bases DB1-G1S (Fig. 4a) and DB1-G2S 
(Fig. 4b). It is seen that the mass flux distribution with the 20-bins 
approach has high similarity with the mass flux distribution of the 
data bases DB1-G1S and DB1-G2S.

The next task should be the derivation of the distribution function of 
errors. Assessment of all ML-models based on the corresponding data 
bases reveals that systematic errors are negligible small, i.e. the error 
distribution fluctuates around the zero value and is hardly dependent on 
the values of various input variables. Fig. 5 shows one example of the 
error distribution versus mass flux for the case G1S and indicates, that no 
clearly systematic errors with respect to the selected input variable 
(mass flux) occurs. Similar conclusion can be achieved from Table 2 and 
Fig. 3, where the average errors of ML0 with respect to DB0 and of 
MLM1 compared to DB1 are very close to zero. In this case, any 
correction of the predicted output parameter with the error distribution 
is neither reasonable nor necessary. Thus, in the present study, the 
correction through the prediction error is neglected. However, it has to 
be kept in mind that the correction of the prediction values using the 
error distribution would become important, in case the ML-model shows 
obvious systematic error distribution, and thus, remains a topic for 
future studies.

With the steps 2 and 3, the previous ML-package contains the pre
vious ML-model, i.e. MLM1-G1S or MLM1-G2S, the distribution func
tions of the input variables and the distribution function of error and is 
now available for the present researcher.

Step 4. Generation of the artificial data bases and the new ML- 

packages

For the generation of the artificial data base, mass flux is generated 
according to the proposed distributions, i.e. Γ-functions or 20-bins. 
Combining the two different sampling options (G1S and G2S) with 
two different methods for obtaining the mass flux distributions 
(Γ-functions or 20 bins), totally 4 artificial data bases are generated with 
12,289 data points each and identified with the case-ID, G1S-Γ, G2S-Γ, 
G1S-b and G2S-b, respectively. Here stands “Γ” for Γ-function and “b” for 
bins-approach. It was found that some artificial data points show non- 
physical meaning, e.g. the generated CHF values are negative. This 
was possible, because the combination of the input variables, which 
were generated using the distribution functions, is outside the valid 
range of the input variable combination used for the training of the 
previous models MLM1. To avoid such non-physical data points, the 
minimum value of CHF (25 kW/m2) was taken. All generated data 
points with CHF smaller than 25 kW/m2 will be removed. The value 
25 kW/m2 is selected, which is half of the minimum CHF value 
(50 kW/m2) in the original data base provided by OECD/NEA bench
mark group.

Combining the artificial data bases with the corresponding data 
bases DB2 (new data bases), four combined data bases, as defined in 
Fig. 1, are produced with 24,578 data points each.

With these 4 combined data bases, 4 new ML-models are trained and 
characterized as MLM2- G1S-Γ, MLM2-G2S-Γ, MLM2-G1S-b and MLM2- 
G2S-b, respectively. Table 3 summarized the comparison of the four new 
ML-models with the corresponding combined data bases.

All four new ML-models give similar prediction accuracy, compared 
with the results of MLM0 on the original data base DB0. This indicates 
the high feasibility of the DI-CML approach.

With the four combined data bases, four Γ-functions of mass flux are 
derived accordingly. Herewith, the new ML-packages with the new ML- 
models and the new distribution functions of input variables are 
generated and available for the next researchers.

Step 5. Assessment of the new ML-models

The overall goal of the DI-CML approach is to achieve better results 
using the new models MLM2 than that using the previous models MLM1 
with respect to the total original data base DB0 as well as to the new data 
bases DB2. Tables 4 summarizes the comparison results with the original 
data base DB0 as well as with the new data base DB2.

At the first glance, the results are reasonable. With respect to the 
average error, all models give similar results, and the average deviation 
is about a few percent, except the model MLM1-G2S, as already 
explained in Table 2. According to the standard deviation, the original 
model MLM0 gives the best agreement. This is also expectable. The new 
models show slightly lower accuracy than the original model, but much 
improved prediction than the previous models, especially related to the 
2nd sampling option, where the distribution of mass flux in the previous 
data base DB1 and the new data base DB2 is completely different.

The comparison with the new data base DB2 shows a more accurate 
prediction is achieved using the new models MLM2 compared to the 
previous models MLM1, especially in case of the 2nd sampling option. 
Together with the previous section, these results indicate the improve
ment of the prediction accuracy with respect to the new data base as well 
as to the entire (original) data base, if the new researchers apply the DI- 
CML approach, instead of simply use the ML-models provided by the 
previous researchers. The accuracy improvement becomes more signif
icant, in case the distributions of the input variables of the new data base 

Fig. 5. Error distribution versus mass flux for the case G1S.

Table 3 
Summary of the new ML-models with the corresponding combined data bases.

MLM2- G1S-Γ MLM2- G1S-b MLM2-G2S-Γ MLM2-G2S-b

μ σ μ σ μ σ μ σ
2.8 23.61 2.34 26.59 3.48 23.79 2.72 23.75
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differ strongly from those of the previous data base.

4.2. Generation of artificial data bases with independent distributions of 
input variables

In the previous chapter 4.1, it is assumed that all input variables, 
except mass flux, have uniform distributions. Clearly, this assumption is 
not consistent with the real world, as shown in Fig. 2. In other side, the 
distributions of the input variables are dependent on each other, because 
during the experiments, the four input variables cannot be determined 
independently, e.g. local steam quality depends on other three input 
variables and experiments with low pressures and low mass fluxes are 
difficult to realize. An accurate approach to describe this coupled rela
tionship and to derive distribution functions for the coupled input var
iables remains a challenging task for the future studies. In this chapter, it 
is assumed that the distributions of all input variables are independent of 
each other, to investigate how the selection of the input variable dis
tributions affects the prediction accuracy of the DI-CML approach.

The procedure here is the same as that presented in the previous 
chapter 4.1. The original data base is arranged according to mass flux as 
in chapter 4.1. Although the distributions of the input variables are 
assumed independent, generation of the previous data base (DB1, as 
indicated in Fig. 1) and new data base (DB2, as indicated in Fig. 1) re
quires the selection of the reference input variable. To be consistent with 

the procedure in chapter 4.1, mass flux is also selected here as the 
reference input variable. As results, two previous data bases (BD1-G1S, 
DB1-G2S) and two new data bases (DB2-G1S, DB2-G2S) are generated, 
which are identical as produced in chapter 4.1.

Because the data bases DB1 are the same as in chapter 4.1, the 
trained ML-models (MLM1, indicated as previous ML-model in Fig. 1) 
are also the same as derived in chapter 4.1. The main difference between 
the present procedure from that of the previous chapter is the derivation 
of the distribution functions of the input variables.

(A) Derivation of the distribution functions
Here the distributions of all four input variables will be derived. 

Again, both two approaches, using Γ-functions and 20 bins, are 
considered. The approach using Γ-functions leads to eight optimized 
Γ-functions for both data bases DB-1-G1S and DB1-G2S and four input 
variables, respectively. The distributions of the input variables of the 
data base DB1-G1S according to the optimized Γ-functions (red curve) as 
well as the 20-bins approach (red pillars), together with the original 
distributions (black pillars) are presented in Figs. 7.

A good similarity between the real distributions and the Γ-functions 
is obtained with respect to steam quality. For all other three input var
iables with discrete features, the discrete peaks cannot be well captured 
with the proposed Γ-functions. Although the 20-bins approach gives also 
discrete peaks, the real peaks, especially those with large amplitudes, 
are flattened significantly. In general, the 20-bins approach shows 

Table 4 
Comparison of the new ML-models with the original data base DB0 and the new data base DB2.

Models→ MLM0 MLM1-G1S MLM2-G1S-Γ MLM2- G1S-b MLM1-G2S MLM2-G2S-Γ MLM2-G2S-b

Comparison with the original data base DB0
μ 2.56 5.66 3.19 3.12 − 23.97 5.04 3.61
σ 19.25 30.98 21.79 22.84 111.84 26.32 23.38
Comparison with the new data base DB2
μ ​ 6.88 3.16 3.74 − 47.92 6.31 4.79
σ ​ 39.24 23.16 25.14 154.23 30.02 25.69

Fig. 7. Distributions of the four input variables according to the Γ-functions, 20-bins approach as well as the real original data base DB1-G1S.
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improved similarity compared to the Γ-functions, indicating still sig
nificant deviation from the real distributions. Thus, future studies are 
required to improve the similarity between the distribution functions 
and the real distributions of the input variables.

(B) Generation of the artificial data bases
For the generation of the artificial data base, all four input variables 

are produced according to their distribution functions independently. 
Accordingly, four artificial data bases, i.e. DB1-G1S- Γ-All, DB1-G2S- 
Γ-All, DB1-G1S- b-All and DB1-G2S-b-All are created. Here “All” in
dicates that all four input variables are created independently according 
to their distribution functions. Combining the artificial data bases with 
the corresponding data bases DB2, four combined data bases are 
produced.

(C) Assessment of the new ML-models
With these 4 combined data bases, 4 new ML-models are trained and 

characterized as MLM2- G1S- Γ-All, MLM1-G1S- b-All, MLM2-G2S- Γ-All 
and MLM2-G2S- b-All, respectively. Table 5 compares the four new ML- 
models with the corresponding combined data bases. In general, good 
agreement is recognized of all new ML-models with respect to the cor
responding combined data bases. The accuracy is comparable to the 
original ML-model MLM0 on the original data base DB0, where the 
average value and the standard deviation of the error are 2.56 % and 
19.3 %, respectively. Moreover, the accuracy is comparable to the new 
models derived in chapter 4.1 (see Table 3).

Tables 6 summarizes the comparison of the new ML-models with the 
original data bases DB0 and the new data bases DB2. With respect to the 
original data base DB0, all new models give satisfying prediction accu
racy, comparable to the original model ML0. They show clearly 
improvement compared to the previous ML models MLM1. Slightly large 
deviation (error scattering) of the model MLM2-G2S-b-all again is due to 
the impact of some data points with input parameters outside the valid 
range on the quality of the artificial data base.

Comparison with the new data base DB2. The results are very similar 
to the results shown in Table 4. It indicates effect of both selected ap
proaches for the generation of the soft data bases, i.e. uniform distri
bution for the three input variables or independent distributions of all 
input variables, is small on the prediction accuracy.

5. Summary and outlook

The data-informed continuous learning (DI-CML) approach is pro
posed for CHF prediction. The main objective of the DI-CML approach is 
to generate a combined data base for the model development based on 
machine learning method. The generated combined data base contains 
not only the experimental data base of the present researchers, but also 
the artificial experimental data points of ‘all’ previous researchers. The 
artificial experimental data base would have similar features as the 
original data base of the previous researchers, which is however, not 
accessible to the present researchers. In this way, a continuous effective 
learning process becomes possible and enhances the applicability of the 
ML-approaches in engineering problems.

This paper describes briefly the procedure of the DI-CML approach. 
With help of the CHF data base provided by the OECE/NEA benchmark 
working group, the DI-CML was successfully assessed, and its feasibility 
was well confirmed. The following main conclusions can be achieved: 

■ Generally, application of a ML-model to new data base leads to a 
reduction in its prediction accuracy or to failure of prediction, in case 
the ML-model was trained with data base having completely 

different valid parameter ranges. Distribution outside the parameter 
range of their training data base may lead to significant error and is 
not recommended. Thus, sufficient information of the distribution of 
the input variables is unavoidable for continuous machine learning.

■ With two different sampling options, two data sets with significantly 
different distributions of the input variables with respect to the 
previous data base and the new data base were generated. The results 
showed that the new models based on DI-CML approach give much 
better prediction than the previous models proposed by the previous 
researchers, although, only very simplified functions are used to 
represent the distribution of the input variables. This emphasizes the 
necessity of the continuous learning and the importance of the pro
posed DI-CML approach.

■ Two different methods were used to generate the artificial data 
bases. The results show negligibly small effect of the generation 
methods on the prediction accuracy of the new models. However, it 
should be kept in mind, that the selection of the generation methods 
affects the quality of the artificial data base. With the method of 
independent distribution of the input variables, less data points have 
their input variable combination outside the valid parameter range, 
produce no-physical values of CHF and leads to higher quality of the 
artificial data base.

Although the necessity and feasibility of the DI-CML approach has 
been successfully demonstrated, some challenging issues remain, e.g. 
derivation of more accurate distribution functions of the input variables. 
As clearly indicated, the similarity of the distribution of the input vari
ables between the database and the distribution functions plays the key 
role in the accuracy of the DI-CML approach, especially the quality of the 
artificial database. For many engineering problems such as CHF pre
diction, the distribution of the input variables has discontinuous features 
and coupled with each other. Description of such coupled distributions 
constitutes an extreme challenging task. Although the selection of such 
distribution functions remains the task of the researchers dealing with 
their specific problems, establishment of guidelines should belong to the 
future research work.

Another key feature of the DI-CML approach is the correction of the 
results by means of the error distribution function, which, however, was 
not treated in this paper, because no obvious systematic error was 
observed. However, the error correction needs to be considered, in case 
a ML-model shows a systematic error distribution. Future studies should 
provide guidelines for the error correction.

The proposed DI-CML approach is a general approach and applicable 
also to other engineering problems, where the target parameter is 
dependent on a group of input variables, independent of the complexity 
of the problem or the number of the input variables. The key issue is to 
derive the distribution functions of the (independent or dependent) 
input variables and the errors. The conclusions achieved in this paper 
with respect to the feasibility of the DI-CML approach is also applicable 
to other engineering problems. Further efforts will be made to apply the 
proposed DI-CML approach to various engineering problems.
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