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Machine learning models are often considered as black-box solutions which is one of the main reasons
why they are still not widely used in operation of process engineering systems. One approach to over-
come this problem is to combine machine learning with first principles models of a process engineering
system. In this work, we investigate different methods of combining machine learning with first princi-
ples and test them on a case study of multiphase flowrate estimation in a petroleum production system.
However, the methods can be applied to any process engineering system. The results show that by adding
physics-based models to machine learning, it is possible not only to improve the performance of the
purely black-box machine learning models, but also to make them more transparent and interpretable.
We also propose a step-by-step procedure for selecting a method for combining physics and machine
learning depending on the process engineering system conditions.
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1. Introduction

Over the past several years, machine learning risen popularity
due to advances in the development of deep neural networks and
computational power of hardware which allows training of such
networks with millions of parameters. Major advances of machine
learning applications and research are mainly related to computer
vision and natural language processing, and, in some cases, the
performance of the developed algorithms reaches or even exceeds
the human performance (Liu et al., 2019). The success of deep
learning also attracted attention of the process industry towards
various machine learning models (Qin and Chiang, 2019; Shang
and You, 2019) where historically models are constructed based on
the first principles of physics resulting in mass, momentum and
energy balances written for a system under consideration. These
models are usually "transparent” meaning that the change of the
model input leads to the expected change of model output because
the relations between the input and output are written explicitly.
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However, the construction cost of these models may be high, espe-
cially if the process system is large and has a complex non-linear
behavior. Also, deep understanding of the system is required to
create an accurate model with a correct physical behavior. In ad-
dition, these models are often required to be tuned to the process
under consideration to make accurate predictions of the estimated
variable (Matzopoulos, 2011).

In contrast to first principles models, machine learning mod-
els in process engineering systems estimate variables directly from
data by exploiting the ability of finding complex patterns with-
out providing an explicit form of it. This makes machine learn-
ing models easier to construct in comparison to first principles
models. However, in addition to data requirements, a major draw-
back of these models is their black-box nature, and making ma-
chine learning algorithms transparent is currently an active field
of research (Roscher et al., 2019). In the recent review of oppor-
tunities of machine learning for process data analytics, Qin and
Chiang (2019) emphasized that in order to make machine learn-
ing algorithms widely applicable for process systems, we need
to incorporate first principles knowledge into machine learn-
ing algorithms, consider uncertainties and produce interpretable
solutions.

In this paper, we address the issue of explainability of ma-
chine learning models through combining them with first princi-
ples models. In addition, we show how combining machine learn-
ing models with first principles can improve their accuracy. To
demonstrate the performance of the proposed methods, we use a
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multiphase flow estimation problem in oil and gas production sys-
tems. This case is well-suited for this purpose because multiphase
flow is a complex phenomenon which is usually modeled as using
first principles but can also be approached using machine learning
models for some applications. In the literature, most attempts for
combining first principles and machine learning models for pro-
cess engineering systems in general, and oil and gas applications in
particular, lead to estimation of first principles models parameters
using machine learning algorithms. The history of such methods
is relatively long. For instance, Psichogios and Ungar (1992) used
a neural network to estimate unmeasured cell growth rate in a
bioreactor process back in 90rs. For the oil and gas applications,
a similar approach has been applied many times to estimate prop-
erties of an oil reservoir and multiphase flows in pipes such as per-
meability, porosity, rock type, reservoir fluid properties and liquid
hold-up (Ahmadi and Chen, 2018; Anifowose et al., 2017; Klyuch-
nikov et al., 2019; Onwuchekwa et al., 2018; Kanin et al., 2019).

In this work, we do not use machine learning for estimation
of first principles model parameters. Instead, we propose several
other approaches to combine machine learning algorithms and
first principles models. These approaches are much less investi-
gated in the literature and there is a need to address this impor-
tant issue. One example of such an approach, where, in addition
to parameter estimation using a machine learning model, an ap-
proach of parallel combination of first principles models and ma-
chine learning model for a industrial hydrocracking unit was dis-
cussed by Bhutani et al. (2006). In this work, however, we en-
hance this approach proposing its several formulations and test-
ing them at different system behavior and provide guidelines on
which selecting the proper formulation depending on the system
conditions.

As such, the main contributions of this paper are the following:

1. We propose new and enhance some of the previously re-
ported methods of combining first principles and machine
learning models and discuss advantages and disadvantages of
each method (Section 2). In addition, we propose heuristic step-
by-step guidelines on selecting a method for combining physics
and machine learning for specific system conditions and de-
sired accuracy (Section 6).

2. We investigate how physics-aware machine learning algorithms
improve accuracy and explainability over pure data-driven es-
timation approaches via qualitative modeling of physical phe-
nomena and model-agnostic feature analysis. In our case study,
the analysis also shows how physics-aware machine learning
models become able to reveal complex pattern behavior of
the system, for instance, transient multiphase flow behavior
in wells, gas condensation and release of gas from a hydro-
carbon mixture (Section 5). However, we do not create a for-
mal mathematical framework to get fully explainable machine
learning models. Instead, via case study we make one step to-
wards more transparent machine learning models by combining
formal interpretability approach, machine learning and physics
via a complex case study.

3. We show how consistent tuning using Bayesian optimization
techniques contributes to consistent comparison of structurally
different combinations of first principles and machine learning
models (Sections 2.3.1 and 5).

In general, the problem of creating fully explainable machine
learning is difficult, because it requires a rigorous definition of ex-
plainability, which is an ill-defined problem, because what is obvi-
ous to one person may be difficult to understand to another. There-
fore, we adopt an engineering approach here in this paper, where
we present different approaches for combining machine learning
and simplified first principles models, and then analyze the re-
sults in terms of accuracy and feature influence. This feature im-

portance is then analyzed and interpreted with physical systems
understanding. In our case, the feature importance analysis give us
new insights into the system, that are not obvious when setting up
the model, as discussed in Section 5.1.2.

We believe that the results in this paper are a contribution
towards the overall goal of better machine learning models. The
overview of modelling approaches and the heuristic guidelines can
be useful for practitioners. At the same time, it can be valuable for
the research community to further test and develop methods and
analyze the approaches.

The case study used in this work considers oil and gas produc-
tion from a well which is a part of a petroleum production system.
A typical petroleum production system consists of several main
parts: a reservoir, production wells, flowlines, a processing facility,
injection wells and transportation pipelines (Fig. 1). In the major-
ity of cases, oil and gas is extracted from a reservoir in a form of
a mixture and not as a single phase fluid. Often, in addition to oil
and gas, formation water is present as another mixture phase. This
mixture goes through production wells and flowlines to a process-
ing facility where the phases are separated and processed. Then,
water can be re-injected into the reservoir to enhance oil recovery
or disposed to the environment if sufficiently cleaned. A part of the
gas may also be re-injected and the remaining gas is transported
together with oil for either further processing or usage as raw sub-
stances (Falcone et al., 2001). In case of an offshore platform, oil is
typically transported by tankers.

Having good estimates of the produced volume of each phase
(oil, gas and water) for each well allows to efficiently perform
production optimization and reservoir management (Falcone et al.,
2001). For instance, the reservoir model can be updated, so that
water and gas re-injection strategies can be adjusted to increase
overall oil production. In addition, insights about flow assurance
issues can be obtained such as hydrate formation, erosion and (se-
vere) slugging (Falcone et al., 2001; Patel et al., 2014).

A simple method to obtain the multiphase flowrates is to use
test separators at the processing facility, shown in Fig. 1, by per-
forming well testing. Here, single phase flowrates are estimated us-
ing a separator and flow meters at the separator outlets. By chang-
ing openings of a production choke of the well of interest and
recording the changes of the total phase flowrate at the separa-
tor outlet, it becomes possible to estimate the rates of the well
(Idso et al., 2014). This method typically produces quite accurate
estimates of the flow. However, it has high operational expenses
due to the production loss during the tests and requires high ex-
pertise from operating engineers. As such, such tests cannot be
performed very often and usually the rates between the test are
assumed to be constant which is generally not the case in prac-
tice. In addition, manipulating the production choke can often af-
fect operation of surrounding wells which can lead to the drift of
the operating points of these wells (Idso et al., 2014).

An alternative estimation method is the use of multiphase flow
meters (MPFM) - hardware installations capable of estimating the
flow in real time without separating the phases (Falcone et al.,
2009). However, despite the ability to estimate the flow in real
time, these devices are expensive and exposed to failure which
introduces costly interventions, especially in offshore and subsea
fields. In addition, MPFMs need to be re-calibrated by well testing
from time to time due to changes of fluid properties (Falcone et al.,
2001; Patel et al., 2014).

Another alternative is to create a mathematical model of the
production system and estimate the flowrates by combining this
model and readily available field measurements such as pres-
sure, temperature and choke opening. This approach is called Vir-
tual Flow Metering (VFM) and shown as a flow metering alter-
native in Fig. 1. A Virtual Flow Meter can work as a standalone
metering solution or as a back-up system for a multiphase flow
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Fig. 1. Schematic representation of a typical production system with a multiphase flow meter (MPFM) and a Virtual Flow Meter (VFM) together with available measurements
and typical production and processing stages. In the measurements, P denotes the pressure, T- the temperature, BH - bottomhole, WHCU - wellhead choke upstream, WHCD

- wellhead choke downstream, Cy, - the choke opening.

Table 1
Recent research work on machine learning applications for Virtual Flow Metering.

Applied algorithm Short Summary

Reference

MLP neural network

Estimated liquid and gas rates using a neural networkensemble trained with scaled conjugate gradient and

AL-Qutami et al. (2018)

Bayesianregulation. Explored usage of meta-learners for the output layer.

Estimated gas rate with Gaussian radial basis function neuralnetwork to speed-up learning keeping good

accuracy.

Estimated gas and liquid rates using multi-rate welltest data. Compared neural network with random forest.
LSTM Estimated dynamic oil, gas and water rates for productionand severe slugging cases based on synthetic

data. UsedLSTM to forecast the rates into the future.

Compared LSTM with MLP neural network at steady state anddynamic conditions and showed advantages

of using LSTM.

Used LSTM as a model in the Kalman filter to correct biasprediction of a vanilla LSTM.

Used LSTM for multiphase flowrate estimation of transientunconventional wells data.

Used gradient boosting to create a VFM as a back-up system fora MPFM. Showed how to combine the
algorithm with welltest to replace MPFM. Performed sensitivity studies withrespect to the dataset size and

Gradient boosting

validation methods.

AL-Qutami et al. (2017)

Zangl et al. (2014)
Andrianov (2018)

Shoeibi Om-

rani et al. (2018)
Loh et al. (2018)
Sun et al. (2018)
Bikmukhametov and
Jaschke (2019b)

meter (Lunde et al,, 2013). There are two main alternatives for
VFM modeling: first principles models and machine learning mod-
els (Bikmukhametov and Jdschke, 2019a). In case of first princi-
ples models, the mathematical model is constructed using laws of
physics which describe the production system such as mass, mo-
mentum and energy conservation equations of the multiphase flow
mixture though pipes and production choke valves. This approach
requires deep domain knowledge, and the accurate models are of-
ten difficult to construct and solve numerically. In addition, due
to the embedded optimization problem for parameter tuning, first
principles VFM systems can perform very slowly for large produc-
tion systems. However, such models are transparent and provide
good overview of the processes in the production systems and the
results can further be used to describe system behavior at different
conditions.

In case of a machine learning model, as discussed above, deep
understanding of the system behavior is not required and of-
ten the flow is estimated directly from data with no or little
pre-processing. Different algorithms have been applied for ma-
chine learning Virtual Flow Metering including feed-forward neural
network, gradient boosting and Long-Short-Term-Memory (LSTM)
neural network. The most recent and relevant publications are
summarized in Table 1. A comprehensive summary of the avail-
able literature and aspects of first principles and machine learning
VFM systems is provided by Bikmukhametov and Jdschke (2019a).

Despite a reasonable accuracy of machine learning in VFM re-
ported by the authors listed in Table 1, machine learning VFM sys-
tems, as other data-driven process engineering systems, typically
provide a black-box solution which is hard to interpret. In fact,
in all the mentioned works in Table 1, the authors introduce raw
measurements directly into machine learning algorithms without
implementing knowledge of multiphase flow physics. This is one
of the main reasons why machine learning VFM systems are still
rarely used in practice (Bikmukhametov and Jdschke, 2019a). To
overcome this problem, we will investigate how different combina-
tions of machine learning algorithms with first principles may im-
prove accuracy and explainability of data-driven Virtual Flow Me-
tering models.

This paper is organized as follows. In Section 2, we start with
descriptions of the proposed methods, continue with machine
learning algorithms description and the procedure for its tuning. In
Section 3, we describe the system which is modeled by the meth-
ods investigated in this work as well as show how exactly these
methods are adopted to Virtual Flow Metering. In Section 4, we de-
scribe case studies selected for investigation. In Section 5, we dis-
cuss the obtained results using the proposed methods. In Section 6,
we summarize the most important points from Section 5 and pro-
pose a step-by-step procedure for selecting a method to combine
first principles and machine learning depending on different con-
ditions. Finally, in Section 7, we make conclusions from our work.
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Fig. 2. Overview of the proposed combinations of first principles and machine learning models and main steps of their development for any process engineering system.

2. Methods

In this section, we describe the proposed methods for combin-
ing machine learning with first principles models and the machine
learning algorithms which are used to implement the methods. We
also discuss which parameters of the algorithms are tuned as well
as the tuning procedure which is implemented using Bayesian Op-
timization approach.

2.1. Proposed methods for combining first principles and machine
learning

2.1.1. Introduction to the proposed methods

Up to now, in machine learning Virtual Flow Metering solutions
reported in the literature, the measurements of pressures and tem-
peratures available in the system have been used directly as input
features without advanced transformations (Zangl et al., 2014; AL-
Qutami et al,, 2017; 2018). Apart from that, in some cases, com-
plex structures have been used in order to create a model, for
instance, simulated annealing combined with different types of
learners within one algorithm (AL-Qutami et al., 2018). This makes
the results from the obtained model even more unexplainable than
a plain neural network.

To contribute to the improved explainability and accuracy of
machine learning models for process engineering systems in gen-
eral and petroleum production systems in particular, we propose
and test several different methods. The short summary of the
methods is shown in Fig. 2.

First, we propose to partition a big system under consideration
into small physically meaningful parts. In this context, it means
that the part may represent a part of the system, process or equip-
ment whose parameters influence the target variable. Please note,
that this action makes sense when it is viable physically and the
number and existence of sensors allow doing this. Then, physically
meaningful features should be developed which may include com-
binations of the original raw measurements alone or with external
data which can be generated based on the process knowledge. In

addition, simple first principles models may be constructed which
are able to estimate the target variable at least qualitatively. In
this work we do not assume that the first principles models can
be build easily for the system under consideration. In many cases
it is difficult or impossible to do due to the complexity. However,
we do assume that the first principles models can be simplified to
the level of abstraction which is enough for the machine learning
model to understand the qualitative behavior of the system, when
combined with the simplified first principles model. Then, the ob-
tained features and models are used in several proposed methods.
In Section 2.1.2, we describe each method in more detail, but in
general, all of proposed methods give an opportunity to evaluate
each model separately, which makes it easier to interpret the sim-
ulation result and the model behavior. In addition to the explain-
ability advantages, it helps to create more accurate solutions than
using raw data directly. This is because the main task for a ma-
chine learning model is to reveal how to combine the given fea-
tures using the model parameters, for instance, weights of a neural
network, to accurately estimate the target. However, if we directly
introduce the way how original raw measurements should be com-
bined based on known physics of a process, we reduce the feature
space and possibly create features which contain more informa-
tion about the target variable. Below, we provide the description
of each method.

2.1.2. Detailed description of the proposed methods

Method 1 - Feature engineering. Feature engineering is a well-
known method for constricting machine learning models, so, in
this work, we propose the guidelines on how this method may
be applied to get accurate and explainable results in physical pro-
cess systems. The proposed approach includes creating physically
meaningful features instead of using raw measurements directly.
By physically meaningful features we mean combinations of the
original raw measurements alone or with external data which can
be generated based on the process knowledge. Preferably, the de-
signed features should be well-interpretable, self-explanatory and
related to a particular system part. At the same time, the fea-
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tures should not necessarily be complex, but must contain some
information about the target variable. The form and parameters in-
cluded in the features will be case dependent and rely on expert
domain knowledge. The general schematic representation of the
training and test phases for feature engineering method is shown
in Fig. 3.

Physically meaningful features may be further divided into sim-
ple features and complex first principles features. Simple features
are the ones which are linear or non-linear combinations of the
raw measurements. The complex first principles features may be,
for instance, features represented as a solution of the equation
which aims to model the target variable using the raw measure-
ments and external data extracted using the process knowledge.
In Section 3.3, we provide examples of features of the oil and gas
production system.

Method 2 - First principles model solutions and feature en-
gineering. In this method, we use solutions from the developed
first principles models for each part of the process system. The
obtained solutions are then subtracted from the true value of the
target variable, such that we obtain the mismatch between the de-
veloped model and the actual value of the target. Then, this error
is used as a target variable for a machine learning model. In this
method, we again use created features as the input to the machine
learning model to train the model to cover the mismatch.

The hypothesis here is that the obtained solution from the first
principles model does not explain the system behavior, so that the
created features are still well-correlated with the target variable
(mismatch). As a result, by using them as the input machine learn-
ing features, we aim to learn the residual pattern of the system
behavior. Fig. 4 summarizes the details of Method 2.

Method 3 - First principles model solution and raw measure-
ments. This method is similar to Method 2. The major difference
is that we use raw measurements from the system as the input
to the machine learning models with the aim to explain the mis-
match between the first principles model solution and the true tar-
get value.

The hypothesis in this method is that the obtained mismatch
between the first principles model solution and the target does not
contain the information which can be described by simple or com-
plex first engineered features. For instance, it can be the case when
some hidden patterns/disturbances exist in the system and is not
covered by the proposed physical relationships implemented. If so,

this method might work better than Method 2, in which we use
the first principles features as the input to the algorithm aiming to
cover the mismatch. Fig. 5 shows the details of Method 3.

Method 4 - Linear meta-model of models with created fea-
tures. In this method, we combine solutions from models created
in Method 1 using a linear meta-model. The idea here is to give
a weight to the prediction from each model of a particular system
part, for instance, choke and tubing, and then sum the weighted
predictions to get the final outcome. The weights for each sub-
model are tuned using linear regression techniques, such that the
weighted sum of the sub-models accurately describe the system.

The hypothesis here is that at certain conditions a particular
model can produce better results than another model. If so, the
output from this model multiplied by the associated weight will
have a closer value to the target than another model. By combining
the solutions from several models, we can take the advantage each
model and obtain the solution which is more accurate then the
solution from a single model. The schematic representation of the
training and test phases for Method 4 is shown in Fig. 6.

Method 5 - Linear meta-model of the selected model with
created features and model with raw data. In this method, we
combine the solution of any of the models obtained using Method
1, i.e. the model with the created features, with the model which
uses the raw data as features.

The hypothesis here is that even by obtaining the best model
using the created features, there is still some unrevealed data
structure which cannot be described by the model while the raw
data model can do it, at least partially. As such, the combined so-
lution will be more accurate than both the best feature engineered
model and the model with raw input data. Fig. 7 shows the details
of Method 5.

In some cases, one may argue that one specific model will be
more accurate and another model will make the overall prediction
worse. However, we do not give these weights just by assigning
them, they are learned from the data which means, on average,
the predictions from such a model will most likely be better on
the new test set. This idea is similar to a normal linear regression
case. For a particular point in space one value of weight can be
better because then the line will go exactly thorough one partic-
ular point. However, this mostly likely not be beneficial for other
points. As such, the proposed method is simply linear regression,
but instead of features, we are giving model values, which on av-
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erage will produce more accurate predictions on the test set. In an
ideal case, one would want to have adaptive weights which know
that for this particular point it needs to use this particular model
is better and we just need to choose that model. However, this is
another direction of research and will not be covered in our paper.

2.2. Applied machine learning algorithms

In this section, we provide a brief overview of the machine
learning algorithms used in this paper, namely Gradient boosting,
Multilayer Perceptron and Long-Short Term Memory Neural Net-
works. More specifically, we describe the selected hyperparameters
and its tuning and the role in the model training and predictive ca-
pabilities.

2.2.1. Gradient boosting and tuned parameters

The first algorithm used for machine learning VFM in this work
is gradient boosting with regression trees implemented in XGBoost
package (Chen and Guestrin, 2016). Gradient boosting is based on

sequential construction of shallow regression trees which form an
ensemble and perform the final value estimate as a sum of the
trees’ predictions (Friedman, 2001). In XGBoost implementation,
the algorithm minimizes the following objective function in an it-
erative manner adding a regression tree at each iteration:

N

J=Y i -0 + fx)D? + Q(f) (1)
i=1

with

Q) =7Z+ 3heslwl 2)

where y; denotes the true value of the i — th example, i— the index
of a training example, t— the number of the currently constructed
regression tree, N— the number of examples in the training set,
}“‘1)— the sum of the t — 1 trees, f;— the prediction of the cur-
rent tree on the i — th example, Q(f;)— the regularization term,
y — the penalty term for the model complexity expressed as the

number of leaves Z, Agg— the penalty term of the weight values w.
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Table 2
Hyperparameter space and other parameters used for machine learning algorithms training.
Algorithm  Hyperparameter Range (oil rate) Range (gas rate)  Other parameters/concepts Approach
Gradient maximum tree depth [3:12] [3:9] Splitting algorithm Greedy linear search
boosting regularization X [0.001:0.1] [0.0001:0.1] Maximum number of trees 200
regularization y [0.001:0.1] [0.0001:0.1] Framework XGBoost
minimum child weight [1:3] [1:4]
MLP learning rate [0.0001:0.001] [0.0001:0.001] Activation function ReLU
neural regularization [0.00005:0.005] [0.00005:0.05] Optimization algorithm Adam
network number of layers [1:5] [1:5] Maximum number of epochs 1000
number of nodes [5:25] [10:30] Framework Tensorflow
LSTM learning rate [0.0001:0.01] [0.0001:0.01] Activation function tanh
window size [1:15] [1:15] Optimization algorithm Adam
dropout rate [0.05:0.2] [0.05:0.2] Maximum number of epochs 3
number of LSTM units [10:40] [10:40] Framework Keras
number of LSTM layers  [1:3] [1:3]

The algorithm minimizes the difference between the sum of all
the previous predictions and the true value by adding a new tree.
To manipulate the training of gradient boosting, we tune the max-
imum depth of regression trees which is responsible for the com-
plexity of the function which algorithm is able to approximate.
In addition, we tune regularizing coefficients y and A¢cg to pre-
vent overfitting as well as the "minimum child weight” parame-
ter which identifies the minimum number of instances required
in each node to become a split. The larger the "minimum child
weight”, the more conservative the algorithm becomes (Chen and
Guestrin, 2016). By adjusting these parameters, we try to find a
good trade-off between the bias and variance of the model and
strengthen generalizing capabilities on unseen data. Table 2 sum-
marizes the hyperparameters and its ranges used for tuning.

2.2.2. MLP Neural network and tuned parameters

Feed-forward (Multilayer Perceptron (MLP)) neural networks
are one of the most popular types of artificial neural networks in
machine learning (Goodfellow et al., 2016). They are constructed
using neurons which are interconnected with weights and stacked
in layers. The weights are used in order to fit the algorithm to
the data which is typically done via backpropagation algorithm
and gradient-based optimization method (Rumelhart et al., 1988)
which usually minimizes the following objective function:

1 N
J= 5 0=y 3)
i=1

where i denotes the index of a training example, N— the number
of training examples in the training set, y;— the estimated value of
the i — th example, y;— the true value of the i — th example.

A feed-forward neural network is a universal approximator
(Hornik et al., 1989) which means that it can approximate any
function given sufficient structural complexity. To approximate
nonlinear functions, neural networks use an activation function
in each neuron. Among other alternatives, ReLU activation func-
tion is a popular choice for feed-forward neural network regression
(Agarap, 2018) because it does not suffer from exploding and van-
ishing gradients, so we also use it in this work. Despite the advan-
tage of strong approximating abilities, a neural network can easily
overfit the training data which will create high variance on unseen
data. As such, often the objective function in Eq. 3 is adjusted with
a regularization term:

AN
J= NZ(V:‘—Y:‘)Z-H»NNHWH% (4)

i=1

where Ayy denotes the regularization coefficient, ||w||§— the I-
norm of neural network weights.

In this work, we use the objective function as shown in
Eq. (4) and consider the regularization coefficient Ayy as a hy-
perparameter to be tuned. As in the case with gradient boosting,
by tuning the regularization coefficient, we aim at finding a good
trade-off between the bias and variance of the model and avoid
overfitting to the data noise.

To minimize the cost function J in Eq. (4), we use the "Adam”
gradient based optimization algorithm (Kingma and Ba, 2014). De-
spite the fact that the learning rate is proposed to be adaptive in
Kingma and Ba (2014), in this work, we use it as a tuning hyper-
parameter to find a good initial guess of the learning rate for the
algorithms. In addition, we also try to find the best architecture of
the network, so we also tune the number of layers and neurons si-
multaneously with the learning rate and regularization coefficient.
Table 2 summarizes hyperparameters of neural networks and its
ranges used for tuning.

2.2.3. LSTM Neural network and tuned parameters

Long-Short-Term-Memory is a special type of recurrent artificial
neural networks which is designed for sequential type of data such
as speech and text (Hochreiter and Schmidhuber, 1997). In terms of
regression for Virtual Flow Metering, the sequence of data is a se-
ries of measurements in time. So, by using an LSTM for modeling
of the time dependent target, we use past measurements of pres-
sure and temperature in order to predict the flow at the current
time step. As such, one of the goals in using LSTM in this study is
to evaluate how the sliding window approach which considers the
past data can help in improving the current time step estimates. In
previous works on using LSTM for VFM, this important parameter
has not been investigated (Loh et al., 2018; Sun et al., 2018).

There are different possible configurations of LSTM such as
many(inputs)-to-many(outputs), many-to-one or one-to-many. In
this work, we use many-to-one configuration, such that several in-
put units (measurements back in time) are used in order to es-
timate the oil and gas flowrates respectively, at the current time
step. As such, one of the hyperparameters of the network is the
time window that is the number of time steps in the past which
are used for the current estimate. The number of time steps is then
equal to the number of cells in a LSTM layer.

An LSTM neural network may consist of several layers, which
is also the case for this work, and the layers have many-to-many
connections. We tune the number of LSTM layers because it di-
rectly influences the possible complexity of the function which the
network is able to approximate.

Greff et al. (2016) showed that, in addition to the number
of layers and cells in the LSTM layer, it is also important to
tune the learning rate in LSTM networks to achieve good perfor-
mance, so we include it as a tuning hyperparameter. To regular-
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ize LSTM and prevent overfitting, in the extensive LSTM tuning
by Greff et al. (2016) it was proposed to use input noise instead
of using ridge regularization as we do in the feed-forward (MLP)
neural network case (Eq. 4). However, to experiment with more
tuning parameters and regularization techniques, we use dropout
(Cheng et al., 2017) on the weights which connect the last LSTM
layer and one dense layer which computes the final estimates of
the flowrate. The range of the LSTM hyperparameters and other
parameters are shown in Table 2.

2.3. Hyperparameter tuning and comparison procedure of case
studies

To be successfully applied to any data, machine learning algo-
rithms have to be well tuned. By this, we mean that a good algo-
rithm architecture has to be selected as well as the values of these
hyperparameters have to be tuned accurately. This is typically one
of the most difficult and critical parts of machine learning model-
ing. We need to find a good "bias-variance trade-off” (Hastie et al.,
2005) meaning that the model that has small bias and variance on
the training set must have comparable bias and variance on the
test set, so it has good generalizing capabilities.

In general, it can be difficult to compare different algorithms
in a fair manner, because it is possible to give one algorithm (or
method) an advantage by making a more accurate tuning than
for another one if desired. In our case, in addition to have 3 al-
gorithms to compare, we also have 12 cases for each algorithm
(Section 4). To produce accurate and trustworthy results, we de-
veloped a pipeline for training and evaluation the methods which
is designed not to give an advantage to any case or algorithm. This
pipeline uses Bayesian optimization for algorithms tuning as a core
and searches the hyperparameters over the same space for all the
cases for the same machine learning algorithm. In the next sec-
tions, we present the main concept behind Bayesian optimization
and the developed tuning pipeline.

2.3.1. Bayesian optimization

Bayesian optimization is a suitable concept for optimiz-
ing a function which is computationally expensive to evaluate
(Frazier, 2018). Typically, this function does not have an analyt-
ical expression and can be a black-box which gives output val-
ues for a given input. The idea behind Bayesian optimization is
to create a surrogate model of the objective function with corre-
sponding uncertainties using Gaussian Processes regression. Gaus-
sian Processes is a Bayesian machine learning method that is why
this optimization approach is called Bayesian. Using this approach,
the algorithm decides where to evaluate the function next, given
the observed objective function values and corresponding uncer-
tainties (Frazier, 2018). This problem is known as the "exploration-
exploitation” trade-off (Berger-Tal et al., 2014).

To describe Bayesian optimization in more detail, let us define
the function to be optimized as f(x). Here, x € IRY is the function
input where d is the dimension of the input space. In case of hy-
perparameter optimization for a machine learning algorithm, f(x)
can be an error function on a validation set and d is the num-
ber of hyperparameters, for instance, d = 2 if we tune the learning
rate and regularization coefficient. Let us further assume that we
have already evaluated the objective function at x;.,, where n is
the number of evaluated points. Our goal is to find such x*, so that
it gives the maximum (in case of hyperparameter optimization -
minimum) of the function at x given x;. ,, i.e.:

x* = argmax(—f (x|x1:n)) )

By solving Eq. (5), we find the set of hyperparameters which
minimizes the error on the validation set. However, the only way

to evaluate f(x) is to give input x to the black-box function and ob-
tain output, so that we cannot simply evaluate gradients for find-
ing descent direction of the function.

To solve this problem, we use the concept of Gaussian Processes
regression. First, we specify a normal prior distribution (typically
with zero mean) over the entire parameter space IRN*d, such
that:

fx1:n) ~ N (0, K(x1:n, X1:8)) (6)

where K(x;.n, X1. y) denotes the covariance between the points
X1. N and N— the number of parameter values.

Then, given the observed values f(x;. ,), we compute the mean
and variance of the posterior distribution of the function f{x) us-
ing the following expression for Gaussian Processes regression
(Rasmussen and Williams, 2017):

Mn(X) = K(x, xl:n)K(Xlzn:Xl:n)qf(xl:n) (7)

On (X)z =K(X,x) — K(x, x1:0)K(X1:n, Xl:n)711<(xl:nv X) (8)

If at this point we were required to provide the best set of
hyperparameters, we would say that this is x* which gives f; =
max(f(x1.,)). However, if we are allowed to take one more sam-
ple anywhere in the hyperparameter space, we can check if we
can find a better set. After the new sample, the highest value of
the function can be f(x) in case f(x) > f; or it is going to be still
f#. As such, the possible improvement of the function is f(x) — f}.
Therefore, we want to make a new evaluation at x which produces
the largest improvement. However, the challenge is that we do not
know the value f{x) until we take a sample of it. In this case, the
solution is the fact that we can take the expected value of this im-
provement (Frazier, 2018):

El(x) = Ea[ f(x) — f7] (9)

where El,;(x) denotes the expectation of the posterior distribution
given the values of f{xy. ;).
Finally, we take a new sample where El,,(x):

Xni1 = arngaxEIn(x) (10)

The sampling stops when the specified number of sampling
steps is reached. This optimizing strategy (acquisition function) is
called Expected Improvement and this is what we use in this work
to find an optimal set of hyperparameters for the machine learning
algorithms. Further details about how to compute the closed form
of the acquisition function in Eq. (9) are provided by Frazier (2018).

2.3.2. Tuning pipeline

To tune the algorithms, first, we need to split the data into
training, validation and test parts. Since we have time depen-
dency in the data, we perform k-fold cross-validation with mixed
folds. Since we perform an extensive hyperparameter optimization
search for many cases, we cannot use nested k-fold cross-validation
because it is computationally too costly. As such, we split the data
into 60% for training, 25% for validation and 15% for test sets and
use only one set to validate the algorithms.

Another challenge is to choose how to perform fine tuning of
epochs and trees together with other hyperparameters. The proce-
dure we propose is to fix a certain number of epochs/trees which
corresponds to a relatively deep training. Then, for this fixed num-
ber, we select hyperparameters using Bayesian optimization based
on the validation set error. Then, using the obtained set of hyper-
parameters for each algorithm, we perform fine tuning of the num-
ber of epochs/trees using early stopping by monitoring the error on
the validation set. The same hyperparameter space is used for all
the cases within one algorithm.

Having the algorithm ready, we re-train it on the combined
training and validation sets by taking advantage of all the data
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Fig. 8. Proposed pipeline for algorithms tuning and case comparison.

available for training and finally evaluate it on the test set. A
summary of the proposed tuning pipeline is shown in Fig. 8.
Table 2 shows hyperparameters and their range used in the tun-
ing pipeline.

Note that the procedure above is designed such that we:

e Do not give any preference to any particular case and any par-
ticular algorithm;

Select a good set of hyperparameters via extensive Bayesian op-
timization search;

Avoid overfitting via early stopping and regularization;

Allow another possibility for overfitting control by changing the
hyperparameter space boundaries.

2.4. Feature analysis methods

Machine learning algorithms are often treated as black-box so-
lutions which are hard to interpret. In this work, we investigate if
features which are based on physics principles can contribute to a
better understanding of machine learning models behavior.

There are several methods which can be used to interpret ma-
chine learning models. A good review of these methods is provided
by Molnar et al. (2018). For non-linear models, the methods can be
divided into model-specific and model-agnostic methods. For in-
stance, tree-based algorithms such as gradient boosting and ran-
dom forest have embedded model-specific methods which evalu-
ate feature importance based on the selected criteria (Chen and
Guestrin, 2016; Genuer et al., 2010). However, sometimes, differ-
ent criteria produce different feature importance for the same al-
gorithm, which can make results confusing.

As we compare different algorithms in this work and also aim
to avoid misleading conclusions within each algorithm, we use
model-agnostic approach for evaluation of feature importance. This
means that such methods are applicable to any machine learning
model and use the same principles independently of the algorithm
under evaluation. This will allow us to compare different algorithm
using the same principles, so the conclusions can be well general-
ized. We use the feature importance and partial dependence plots
implemented in Skater Python library (Kramer et al., 2018). In this
package, feature importance evaluation is based on the theoretic
information criterion which estimates the entropy of the prediction
change supplied by a perturbation of a feature. The partial depen-
dence plots are adopted from Hastie et al. (2005), and describe the
global influence of a particular feature given that other features
are kept constant. As such, both methods are global interpretation
methods, so that they analyze the influence of features over the
entire dataset, rather than explaining the local behavior as, for in-
stance, LIME method does (Ribeiro et al., 2016). We use global in-
terpretation because, in this work, we are interested in the overall
relationships between the features and the targets. However, lo-
cal interpretations may also be useful for Virtual Flow Metering,
for instance, when the flow pattern is changed and we are inter-
ested in the analysis of the conditions at which it happens. We
keep these local investigations for future work.

We applied the methods discussed above to gradient boosting
and feed-forward neural networks, but have not applied to the
LSTM networks due to its dependency on a particular feature in
time. Such analysis has not been implemented yet neither in the
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Fig. 9. Schematic representation of the investigated system with available measure-
ments.

package nor by us, so we also keep this analysis for future work
too.

3. Description of the system and data
3.1. System and data

3.1.1. Overview

To test the proposed approaches, we use field data from one of
the subsea fields on the Norwegian Continental Shelf. The system
and the available measurements are shown in Fig. 9. For the input
to the algorithms, the following data is available:

e Pressure and temperature at the bottomhole of the well (Pgy,
Tgn);

Pressure and temperature upstream of the choke (Pyycy,
Twhcu);

Pressure and temperature downstream of the choke (Pyycp,
Twhcp);

Choke opening (Cop);

Well tubing length (Lgyping);

Well tubing diameter (Dyyping);

Fluid composition.

In this system, a multiphase flowmeter (MPFM) is installed at
the wellhead which measures oil and gas flowrates, Q,; and Qggs
respectively. The measurements of pressures, temperatures, choke
opening and flowrates are available at every minute. The length
and diameter of the tubing are fixed by the system design and do
not change during operation. The data available for training is the
historic production for 210 days and shown in Fig. 10. As we see in
Fig. 10, the system has a very unstable behavior during the entire
production time. The flowrates of oil and gas fluctuate a lot which
makes difficult it for a machine learning algorithm to estimate it
accurately.

We will construct machine learning algorithms based on the
flowrate measurements from the meter, so that the machine learn-
ing model will work as a back-up system. If the multiphase
flowmeter fails or starts producing unrealistic results, the VFM so-
lution will infer the current flowrates. As such, the target variables
for training are (Fig. 10):

« Oil flowrate (Qy;);
¢ Gas flowrate (Qgqgs).
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Fig. 10. Normalized oil and gas flowrates from the subsea well under consideration.

In oil and gas production operation, the fluid composition is not
always available. In the dataset used in this work, the fluid com-
position is given, however, this information is assumed to be very
unreliable, because it comes from measurements that were taken a
long time ago, and the composition may have changed over time.
As such, the fluid properties estimated using this composition can
be misleading and give a noticeable estimation error. Therefore, we
would like to avoid using estimates of fluid properties such as den-
sity or viscosity as much as we can in the first principles models,
while maintaining the qualitative physical behavior of the created
models.

In practice, there may be a possibility to re-estimate the fluid
properties given a new Gas-Oil-Ratio (GOR) by performing a new
well test, however, this information is not available in our setting.
However, it is useful and interesting to investigate predictive capa-
bilities of physics-aware machine learning algorithms under these
realistic conditions.

3.2. Applied first principles models

In this section, we introduce the first principles models which
are used in combinations with machine learning algorithms using
the proposed methods discussed in Section 2.1. To create a com-
bined Virtual Flow Metering systems with machine learning and
physics of the multiphase flow in petroleum systems, we propose
to use two first principles models: Bernoulli model for choke and
No-Pressure-Wave drift flux model for tubing.

3.2.1. Choke model

The Bernoulli equation is often used to describe single phase
flow in hydraulic systems and it is the basis for the simplest model
used to describe fluid flow over a choke. The equation describes
the fluid momentum between two points:

P1—P2:g(U22—U12) (11)

where P; denotes the pressure at point 1, P, - the pressure at point
2, p - the fluid density, U; - the fluid velocity at point 1, U, - the
fluid velocity at point 2.

Typically, a choke is modeled as a sudden contraction which is
called choke throat. In this case, Eq. (11) is applied between the
point before the throat (point 1) and at the throat (point 2). Con-
sidering the fact that the volumetric flowrate Q = A-U, we obtain:

2P -PR)
o(1-(&))
where C; denotes the discharge coefficient, A;— the pipe cross sec-
tional area before the choke, A,—the area of the choke throat.

The discharge coefficient C; is typically a function of the choke
opening Cop, and used to tune the model to the data at hand. Be-
cause measuring pressure at the choke throat is difficult, pressure
measurement after (downstream) the choke is often considered as
P,. As such, according to the introduced notation in Figs. 1 and 9,
Py = Bypcy and P = Bygcp.

Eq. (12) is valid for single phase flow. To apply this to a mul-
tiphase flow case, the single phase flowrate is usually multiplied
by a two-phase multiplier, for instance, the Chisholm multiplier
(Chisholm, 1983) which depends on the fluid properties at mea-
sured conditions. Because the fluid properties may change over
time, and a two-phase multiplier as well as mixture density may
be inaccurate in this case, we will not introduce two-phase mul-
tiplier into the choke model and will use the model outputs as
computed below.

In addition, the mixture density p,;; must be introduced in-
stead of single phase density p. The ratio A,/A; can be consid-
ered as the choke opening (Cop) because A; is the constant area
of the pipe and A, is changing depending on how open the choke
is. As the discharge coefficient C; is a function of the choke open-
ing which form we do not necessarily know, we simplify it by as-
suming a linear relationship. Considering this, we obtain a simple
expression for the mixture volumetric flowrate across the choke
Qchoke which is used in this work:

Q =CyA; (12)

2(BvHcu — Bvhep)
Iomix(1 - Cgp)

Qs = Cop (13)

Finally, by multiplying Qi%e with volumetric fraction of a
fluid phase (for instance, oil), we can obtain the phase volumetric
flowrate. The remarks on how the volumetric fractions are found
are discussed in Section 3.2.3.

3.2.2. Tubing model

For the tubing model, we use a "No-Pressure-Wave” form of the
drift flux multiphase flow model (Masella et al., 1998) which is de-
scribed by the following equation:

ar _ %_mixpmixu,%ix

a B 2Dtubing
where P denotes the fluid pressure, |- the pipe axial coordinate,

&nix— the friction factor coefficient, U,;— the mixture velocity,
Dpipe— the tubing diameter, pp;— the mixture density, g— the

+ pmingin(ﬂ) (14)
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gravitational acceleration constant, S— the inclination angle of the
pipe.

This equation is a simplification of the transient drift flux model
(Masella et al., 1998). Here, it is assumed that the flow is at steady
state and that the effect of acoustic waves is negligible for the con-
sidered time scale. We can solve this equation given the pressures
at the bottomhole and the wellhead and the fluid properties for
the mixture. The same as for the choke model, the fluid properties
can be the bottleneck for accurate predictions of the flow due to it
is potential inaccuracy. Moreover, the friction coefficient is also de-
pendent on them. As such, to avoid additional source of inaccuracy,
we keep the friction coefficient constant.

Typically, Eq. (14) is solved numerically together with the mass
balances for each phase in each discretization mesh point along
the pipe axial coordinate. In this work, we test simplified first prin-
ciples modeling approaches and want to use machine learning to
take care of the model inaccuracies. As such, by averaging the fluid
properties and the geometry over the pipe axial direction and inte-
grating Eq. (14), the solution for the multiphase mixture in tubing
becomes:

(Pery — Bvn — pmixgH) T szubing

tl{bing — _ 15
. Sémithubing/Omix ( )
with
P = PmixewH ;r Pmix@BH (16)

where Pgy and Pyy denote bottomhole and wellhead pressure re-
spectively, pmivewn and pmixepy— the mixture density at the well-
head and bottomhole conditions respectively, H— the height (ele-
vation) of the tubing, Lyne— the tubing length, &,;x— the friction
factor coefficient, S— the inclination angle of the tubing.

3.2.3. Remarks on fluid properties computation for first principles
models

We see that even the simplest process models require accurate
measurements and fluid properties data to compute the flowrate
accurately. As discussed, in our case, the fluid properties can be
relatively inaccurate because the composition is provided at the
beginning of production when the system was installed, while the
production data is at the late stage. This is exactly the place where
machine learning can enter and solve the problem with less ef-
fort. As we still need some approximations of the fluid properties,
we use the given (uncertain) fluid composition and Soave-Redlich-
Kwong (SRK) Equation of State (EoS) (Soave, 1972) implemented
in a commercial thermodynamic package. To obtain the phase vol-
umetric fractions and densities, we use simple flashing. We iter-
ate over the pressure and temperature condition range met in the
problem, save the results in look-up tables and then interpolate the
properties for any given pressures and temperatures at any time
step. This approach is commonly used in first principles simulators
of multiphase flow.

3.3. Adaptation of methods for combining machine learning and first
principles for VFM

In this section, we discuss how the developed first principles
models and features are used within the methods proposed in
Section 2.1. The overall summary of the used features for the in-
put in each method and case study can be found in Table 3 in
Section 4.

Please note, that all the developed models in this work use
a single output, such that we estimate only one target variable
each time. As such, we constructed separate models for oil and gas
rates. From our experience, making separate models for oil and gas
(i.e. for different outputs) produces better results and allows much

more flexible tuning. On the other hand, neural networks also al-
low multiple output regression without any single problem. As for
gradient boosting, in this case, two separate algorithms are always
needed.

3.3.1. Adaptation of method 1 - feature engineering
As discussed, we partition the system into the tubing and choke
parts and create the following features:

« Pressure drop over the choke (AP e = Pwvucu — Bvhep):

* Pressure drop over the tubing (APpine = Psy — Bvncu);

o Temperature drop over the choke (AT.oke = Twrcu — TwHep);
o Temperature drop over the tubing (ATiyping = Tpy — Twhcu)-

Despite being simple, these features have direct relationships
with the target variables - the oil and gas flowrates. This is because
in any process system, pressure difference is the main driving force
for the flow to go from one point to another. As such, pressure
drop over the well tubing and choke can be a good indicator of the
flow magnitude. At the same time, the flow magnitude and distur-
bances is what define the temperature drop over the tubing and
choke. In terms of explainability, these features make more sense
than raw pressure and temperature measurements which can be
hard to interpret with respect to the change of the target variable
(flowrate).

As we propose in Fig. 2, we can also use outputs from the cre-
ated first principles models as input features to machine learning
models. As such, we use the following additional features:

+ Choke mixture volumetric flow (Q¢hoke) (Eq. (13));

g. (15)).

The reason why we use mixture volumetric flow and not the
separate oil and gas volumetric flows is the fact that we know
that the fluid properties are inaccurate in our case, so we want
to avoid using them as much as possible. At the same time, the
mixture flow can be sufficient to give the machine learning al-
gorithms additional insights about the qualitative behavior of the
multiphase flow and improve prediction accuracy. Fig. 11 summa-
rizes the adaptation of training and testing procedures shown in
Fig. 3 for Virtual Flow Metering.

 Tubing mixture volumetric flow ( tl‘iii”g) (E

3.3.2. Adaptation of method 2 - first principles model solutions and
feature engineering

In this method, we use solutions of Eqs. (12) and Eq. (15) trans-
formed to the phase volumetric flowrates via multiplying it by
the phase volumetric fractions pre-computed in a thermodynamic
package. The obtained solutions are then subtracted from the true
phase rate, such that we obtain the mismatch between the de-
veloped model and the actual flow measurements from the field.
Then, this error is used as a target variable for a machine learn-
ing model. The procedure of training and testing the algorithms
for Method 2 shown in Fig. 4 is adapted for Virtual Flow Metering
in Fig. 12.

3.3.3. Adaptation of method 3 - first principles model solution and
raw measurements

As discussed before, Method 3 is similar to Method 2, while the
main difference is that raw measurements are used as the input to
the machine learning models with the aim to cover the mismatch
between the first principles model solution and the target. When
adapting this method to the Virtual Flow Metering example, pres-
sure and temperature measurements along the systems are used
as the input features to the machine learning models. Fig. 13 illus-
trates the adaptation of the method to Virtual Flow Metering.
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Table 3
Summary of the considered case studies.
First principles Training
Case study ML algorithm input model solution target
Case 1 Pgu, Tsr, Pwhcu, not used fre
Twecu, Pwacp, Twep
Case 2.1 APchoker ATcpoke, QEcke not used true
Case 2.2 A!thgke, ATepoke Clcllg‘l;e modmv]ekle mismatch = Qifue, — Qchoke
ix phuse = szx X phase@W H
Case 2.3 Py, Ten, Pwhcu, Choke model mismatch = Qiye, — choke
Twrcu, Pwhcp, Twhep choke — QEMoke ot ase@mwi
tubin,
Case 3.1 APupings ATeuping: Quuig > not used M
7 : tubin;
Case 3.2 Agff,-‘é’g""g' ATuping Tltjﬂ’rllgg mo:l:llglg mismatch = Q;;.Lf:ie _ ’mseg
ix hase erux O phase@WH )
Case 3.3 Pexis Tor, Pwricus Tubing model mismatch = Qie, — ubing
tubi tubin
Twncu, Pwacp, Twacp s = Quui " pase@wh
Case 4.1 APenoger ATcoke, QEhoke not used true
ubm
APtubmg- ATrubmg ‘ not used
Case 4.2 APgoker ATchokes ’:g"e Choke and tubing model mismatch =
APuping, ATuusing: Q™ ‘Zzﬁi/‘"’""g ft — Qe
hpke tubing
phase + hase )/ 2
Case 4.3 Psy, Tsh, Pwucu, Chol(e and tubing model mismatch =
A choke/tubing _ true A choke/tubing
Twhcu, Pwicp, Twicp hase ; e — Qopose
choke tubing
bi (Qp ase + hase )/2
choke (tubing true
Case 5 hase Qphase bi not used hase
choke “1 mg true
Case 6 e o’:_ or not used ol
choke/tubing Case 1
Qphase and Qphase
test _ test
A choke Target _Qoil true A choke
A test
choke test
PY AT hok Qpredlcted
oil choke oil
[
[ ]
test test
choke choke

(a) Training phase of Method 1 in VFM systems

Fig. 11. Method 1 (feature engineering)

(b) Test phase of Method 1 in VFM systems

adapted for Virtual Flow Metering.

f.p.
n . ; - - f.p.
First prlncples oil finud mismatch First pr|ncp|es oil
model model
train rue
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Apchoke APc:v:ke . Qpredlcted
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A-rchoke Tct::tke
° —»mlsmatcht,‘.,,n ° mlsmatchtest
[ ] [}
° [ ]
. test
c:gLr; Qc:csxke

(a) Training phase of Method 2

(b) Test phase of Method 2

Fig. 12. Method 2 (first principles model (choke and tubing) solutions and feature engineering) adapted for Virtual Flow Metering.

3.3.4. Adaptation of method 4 - linear meta-model of models with
created features

In this method, we combine solutions from models created in
Method 1 for the choke and tubing system parts and then sum the
weighted predictions to get the final outcome. Fig. 14 shows the
adaptation of the method to Virtual Flow Metering.

3.3.5. Adaptation of method 5 - Linear meta-model of the selected
model with created features and model with raw data

In this model, any of the models (choke or tubing or choke
and tubing) with created features can be used together with

the model which uses raw measurements as the input. In this
work, we use the model with both choke and tubing features.
Fig. 15 shows how the method is applied for Virtual Flow Metering
systems.

4. Case studies
This section provides an overview of the considered case stud-

ies. The summary of the selected case studies, input features, used
first principles models and training targets is shown in Table 3.
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(a) Training phase of Method 3
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Fig. 13. Method 3 (first principles model (choke and tubing) solution and raw measurements) adapted for Virtual Flow Metering.

Model
for system Prediction, .. ,
part #1 l
— @,Prediction, . , + ,Prediction, . , [-Prediction
Model
for system Prediction, .., ,
part #2

(b) Test phase of Method 4

Fig. 14. Training and test procedures Method 4 - linear meta-model of models with created features.
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Fig. 15. Training and test procedures Method 5 - Linear meta-model of the selected model with created features and model with raw data.

Case 1 is the base case which is used for comparison with all
the other cases. In this case study, raw measurements are used as
the input to the machine learning algorithms without any trans-
formation. This is the approach which has been used in the data-
driven Virtual Flow Meters in the literature so far and often used
in estimation of parameters in process engineering systems using
machine learning. This base case will be compared with the pro-
posed approaches of combining machine learning with first princi-
ples models.

Case 2 considers methods 1, 2 and 3 applied to the production
choke. More specifically, Case 2.1 considers using Method 1 (fea-
ture engineering) applied for the choke, so that the inputs to the
machine learning algorithms are APguore, ATenoke and QChoke. This
case will show if the measurements related to the choke only can
describe the flow accurately.

In Case 2.2, Method 2 (first principles model solution + feature
engineering) is used such that the solution of the choke model
for Qyjyjges is obtained and the mismatch between the solution and

the true value is covered using an algorithm with choke features
APgpoer ATchoke and QEh%ke as inputs.

In Case 2.3, Method 3 (first principles model solutions + raw
measurements) is used and raw measurements are used for the
algorithm which is trained to cover the mismatch. Table 3 summa-
rizes the used combinations for the cases.

Case 3 is similar to Case 2, but it considers methods 1, 2 and
3 applied to the production tubing. As such, Cases 3.1, 3.2 and
3.3 are conceptually identical to Cases 2.1, 2.2 and 2.3, but in-
stead of choke, tubing first principles model and features are used
(Table 3).

Case 3 considers method 1, 2 and 3 applied to choke and tubing
combined. More specifically, Case 4.1 considers all the features for
choke and tubing combined as the inputs to the machine learning
model, so it again follows Method 1.

In Case 4.2, to use Method 2 we used averaged solution from
the choke and tubing models for Q,; and then cover the mismatch
using both tubing and choke features.
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In Case 4.3, we cover the mismatch by using the raw measure-
ments as features. Again, the discussed case studies are summa-
rized in Table 3.

Case 5 considers Method 4 - using a linear meta-model for the
algorithms which are based on the engineered features. We con-
sider this case only for the choke (Case 2.1) and tubing models
(Case 3.1) combination. This is because this is the simplest yet ef-
fective way to combine all the available models and measurements.

Case 6 considers Method 5 - using a linear meta model which
combines the selected model with engineered features (we se-
lected the model from Case 4.1) with the model from Case 1 which
uses the raw data as the input.

Remarks on other possible case studies. It is possible to cre-
ate a meta-model over the other cases, and even a meta-model on
top of other two meta-models which combine, for instance, first
principles models solution and mismatches. However, it will intro-
duce additional unexplanability of the models as well as it leads
to a tricky implementation without necessarily providing a better
accuracy.

5. Results and discussion

In this section, we describe the estimation results for gradient
boosting, MLP neural networks and LSTM and feature analysis for
gradient boosting and MLP neural networks. First, we thoroughly
describe the estimation results from gradient boosting including
the estimation accuracy and transparency of the data-driven mod-
els which is developed through combining first principles and ma-
chine learning models. After that, we discuss the results of neural
networks and LSTM mostly focusing on the differences between
the results of these algorithms and gradient boosting to avoid rep-
etition of similar conclusions. We also discuss the differences be-
tween static algorithms (MLP neural network and gradient boost-
ing) and dynamic algorithm (LSTM). Please note, that we do not
provide a feature analysis of LSTM neural networks, because the
current version of the feature analysis tool (Skater) does not pro-
vide such capabilities due to its dependency on a particular feature
in time. Nevertheless, we decided to include the estimation results
of the LSTM, because they provide insights about the importance
of considering past time steps data in estimating the current time
target value. As such, it provides the basis for conclusions on the
conditions at which dynamic methods should be preferred over the
static ones.

5.1. Analysis of gradient boosting results

5.1.1. Overview of flowrate estimation results

In this section, we analyze the results of oil and gas flowrate es-
timation using gradient boosting based models. While the original
time resolution of the data is 1 minute, for better visualization, the
estimation results are averaged over the period of 5 minutes. This
allows to see if the algorithm is able to capture the general multi-
phase flow trends rather than occasional flowrate spikes which are
not essential to capture. The results for oil and gas flow estimation
using gradient boosting based models are shown in Fig. 16.

When to use feature engineering (Method 1) and when to use first
principles-based models (Method 2 and 3)?

The first observation in Fig. 16 is that in some cases, feature en-
gineering methods outperform other methods while in other they
do not. As feature engineering method is the simplest one in terms
of construction cost, it is useful to know under which conditions it
can be effectively applied which will allow to avoid constructing
more complex combinations of first principles and machine learn-
ing models.

First, consider the oil rate estimation case (Fig. 16a) and com-
pare the feature engineering-based methods with other proposed

methods. The accuracy of these models in comparison with the
base case is discussed in the next sections.

We see that the cases with engineered features (Case 2.1, 3.1
and 4.1) generally outperform all the other models using the pro-
posed methods (Case 2.2 and 2.3, Case 3.2 and 3.3, Case 4.2 and
4.3 respectively) except the meta-model approaches. However, in
the gas flow estimation (Fig. 16b), when the first principles mod-
els are combined with the raw measurements (Case 2.3, 3.3 and
4.3), such models generally perform equally good or better than
the feature engineering models.

The major difference between the oil and gas flowrates is the
complexity of the system behavior. From the test set representa-
tion in Fig. 16 as well as from the entire dataset in Fig. 10, we see
that the oil rate behavior is much more unstable and does not have
the same trend in the train and test sets, while the gas rate has
much smaller fluctuations and the trend is observable. As such, we
see that when the system behavior is relatively complex (in this
case - oil rate behavior) and the constructed first principles mod-
els are relatively simple as in this work, it is better to use feature
engineering methods as a simple yet accurate solution. This is be-
cause for a complex system behavior, simple first principles mod-
els may not be accurate enough to accurately represent it. At the
same time, well-engineered features may be well-correlated with
the target variable (in this case - the oil flowrate), such that the
model produces accurate results.

When the system behavior has a moderate complexity, (in this
case - gas rate behavior), so that even simple first principles mod-
els are accurate enough, its combination with the raw data may be
a good choice as it can be seen in Fig. 16 (Case 2.3, 3.3 and 4.3).

As for the Method 2, when the first principles models are used
together with the simple and complex first principles features, it
does not improve the performance as we see from Fig. 16 (Case
2.2, 3.2 and 4.2) for both oil and gas rates. The reason for this may
be the fact that the features are better correlated with the origi-
nal target variable and not the mismatch, while the first principles
models solution may also not be very accurate, which in total de-
teriorates the performance, as we see in Fig. 16 (Case 2.2, 3.2 and
4.2), especially for the oil rate estimation.

Influence of first principles models accuracy on estimation ac-
curacy and on capturing physical effects The next important dis-
cussion is related to the one in the section above with a particular
focus on the influence of the accuracy of the first principles models
on the estimation accuracy.

Comparing the choke-based (Case 2.1, 2.2 and 2.3) and tubing-
based (3.1, 3.2 and 3.3) machine learning models, we see that the
proposed first principle choke model is not a solid basis to accu-
rately represent the oil rate behavior, such that it has a lower accu-
racy than the base case (Case 1) with just raw measurement input
data. However, the choke-based machine learning models show a
moderate accuracy for the gas estimation case and Case 2.3 even
outperform the model in Case 1.

At the same time, the first principles tubing model and related
features are relatively accurate to represent the flow well. Even
though the model may not be able to account for high oil flowrate
fluctuations, the general flow behavior is accurately represented
and all the constructed tubing-based machine learning models out-
perform the model from Case 1.

As such, we conclude that in order to be applied alone for oil
rate estimation within machine learning VFM, the proposed first
principles choke model must be improved for this specific case.
One possibility to do that is to change the model type which re-
solves the flow more accurately and accounts for more complex
physics such as gas slip, as suggested by Schuller et al. (2006), who
found that by introducing the slip relationship, a choke model typ-
ically produces more accurate estimates. Another possibility is to
perform some pre-tuning of the model using simple linear regres-
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Fig. 16. Oil and gas rates estimation by gradient boosting based models. The results are averaged over 5 minutes period, i.e. one point - 5 minute averaged rate.

sion techniques and then use the model as the basis for the com-
binations with machine learning algorithms as proposed in this
work.
Despite the fact that the first principles tubing model shows a
reasonable accuracy, it can also be further improved. For instance,
the model can be solved numerically for a small number of mesh
points along the tubing and only then combined with machine
learning, so that the model will provide a more accurate solution
than the one presented here. We keep these investigations for fu-
ture work.
It is worth noting that despite the choke model alone is not ac-
curate enough, it can still be used to further improve the accuracy

of the tubing model results. We can see that Case 4.1 for both oil
and gas rates produces one of the most accurate results, if not con-
sidering the meta-models from Case 6. This is likely because the
choke and tubing models in this case can be better at estimating
different flow conditions. In fact, we see that for the oil rate pre-
dictions, the choke model based algorithms (Case 2) follow a more
transient behavior of the system, such that we see predictions of
flowrate fluctuations with some occasional spikes which try to cap-
ture even higher fluctuations, but often overestimating them. This
is different from the cases with the tubing model based machine
learning models (Case 3), where we see a more smooth flow. This
behavior is physically meaningful because the choke model is a lo-
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cal (static) model which means that any flow disturbance across
the choke will suddenly be reflected in the change of pressures
and temperatures taken at the inlet and outlet of the system. On
the other hand, if a flow disturbance occurs at the bottomhole of
the well, this will be reflected at the bottomhole measurements
first and only after some time reach the wellhead measurements.
For the gas flow cases, the behavior of both models is relatively
similar due to low flow fluctuations.

Improved model generalization One of the potential advantages
in including physics information into machine learning models can
potentially be improved model generalizability. This is the ability
of the model perform well on the unseen data. In physical and
process engineering systems, this can be exemplified if the ma-
chine learning model is able to describe system under conditions,
which have been barely seen in the training set. In our case, the
model generalization is seen to be improved significantly for sev-
eral cases. indeed, in Case 4.1, we see that by combining the first
principles models as features, we are able to capture the rising
oil rate trend at the end of the estimation period as well as the
decreasing gas rate trend, while when using the pure data-driven
models (Case 1), it is not possible. As such, by combining the mod-
els, we can achieve improved machine learning model generaliza-
tion and the overall improvement of the results. This strength-
ens the fact that the combined approach of physics-based machine
learning modelling may be able to significantly improve machine
learning model generalization, especially compared to a pure data-
driven approach.

Meta-models performance

The next important discussion concerns the meta-models per-
formance. While the meta-models have the highest construction
cost, they may not necessarily have the highest accuracy. For
instance, we see that the accuracy of Case 6 for both oil and
gas rates is the highest among the cases, while Case 5 meta-
models are not as accurate. The reason for this is the accuracy
of the sub-models used in the meta-models. Since the accuracy
of the model with choke-based features (Cases 2.1) is not high,
it deteriorates the results of the meta-model. As such, we con-
clude that it is better to combine the models using engineered
features within one algorithm (such as in Case 4.1), than in a
meta-model (Case 5), if the performance of separate models is
not accurate. However, if the models are accurate enough, the
joint meta-model can further improve the performance, such as in
Case 6.

Also, we conclude that when using the raw data models within
a meta-model, we can improve the performance of the physics-
based machine learning models and, at the same time, keep the
overall model explainable because the weight of the raw data
model in the meta-model shows its contribution to the overall so-
lution. As such, we are able to see which part of the process is
resolved by the physics-aware algorithms and which part is still
unresolved and covered using the raw data algorithm. A detailed
analysis is shown in Section 5.1.2.

Advantages of comparing different physics-aware machine learning
models using the proposed approach

The observed results in the sections above emphasize one of
the most important conclusions from this work: by analyzing and
comparing the simulation results using the proposed approaches
with physically meaningful features, separating the system into
sub-parts and creating first principles models for each system part,
it becomes possible to better understand the physical behavior of
the system, make conclusions about the drawbacks of the applied
models and propose solutions to create more accurate approaches.
This is not the case when raw measurements are used directly. In
that case, even if the solution is accurate, it is hard or impossible
to comprehend if the solution is physically meaningful or not and
propose future improvements.

In Table 4, we suggest possible cases which can be met by con-
ducting simultaneous model analysis using Method 1 (feature engi-
neering), Method 2 (first principles model solution + feature engi-
neering) and Method 3 (first principles model solution + raw data).
Here, we propose possible solutions to the problems which can
arise during such analysis, so that the table can be used as an ini-
tial reference when the proposed methods applied to any process
engineering system. For instance, if we see that feature engineering
method produces low accuracy, while the combinations of the first
principles models with raw data has high accuracy and adding fea-
tures to such model reduces the accuracy (the first raw in the ta-
ble), it is evident that in this case the features are poorly designed.
As such, to further improve the accuracy, the features should be
re-designed.

Of course, other situations may occur during the analysis which
are not shown in Table 4, for instance, the accuracy of two meth-
ods are identically high or low, but using the logic in the table, it
will be easy to comprehend the solution for any case.

5.1.2. Feature analysis

Apart from the potential of improving the accuracy of the mod-
els, first principles-based algorithms allow to check if the model
follows the expected physical behavior. Also, it can help to re-
veal some additional patterns in the data. To explore these op-
portunities, we perform a feature analysis of the constructed mod-
els. Fig. 17 shows the feature importance while Fig. 18 shows the
partial dependence plots for oil and gas rate (or oil and gas rate
mismatch) prediction models based on the gradient boosting algo-
rithm. As the values are standardized in model training and test-
ing, they are removed from the partial dependencies plots because
they do not add any value, while removing them allows a better vi-
sualization. The plots are used to identify the qualitative behavior
of the models. It is also worth noting that the partial dependence
plots are not produced for Case 5 and Case 6, because in these
cases the meta-models are considered, so that the partial depen-
dence plots will be identical to the plots of the meta-model sub-
models and the importance of sub-models is shown in Fig. 17.

Poor features identification

The first interesting observation is that in the oil rate estima-
tion case, the choke flow constructed feature has high importance
when used in the separate choke model cases (Case 2.1 and 2.2),
while when used with all the other features in Case 4.1, the feature
has low importance. At the same time, the tubing mixture volume
flow feature has high importance in both Case 3.1 and 4.1. From
this observation, we conclude that the choke mixture flow feature
is not representative enough to describe the flow behavior. This
conclusion is supported by the rate estimation results shown in
Fig. 16a where we see that the accuracy of Case 2.1 and 2.2 is low.
We observe that by relying on the choke mixture flow feature, the
algorithm makes poor flow estimates. At the same time, the tubing
mixture flow feature is better designed and this is again confirmed
by the results from Fig. 16a where the tubing based models are rel-
atively accurate. When all the features are combined (Case 4.1 and
4.2), the gradient boosting algorithm is capable to distinguish good
features (tubing model related), make the full use of relatively poor
features (choke model related) and improve the estimates.

Transparency of meta-models

As for the importance of the meta-models features,
Fig. 17 shows the absolute values of the meta-model weights.
We see that the meta-models rely on the more accurate models
(tubing and tubing/choke) which is what we would like to have.
We see that in the gas estimation case, the meta-model gives
higher weights to the raw data model than in the oil case. This
coincides with what we saw in the rate estimation section, where
adding the raw data model to the first principles model improved
gas rate estimation accuracy (Case 2.3, 3.3 and 4.3) while in the
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Analysis of methods for combining first principles with machine learning and proposed problem solutions.

Accuracy

Feature engineering

First principlesmodel
solution+ mismatch
withfeature engineering

First principlesmodel
solution+ mismatch

withraw data

Conclusion

Solution
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low high average
average low high
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high low average
high average low
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oil rate estimation, this does not improve the performance as sig-
nificantly. As such, we can say that the constructed models which
are based on the physics-based features (Case 4.1) are better in
explaining the given dataset than the raw measurement models
(Case 1), especially for estimation of the oil rate, because of its
better performance and higher weight values in the meta-models.
At the same time, there is still a potential in improving the created
model accuracy which should increase importance of the physics-
based machine learning model even further when combined in a
linear meta-model with the raw measurement model.

From the estimation and feature importance observations re-
garding the meta-models, we conclude that, in addition to the im-
proved estimation accuracy by using the linear meta-model struc-
tures, we can also evaluate the potential of improving the physics-
based machine learning models itself. For instance, in Case 5-type
meta-models, these improvements consider separate models for
each system part, i.e. we can check if, for instance, by introducing
the slip relation into the choke model, the importance of the choke
model in the meta-model increases or decreases and compare with
the obtained estimation results. More importantly, the same can
be said for the physics-based machine learning model of the entire
system used in Case 6. That is, by creating different (more complex
or less complex) physics-aware models and comparing their contri-
bution in the meta-model with the raw data models, we can check
if the new proposed model reduces the influence of the raw data
based model. The higher the influence of the model, the better the
model is, because in such a case, the new constructed model will
better explain the data and reveal the patterns which were pre-
viously unrevealed by a simpler model. Again, it is expected that
the model with the higher importance will have higher estimation
accuracy.

Insights about physical behavior of the system

In addition to the better explainability of the machine learning
algorithms, we can get extract insights about the fluid behavior in
the system using the constructed feature importance and partial
dependencies plots.

Temperature drop effect. Consider the partial dependence plots
for Case 3.1 for both oil and gas predictions. We see that for the
tubing case, the larger the temperature drop is, the higher oil
flowrate is. This is the opposite to the gas case, where we see that
with the rise of the temperature drop, the gas rate decreases. Such
model behavior well corresponds to the thermodynamic behavior
of a hydrocarbon mixture. That is, with the decrease of temper-

ature of the mixture, more hydrocarbon mass starts being con-
densed from the gas phase and accumulated in the liquid phase.
By considering that the reservoir temperature is relatively constant,
the decrease of the temperature of the fluid will be mainly caused
by the heat transfer along the well tubing. As such, more hydrocar-
bon will be observed in the liquid phase if the temperature drop
along the tubing rises. Such behavior is more difficult to see for
Case 4.1 because the algorithms rely less on the temperature drop
feature, so that such partial dependence is less identifiable.

Explanation of complex multiphase flow behavior. Another obser-
vation for the tubing model is that with the increase of the mix-
ture flow feature value, we see the increase of the gas rate and
the decrease of the oil rate. As such, the model tells us that the
increase of the mixture volumetric flowrate from the well will
mainly correspond to the increase of the gas production and de-
crease of the oil production. This is exactly the behavior of most
wells at the late production stage, when we see the increase of
the gas and/or water production and decrease of the oil produc-
tion. The model captures this relation from the training set.

At the same time, for the choke model in Case 2.1, we see
that the increase of the constructed feature of the mixture flow
and pressure drop corresponds to the increase of rates with some
occasional non-linear fluctuations caused by the flow irregulari-
ties and non-smooth solutions produced by gradient boosting algo-
rithm. For the oil rate, however, this dependence is more difficult
to see because of the low importance for the algorithm when esti-
mating the flow, as we observed in Fig. 17a. Such behavior gives us
further insights about the system. In our case, the choke opening is
almost always constant, so the increase of the pressure drop over
the choke will correspond to the increase of the flowrate. As the
mixture flowrate feature is also proportionally dependent on the
pressure drop, it is positively correlated with the rates. The reason
why the choke model behaves differently from the tubing model
in terms of the increase/decrease of the phase rate when increas-
ing the choke mixture rate is that the flowrate measurements are
taking at the end of the tubing and before the choke (Fig. 9), as
such the degassing/liquid accumulation effects are considered in
the tubing model through the fluid density change, while in the
choke model such effect is not considered.

Another observation is that the pressure related features such
as pressure drop across the choke and tubing is generally more
important for the gas estimation than for the oil estimation. This
results is physically meaningful because the gas behavior is much
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Fig. 17. Feature importance analysis for gradient boosting based estimation algorithms.

more affected by the pressure changes due to its high compress-
ibility.

As such, through the provided analysis we see that it is possible
to answer two questions: "Can we trust the model?” and "Can we
get the new insights about the system?”. More specifically, when
we observe that the model is able to describe even a simple sys-
tem behavior in a correct way, the trust in the model increases.

In addition, after getting deeper insights about the model behavior
thorough the analysis, we can dig into a more complex physics, for
instance, which we did not think of before the analysis, e.g., the
local degassing effects of the multiphase flow in case of our work.
Advantages of using the proposed feature analysis
Generally, we can say that, in addition to the evaluation of the
algorithms transparency, the evaluation of the feature importance
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Fig. 18. Partial dependence plots for gradient boosting based models. The plots show the qualitative relationship between the features and the target variable. Occasional
spikes are associated with flow irregularities and non-smooth solutions provided by the gradient boosting algorithm.

and partial dependencies shows possible directions for improving
the estimation capabilities of each particular model. This means
that by taking the discussed evaluation into account, we can dis-
tinguish which features and models behave non-physically, so that
we can identify the bottlenecks and try to improve the models and
features such that they better correspond to the expected physical
behavior of the system. As a result, improvements of the estima-
tion accuracy can be expected.

All the discussed observations would be hard or impossible to
recover from the plots related to Case 1 only. An importance of
a particular measurement can tell us much less than a physically
interpretable feature as well as a comparative study of combi-
nations of the first principles with machine learning algorithms.
However, analysis of raw measurements can still be useful to con-
duct even for the model which uses raw measurements in order
to see which measurements can be totally irrelevant and not in-
cluded into the first principles features and models. For instance,
in this case, this is the choke opening measurement in Case 1. This
can be especially useful for modeling and analyzing of large scale
systems.

5.2. Analysis of neural network results

5.2.1. Flowrate estimation results

Results overview and similarities between MLP neural network and
gradient boosting results Fig. 19 shows the estimation results of the
oil and gas flowrates using MLP neural networks. Generally, we
see that the behavior of the models corresponds to the results ob-
tained using the gradient boosting based models, such that most of
the trends observed in the gradient boosting case, can also be ob-
served here. For instance, we see that the combinations of choke
and tubing features are able to improve the performance and to re-
construct the rising oil rate trend and decreasing gas rate trend at
the end of the estimation period (Case 4.1). Apart from that, adding
the raw data to the choke and tubing models in the gas estima-
tion case boosts the performance (Case 2.3, 3.3 and 4.3). The same
as with gradient boosting, the meta-model from Case 6 achieves
the highest performance for both oil and gas rates. We will not go
into detail about the neural networks behavior in cases where it is
similar to the gradient boosting behavior, because these trends are
well discussed in sections related to the gradient boosting results.
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Fig. 19. Qil and gas rates estimation by MLP neural network based models. The results are averaged over 5 minutes period, i.e. one point - 5 minute averaged rate.

Instead, we will focus on the differences between gradient boost-
ing and neural networks. To compare the results between two al-
gorithms closer, Tables 5 and 6 show the comparative summary of
the estimation results.
Differences between MLP neural network and gradient boosting re-
sults
The first difference between the results is that the neural net-
works are not able to use the tubing model and related features
(Case 3.1, 3.2 and 3.3) as efficiently as gradient boosting provid-
ing less accurate results closer to the base case (Case 1) accuracy,
while still more accurate. The reason for this may be the fact that,
as will be shown in Section 5.2.2, the neural networks rely very

much on the "Tubing mixture volume flow” feature and almost
do not consider "Tubing pressure drop” and "Tubing temperature
drop” features. However, the "Tubing mixture volume flow” alone
may be too simple to accurately describe the flow. At the same
time, gradient boosting based models do consider pressure and
temperature drop features (Fig. 17a) which is likely why it helps
the algorithm to better estimate the flowrates.

We also see that for the gas estimation cases, in each case the
MLP neural networks outperform gradient boosting, which is not
the same for the oil estimation. The exact reason for such behav-
ior is unclear, but one explanation for such behavior may be that
neural networks in general and MLP neural networks in particu-



T. Bikmukhametov and J. Jdschke / Computers and Chemical Engineering 138 (2020) 106834

Case_1 Raw measurements

Choke
openin:

PeTgIP

Temperature
BH

Pressure

WH

Pressure

WH

Temperature
WH Pressure

(after choke)
WH Temperature

(after choke)

0.0

e

0.2 0.:

IS

Case_2_2 Choke model solution
+ mismatch with choke

Case_2_3 Choke model solution

Case_2_1 Feature engineering + mismatch with raw

with choke data features data

Choke

Temperature Temperature openir'\_?
drop (choke) drop (choke) Bl

Temperature

WH

Pressure

Choke mixture Pressure BH

volume flow drop (choke) Pressure

WH

Temperature

WH Pressure

Pressure Choke mixture (after choke)

drop (choke) volume flow WH Temperature

(after choke)

00 02 04 00 02 04 0.0 01 02 03

Case_3_3 First principles tubing
model + mismatch with
raw data

Case_3_2 First principles tubing
model + mismatch with
tubing features

Case_3_1 Feature engineering
with tubing data

volume flow volume flow WH Temperature
(after choke)

0.0

Choke

Temperature Temperature 0penir'1_?
drop (tubing) drop (tubing) B

Temperature

WH Pressure

(after choke)

Pressure Pressure WH

drop (tubing) drop (tubing) Presswu'r_le

Temperature

BH

Tubing mixture - Tubing mixture Pressure

0.00 0.25 0.50 0.75 0.2 0.

IS

0.00 0.25 0.50 0.75

Case_4_2 Averaged choke and
tubing models solutio
+ mismatch with choke

Case_4_3 Averaged choke and
tubing models solution

Case_4_1 Feature engineering
with choke and

E

tubing data and tubing feature: + mismatch with raw data
Temperature Temperature Choke
drop (tubing) drop (tubing) openér'w‘?
Temperature Temperature Temperature
drop (choke) drop (choke) P WH
Pressure Pressure Pressure

WH Pressure
(after choke)
BH

drop (tubing)
Choke mixture

drop (tubing)
Tubing mixture

vorme v I

"~

volume flow
Choke mixture - Tubing mixture Presswu'r_‘e
volume flow volume flow Temperature
Pressure _ Pressure WH Temperature
drop (choke) drop (choke) (after choke)
00 01 02 03 0.0 01 0.2 0.0 0.2 0.4

Case_5 Linear meta-model
with choke (Case 2.1)
and tubing

(Case 3.1) models

Choke features
based model

Tubing features
based model

0.0 0.2 04 06
Case 6 Linear meta-model with
choke and tubing
engineered features
(Case 4.1) and raw
data (Case 1) models

Raw data
based model

Tubing/choke
features
based model

0.0 0.5 1.0

21

Case_l1 Raw measurements

Choke
openin:
B
Temperature
WH
Temperature
WH
Pressure
WH Pressure
(after choke)
WH Temperature
(after choke)
BH
Pressure
00 01 02 03
Case_2_2 Choke model solution Case_2_3 Choke model solution
Case_2_1 Feature engineering + mismatch with choke + mismatch with raw
with choke data features data
Choke
Pressure Temperature openir'\_?
drop (choke) drop (choke) B
Temperature
WH Pressure
(after choke)
Choke mixture Choke mixture WH
volume flow volume flow Temperatwu'r_‘e
Pressure
WH Temperature
Temperature Pressure (after choke)
drop (choke) drop (choke) BH
Pressure
00 02 04 00 02 04 0.0 01 02 03
Case_3_2 First principles tubing Case_3_3 First principles tubing
Case_3_1 Feature engineering model + mismatch with model + mismatch with
with tubing data tubing features raw data
Choke
Temperature Temperature openir;?
drop (tubing) drop (tubing) B
Temperature
WH
Temperature
Tubing mixture Tubing mixture WH Pressure
volume flow volume flow (after ch(\)/\l;ﬁ)
Pressure
WH Temperature
Pressure Pressure (after choke)
drop (tubing) drop (tubing) BH
Pressure
0.0 02 0.4 0.6 0.0 0.2 0.4 0.6 00 01 02
Case_4_2 Averaged choke and
Case_4_1 Feature engineering tubing models solution Case_4_3 Averaged choke and
with choke and + mismatch with choke tubing models solution
tubing data and tubing feature: + mismatch with raw data
Temperature Temperature Choke
drop (tubing) drop (tubing) DPe"'T_?
B
Temperature Temperature T t
drop (choke) drop (choke) WeHm rgl;asuurree
Tubing mixture Tubing mixture (after choke)
volume flow volume flow WH
Pressure Pressure Temperature
drop (choke) drop (choke) Pres;mr-‘e
u
Choke mixture Choke mixture WH Temperature
volume flow volume flow (after choke)
Pressure Pressure BH
drop (tubing) drop (tubing) Pressure
0.0 0.2 0.4 0.0 00 01 02 03

Case_5 Linear meta-model
with choke (Case 2.1)

and tubing

(Case 3.1) models

Choke features
based model
Tubing features
based model

0.0 0.5 1.0
Case 6 Linear meta-model
with choke and tubing
engineered features
(Case 4.1) and raw
data (Case 1) model

Raw data
based model
Tubing/choke
features
based model

0.0 0.2 0.4 0.6

s

(a) Feature importance for neural network (oil prediction) (b) Feature importance for neural network (gas prediction)

Fig. 20. Feature importance analysis for MLP neural network.

lar may be better at regression of more smooth values and sys-
tem behavior (in this case - gas flow) because neural networks are
typically better than gradient boosting in interpolation tasks. This
is because gradient boosting with regression trees produces piece-
wise constant predictions while neural networks produce smooth
interpolation approximations. This hypothesis will also be checked
and discussed later for LSTM neural networks.

5.2.2. Feature analysis

Feature analysis overview and similarities between MLP neural
network and gradient boosting results

Fig. 20 shows the feature analysis of the MLP neural networks
based models. We see that for most of the cases with physics-
based features, the feature importances are similar between the
neural networks and gradient boosting. Some minor differences
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Fig. 21. Partial dependence plots for MLP neural network based models. The plots show the qualitative relationship between the features and the target variable. The plots
do not have non-convex spikes as in the gradient boosting case due to smooth solutions provided by neural networks.

exist, but they are caused by differences in the algorithms na-
ture. What is more important is that the partial dependencies plots
shown in Fig. 21 produce similar trends in most of the cases be-
tween neural networks and gradient boosting, except the fact that
the plots produced by neural networks are more smooth. As such,
we see that the algorithms interpret the physical behavior of the
system in a similar way. This emphasizes that the consistent ap-
proach for machine learning modeling with first principles pro-
posed in this work allows to produce consistent results and re-
veal the main structure of the data. It also emphasizes the fact
that using a model-agnostic approach for feature evaluation can
be more suitable and insightful than model-specific ones and gives
the opportunity to better evaluate the validity of the produced
estimates.

Differences between MLP neural network and gradient boosting
feature analysis results

The major difference between MLP neural networks and gra-
dient boosting partial dependencies plots is that the neural net-
works estimate the decrease of the oil flow when the choke mix-
ture flow increases when used in Case 2.1 and 2.2. This is dif-
ferent from what gradient boosting suggests and what we would

expect based on the physical understanding of the system. At the
same time, when all the features are used together (Case 4.1 and
4.2), the neural networks give a more similar behavior to the gra-
dient boosting which we found to be physically meaningful. The
reason why the neural network gives this unreasonable evaluation
of the choke mixture flow feature when used in the choke model
alone is hard to explain and kept for future investigations. Despite
some small differences, we can still see the big advantage of us-
ing physics-based features in terms of improved and consistent ex-
plainability of different models and algorithms, when compared to
the raw data models.

5.3. Analysis of LSTM results

5.3.1. Flowrate estimation results

As discussed, for the LSTM neural network, only the estima-
tion results are analyzed while the feature importance analysis is
not conducted because the LSTM dependence on time step features
which is not implemented in the Skater library used for the analy-
sis. Despite the absence of feature importance analysis, we decided
to include these results because it allows to analyze the depen-



T. Bikmukhametov and J. Jdschke / Computers and Chemical Engineering 138 (2020) 106834

Case 1, Raw measurements

Case 1, Raw measurements

=06 RMSE = 0.043 507 RMSE = 0.033
50. K
£ 05 — True rate ﬁ ‘ — True rate
g : —— Estimated rate 206 —— Estimated rate
£0.4 5
s 205
=03 S | |
@ Q |
g02 g0 WM
H 803 ! I
201 i '
5 2

0.0 0 20 30 00275 0 20 30

Day Day

Case 2.2, Choke model solution

Case 2.3, Choke model solution

Case 2.2, Choke model solution

23

Case 2.3, Choke model solution

Case 2.1, Feature engineering + mismatch + mismatch Case 2.1, Feature engineering + mismatch + mismatch
with choke data with choke features with raw data with choke data with choke features with raw data

=06 RMSE = 0.060 0 RMSE = 0.062 0.6 RMSE = 0.061 = RMSE = 0.038 RMSE = 0.042 RMSE = 0.030

=0 T .6 ) 0.7 07 0.7

& 05 —— True rate 05 —— True rate 05 —— True rate N | —— True rate | =—— True rate | — Truerate

g : —— Estimated rate : —— Estimated rate ’ —— Estimated rate 206 —— Estimated rate 0.6 —— Estimated rate 0.6 —— Estimated rate

A | 0.4 5 |
205 ‘ | 05 ‘ | 0s{ |
0.3 4 = It " | | | |
0.2 " £ | L )
0.1 p So03 0.3 | 0.3 | |
‘ 2
0.0 0 20 30 ©02% 0 20 30 ©%2% 0 20 30 %29 0 20 30
Day Day Day Day

Case 3.1, Feature engineering
with tubing data

Case 3.2, First principles tubing
model + mismatch with
tubing features

Case 3.3, First principles tubing
model +

mismatch with raw data

Case 3.1, Feature engineering
with tubing data

Case 3.2, First principles tubing
model + mismatch with
tubing features

Case 3.3, First principles tubing
model +

mismatch with raw data

=0 RMSE = 0.041 0 RMSE = 0.043 o RMSE = 0.040 507 RMSE = 0.025 0.7 RMSE = 0.023 0.7 RMSE = 0.021

50.6 .6 .6 % B

& 05 —— True rate 05 —— True rate 05 —— True rate E | — True rate ‘ —— True rate ‘ —— True rate

é : —— Estimated rate : —— Estimated rate : —— Estimated rate 20-6 —— Estimated rate 0.6 —— Estimated rate 0.6/ — Estlmated rate

£o4 0.4 ] ‘

S 205 I 0.5 | 0.5

So03 03 = ‘ i ol ‘ I |

g o4 | 0.4 W 0.4/ W

©0.2 0.2 i g | ’M i ‘ }

H | !

So1 0.1 So03 | 03 [ 03‘

= »

5 ©

00075 0 20 30 %% 0 20 30 %% 0 20 30 0025 0 20 30 %% 10 20 30 %%% 1 20 30
Day Day Day Day Day Day

Case 4.2, Averaged choke and tubing

Case 4.3, Averaged choke and tubing

Case 4.2, Averaged choke and tubing

Case 4.3, Averaged choke and tubing

Case 4.1, Feature engineering with
choke and tubing data
RMSE = 0.045

models solution + mismatch with
choke and tubing features

models solution
+ mismatch with raw data

Case 4.1, Feature engineering with
choke and tubing data

models solution + mismatch with
choke and tubing features

models solution
+ mismatch with raw data

506 N 0.6 RMSE = 0.053 0.6 RMSE = 0.040 §0.7 RMSE = 0.020 0.7 RMSE = 0.021 0.7 RMSE =

] 05 = True rate 05 = True rate 05 = True rate N ‘ = True rate = True rate ‘ = True rate

g ’ —— Estimated rate : —— Estimated rate ! —— Estimated rate gU.G —— Estimated rate 0.6 —— Estimated rate 0.6 ‘ —— Estimated rate

0.4 0.4 - | |

s Sos 05| | i 05 | |

=03 0.3 = | |

2 g o ‘ ™ |

wawm e ﬂbww,xw

H | v

8o 01 o3 03 | "l o3 |

= «

3 m

©0.0 20 30 °%0% 0 20 30 0027 0 20 30 %2% 0 20 30 2% 10 20 30
Day Day Day Day Day

Case 5, Linear meta-model with choke
(Case 2.1) and tubing
(Case 3.1) models

Case 5, Linear meta-model with choke
(Case 2.1) and tubing
(Case 3.1) models

?0.7 RMSE = 0.037

N | —— True rate

go.ﬁ —— Estimated rate

£

205 ’ ‘

g

gos M)

3 [

203

8

©0.25 10 20 30
Day

Case 6, Linear meta-model with
choke/tubing engineered
features (Case 4.1)
and raw data (Case 1) models
RM: 020

=0 RMSE = 0.042
0.6
8 05 — True rate
g i —— Estimated rate
Eoal |
2
=03
g
®0.2
g
So.1
C00GT 35 30 30
Day
Case 6, Linear meta-model with
choke/tubing engineered
features (Case 4.1)
and raw data (Case 1) models

=0 RMSE = 0.041
0.6
& 0.5 — True rate
he —— Estimated rate
Eoa
So0.
Z
Z03
)
©0.2
3
So1
3

007 0 20 30

Day

(a) Predicted oil flowrates

?0.7

N —— True rate

gO.G —— Estimated rate

205 \‘

< | |

Zoa| || [

2o0.

8

0025 10 20 30
Day

(b) Predicted gas flowrates

Fig. 22. Oil and gas rates estimation by LSTM neural network. The results are averaged over 5 minutes period, i.e. one point - 5 minute averaged rate.

dence of the results accuracy at the current time step on the data
from the past time steps and compare it with the static approach
used in MLP neural networks and gradient boosting.

Results overview and similarities between LSTM and gradient
boosting/MLP neural network results

Fig. 22 shows the simulation results for the oil and gas flowrate
estimation using LSTM neural networks. From the results we see
some of the trends observed for gradient boosting and MLP neu-
ral networks can also be observed here. For instance, for the oil
flowrate estimation, the pure choke-based machine learning mod-
els (Case 2.1, 2.2 and 2.3) do not perform well while try to capture

dynamic behavior of the system which is represented by flowrate
spike estimates. Also, similar to MLP neural networks and gradient
boosting, the tubing-based machine learning models (Case 3.1, 3.2
and 3.3) capture a more steady state behavior of the system pro-
ducing smooth oil flow estimation results. We also see that, similar
to MLP neural networks, LSTM neural networks produce better re-
sults for gas rate estimation case, while in oil rate estimation cases
gradient boosting is generally more accurate. This fact confirms the
hypothesis, made for MLP neural networks previously, that the rea-
son for such behavior is that neural network are generally better
at predicting smooth regression trends due to their high interpola-
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tion capabilities. However, trends with high fluctuations may be, in
some cases, better described by piecewise constant approximations
by gradient boosting.

Differences between LSTM and gradient boosting/MLP neural net-
work results

The first difference between the algorithms to notice is that
even when combining choke and tubing features in the oil case
(Case 4.1), the rising trend at the end of the estimation period
is not captured. So, we can see that, despite the LSTM network
uses the previous measurements to predict the flow at the cur-
rent time step, it does not necessarily help to produce an accurate
estimate. In fact, we observed that the MLP neural network and
gradient boosting, being totally different algorithms but both tak-
ing only the current time step measurements, were able to esti-
mate the increasing flowrate trend accurately. The LSTM, however,
in Case 4.1, takes 15 past time step measurements to make a pre-
diction. As such, we conclude that it is not always a good idea to
take the past measurements into account in order to predict the
target variable value at the current time step. For instance, in case
of the oil flowrate, the flow behavior is irregular which makes it
difficult for the LSTM network to accurately reconstruct the time
dependent flow pattern.

For the gas case, however, the LSTM generally performs much
better than gradient boosting and MLP neural networks. We see
that the gas flow behavior is much more stable, so that it is eas-
ier for the LSTM to reconstruct the time dependent pattern of
the flow. The average time window chosen by the LSTM networks
among the cases for the gas rate estimation via Bayesian optimiza-
tion is 10, however, the exact value is case dependent.

When should we use LSTM in estimation of process system vari-
ables?

Summarizing all the results on LSTM and comparing it with
static models of MLP neural networks and gradient boosting, we
can conclude that using LSTM may be beneficial when the trend
of the target variable is relatively smooth, but more importantly,
assumed to have a time dependent pattern. In this work, the
gas flowrate follows such a trend. This can be seen not only on
the estimation result of the test data set show in Fig. 22b, but
also in Fig. 10 where the entire gas flowrate trend is shown.
In fact, in Fig. 10 we see that despite the fluctuating behav-
ior, the gas flowrate has a systematic decreasing trend in time.
The oil flowrate, however, has many irregular ups and downs,
such that it is nearly impossible for a machine learning algo-
rithm to reconstruct such a behavior. Therefore, when an LSTM is
used to estimate it, the algorithm may try to learn the trend in
time which simply does not exist which leads to high estimation
error.

6. Results summary

In this section, we summarize the results of 72 cases which
consider 12 different case studies of combining machine learning
with first principles using 3 different machine learning algorithms.
First, using Fig. 23, we describe how the reader can choose a suit-
able method for combining first principles models with machine
learning depending on the process system under consideration by
following a step-by-step approach. In Table 5, we summarize and
average the RMSE for each algorithm and each flowrate. Such com-
parison is intended to shown which algorithm was the most accu-
rate on average over the case studies conducted in this work for
different system behaviors (oil and gas rates). Table 6 shows the
average error over the algorithms (MLP neural network, gradient
boosting, LSTM) for each first principles model as well as the aver-
aged meta-model results to give more insights about the accuracy
of the proposed methods. Then, we discuss the overall applicability
of each method and its potential improvements.

How to choose the best method for your system?

In this work, we extensively tested several methods which vary
by their accuracy, construction cost and applicability to different
system conditions. In Fig. 23, we summarize the procedure of how
all the proposed methods can be most effectively used when ap-
plied to modeling of a new process engineering system. By follow-
ing these guidelines, the reader will hopefully be able to quickly
choose the method which satisfies the desired accuracy and the
amount of time available for model construction. Below in this sec-
tion, we summarize the results which we observed in this work
and which became the basis for creating Fig. 23 with the proposed
selection guidelines.

Most accurate algorithms for oil and gas flowrates

From Table 5, we see that, among the algorithms, in the
oil case, MLP neural network performs best on average (mean
RMSE=0.0458), while gradient boosting shows slightly worse mean
RMSE and LSTM performs relatively poorly. However, for the gas
flowrate, the mean RMSE of LSTM is much lower than for MLP
neural network and gradient boosting. As such, we confirm so-
called "No Free Lunch” theorem (Wolpert et al., 1997) which states
that there is no single algorithm which fits best for all cases. In this
particular case, since the oil flowrate fluctuations are highly irreg-
ular, the time dependent pattern which LSTM is trying to find may
not exist, so that the learning of the non-existing pattern deterio-
rates the results. As such, the algorithms which use only one time
step measurements (MLP neural network and gradient boosting)
outperform LSTM and perform almost equally well. At the same
time, when the flow fluctuations have a more regular behavior and
may have a time dependent pattern as in the gas rate case, LSTM
is able to fit the data much better by taking advantage of the pre-
vious time step data.

Superior accuracy of meta-models and applicability of feature en-
gineering

From Table 6 we see that in the meta-model which combines
the model with all the created features for choke and tubing with
the raw data model (Method 5) outperforms all the other meth-
ods which results in the best averaged performance (RMSE=0.0340
and 0.0233). If choosing between the methods which do not con-
sider meta-modeling, feature engineering (Method 1) shows the
best performance (italic values). From this we conclude that if the
goal of modeling is to achieve the highest performance, the lin-
ear meta-models which combines most of the available informa-
tion is a good choice. Such models are slightly more difficult to
construct, but they still maintain the interpretable behavior and
generally improve the performance. Otherwise, the feature engi-
neering method is another possibility which is slightly easier to
construct that the meta-models, less accurate but still shows a
good performance.

Applicability and future improvements of Methods 2 and 3 - com-
binations of first principles model solutions and machine learning
models

As for the other methods of combining first principles and ma-
chine learning (Method 2 and 3), in this case, they performed less
accurately than other discussed methods. However, this does not
mean that we should not consider them to apply for other cases.
For instance, as we observed for the gas estimation case, the com-
bination of the first principles models with raw data (Case 2.3, 3.3
and 4.3) produced accurate performance. However, in the oil rate
estimation case which has irregular behavior, the proposed models
appear to be too simple to describe the system behavior accurately.
As such, to be successfully applied, the models would need to be
improved prior to modeling.

One possibility to do this is to pre-solve the models numerically
for a small number of mesh points while maintaining the compu-
tational efficiency, so that the solution may not be very accurate,
but still much better than one averaged over the entire system. An-
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RMSE summary for the conducted case studies. Underlined values - lowest error
within the algorithm for each flowrate, bold values - lowest error for each flowrate
within all algorithms, italic bold values - lowest mean error for each flowrate for all

cases.
Case 0Oil rate Gas rate
XGBoost MLP NN LSTM XGBoost MLP NN LSTM
Case 1 0.044 0.052 0.043 0.040 0.035 0.033
Case 2.1 0.056 0.054 0.060 0.045 0.041 0.038
Case 2.2 0.060 0.063 0.062 0.048 0.042 0.042
Case 2.3 0.064 0.040 0.061 0.035 0.031 0.030
Case 3.1 0.038 0.048 0.041 0.038 0.034 0.025
Case 3.2 0.042 0.047 0.043 0.036 0.031 0.023
Case 3.3 0.040 0.043 0.040 0.031 0.030 0.021
Case 4.1 0.037 0.038 0.045 0.028 0.027 0.020
Case 4.2 0.057 0.038 0.053 0.037 0.035 0.021
Case 4.3 0.047 0.045 0.040 0.030 0.028 0.023
Case 5 0.041 0.050 0.042 0.048 0.036 0.037
Case 6 0.030 0.031 0.041 0.024 0.023 0.020
Mean error 0.0463 0.0458 0.0476 0.0367 0.0328 0.0278

other possibility is to slightly pre-tune the model to the data, for
instance, using a linear model, and then use in combination with
machine learning. Finally, the complexity of the models can be in-
creased, so that the model become able to better resolve the sys-
tem behavior, for instance, in this case, this can be a slip model for
the choke equation. However, still computational efficiency should

be considered, so that the models should not become very com-
plex. All these proposed improvements will lead to the fact that
the solutions from the first principles model will be more accu-
rate, as such the mismatch between the actual target value and
the solution will be lower and easier to be covered by a machine
learning algorithm.
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Table 6

Summary of RMSE averaged over the algorithms for each method and each flowrate, e.g. choke oil RMSE of 0.0566 = (0.056 + 0.054 + 0.060)/3. Underlined values -
the lowest error within each method for each flowrate, italic values - the lowest error among the methods excluding meta-models, bold values - lowest error for each

flowrate among all methods.

Method

Model Base method Method 1 Method 2
Raw data Feature First principles
measurements engineering model solution +

as features

feature engineering

Method 3

First principles
model solution +
raw data model

Method 4

Linear meta-model
of models with
created features
(Case 2 and 3)

Method 5

Linear meta-model of
selected model with created
features and raw data model
(Case 4 and base case)

0il Gas 0il Gas 0il Gas 0il Gas 0il Gas 0il Gas
Choke (Case 2) - - 0.0566  0.0413  0.0616  0.0440 0.0550  0.0320  0.0443  0.0403 - -
Tubing (Case 3) - - 0.0423  0.0323  0.0440 0.0300 0.0410 0.0273
Choke and - - 0.0400  0.0250  0.0467  0.0310 0.0440 0.0270 - - 0.0340 0.0223
tubing (Case 4)
Raw data 0.0463  0.0360 - - - - - -

(base case)

7. Conclusions

In this paper, we propose and analyze several methods for com-
bining first principles models with machine learning applied to
multiphase flowrate estimation problem in petroleum production
systems. For the machine learning algorithms, MLP and LSTM neu-
ral networks and gradient boosting were chosen. The proposed
methods for combining first principles with machine learning were
applied to all the aforementioned algorithms. The algorithms were
systematically tuned via a pipeline which is based on the Bayesian
optimization approach which ensures fair and accurate model tun-
ing and comparison.

We found that by introducing first principles models into ma-
chine learning algorithms, it becomes possible to improve the es-
timation performance if compared to approaches when raw mea-
surement data is used directly, as it has been done for the con-
sidered problem in many other works reported in the literature.
We found that for the irregular system behavior, it is better to
use static models such as MLP neural networks or gradient boost-
ing and not take past measurements into account. On the other
hand, when the system behavior is less complex and has a time-
dependent pattern, LSTM neural networks which consider the past
measurements show the superior performance.

We discovered that linear meta-models which combine physics-
aware machine learning algorithms with raw measurement mod-
els show the most accurate performance while maintaining good
interpretability. Feature engineering method can also be a good
choice to incorporate first principles into machine learning because
it has lower development cost than linear meta-models while
maintains a reasonable performance. The methods which combine
first principles models solution with machine learning showed less
accurate performance for complex system behavior than the meta-
models and feature engineering approach, while in less complex
system they were accurate enough. As such, to be applied for com-
plex systems, the first principles models should be relatively accu-
rate, such that they produce a reasonable solution and small mis-
match between its solution and the true target value which can
further be covered by machine learning algorithms.

Another important finding is that by introducing physics-based
features into machine learning algorithms, it is possible to create
much more interpretable models than models which use raw data
directly. We showed that by using model-agnostic feature impor-
tance evaluation methods and revealing partial dependences be-
tween the features and the target, it is possible not only to ensure
that the obtained machine learning model behaves physically fea-
sible, but also reveal additional insights about the complex system
behavior, hidden patterns, physical phenomena and identify possi-
ble directions for the model improvements.

Overall, we conclude that to successfully apply machine learn-
ing to complex process engineering systems in general and Virtual
Flow Metering in particular, we need to incorporate first principles
approaches into machine learning algorithms. This approach cre-
ates more accurate and, more importantly, more transparent data-
driven solutions which will develop more trust to these systems
among the operating professionals and will further contribute to a
more efficient and reliable systems operation.
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