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Abstract: The rapid development of natural gas pipelines has highlighted the need to utilize SCADA
(supervisory control and data acquisition) system data. In this paper, a heat transfer model of a
natural gas pipeline based on data feature extraction and first principle models, which makes full
use of the measured temperatures at each end of the pipeline, is proposed. Three methods, the
NARX neural network (nonlinear autoregressive neural network with exogenous inputs), time series
decomposition, and system identification, were used to model the changes of gas temperatures of
the pipeline. The NARX neural network method uses a cyclic neural network to directly model the
relationship of temperature between the start and the end of the pipeline. The measured temperature
series at the pipeline inlet and outlet were decomposed into trend items, fluctuation items, and noise
items based on the time series decomposition method. Then the three items were fitted separately and
combined to form a new temperature prediction series. The system identification method constructed
the first-order and second-order transfer function to model the temperature. The simulation of the
three data-driven models was compared with those of the physics-based simulation models. The
results showed that the data-driven model has great advantages over the physics-based simulation
models in both accuracy and efficiency. The proposed models are more suitable for applications such
as online simulation and state observation of long-distance natural gas pipelines.

Keywords: natural gas pipeline; temperature simulation; NARX neural network; time series decomposition;
system identification

1. Introduction

Natural gas, as a stable, low-cost, high-calorific green energy, plays an important
role in protecting the ecological environment and transitioning from fossil energy to clean
energy. As natural gas is a low-density, compressible fluid, pipeline transportation is
the most economical way for long-distance transportation. As the natural gas pipeline
network becomes larger, research development on reliability [1], design [2], and operation
optimization [3] is necessary, as well as the simulation of natural gas pipeline networks,
to accurately reproduce the distribution of gas pressure, temperature, and flow in the
pipeline, and carry out pipeline network design planning and operation scheduling based
on these parameters. The conventional numerical simulation method of the natural gas
pipeline is to establish a mathematical model according to the mass, momentum, and energy
conservation equations, and then use a suitable numerical method to solve the equations [4].
The choice of different mathematical models and numerical solutions determines the
precision and accuracy of the simulation method [5,6]. For the hydraulic equation centered

Energies 2023, 16, 1096. https:/ /doi.org/10.3390/en16031096

https:/ /www.mdpi.com/journal/energies


https://doi.org/10.3390/en16031096
https://doi.org/10.3390/en16031096
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0002-6455-3099
https://orcid.org/0000-0002-4281-3902
https://doi.org/10.3390/en16031096
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en16031096?type=check_update&version=1

Energies 2023, 16, 1096

2 of 21

on the mass equation and the momentum equation, the common simplification method
is to ignore the inertial term in the momentum equation. The studies found that the
neglect of the inertial term will lead to large errors in the case of fast transients [7]. The
thermodynamic equation dominated by the energy equation has often been simplified by
isothermal or adiabatic flow process in previous studies. However, the gas state changes
with the variation of pressure and temperature, and the assumption of isothermal and
adiabatic process is inconsistent with practical engineering, which leads to large errors in
the temperature simulation of natural gas pipelines.

With the development of computer technology, the natural gas pipeline simulation,
based on the three complete basic equations without simplification, has become mainstream.
To solve complex gas pipeline flow equations, there are a variety of numerical methods. The
finite difference method is commonly used to discretize the continuous solution domain
into a grid of abscissa distance and ordinate time. In the finite volume method [8], the
derivative term is integrated into an expression of the state variable of the interface, and
the interface value approximated from the local distribution is substituted to obtain a
complete discretization equation. The characteristic line method [5] is a method for solving
hyperbolic partial differential equations based on characteristic theory, which transforms
the partial differential equation into a total differential problem along the characteristic
line. The idea of the state space model method [9,10] originates from modern control
theory. Based on the Laplace transformation, the time domain functions are converted
into frequency domain functions to obtain a set of closed ordinary differential equations.
The state space method needs to omit the inertial system of momentum equation and
use it under adiabatic or isothermal conditions, with high calculation efficiency and low
calculation accuracy.

In recent years, in order to solve the problem that the accuracy and calculation speed
of conventional numerical simulation methods cannot be achieved simultaneously, some
scholars have begun to use data-driven modeling methods. In 2015, Hadian used neural
networks to model the hydraulic steady state of a large natural gas pipeline network,
and combined it with a model predictive control algorithm for pressure control [11]. In
2018, based on deep learning algorithms, Su used time windows and autoencoders to
predict the operation status of natural gas pipeline networks [12]. In 2020, Cui used the
calculation results of neural networks as the initial value in the iterative process of steady-
state hydraulic calculation to speed up the calculation [13]. In 2022, Yin adopted the idea of
the surrogate model, combined with BP neural networks and genetic algorithms to carry
out data-driven modeling and control of natural gas station pipeline networks [14]. At
present, the research on data-driven natural gas pipeline simulation technology is still in its
infancy. The existing research is mainly based on the steady-state model considering only
hydraulics, which are lack of temperature transient models.

In first principle models, the heat exchange between the natural gas in the pipeline and
the environment is an important part of the thermal simulation. In some simplified thermal
models, it is assumed that the total heat transfer coefficient of the pipeline and the ambient
temperature around the pipeline remain unchanged. When Fourier law is used to calculate
the heat transfer, the periodic changes of the ambient temperature with time are ignored in
this assumption, which makes the description of the temperature field of the pipeline and
the surrounding environment deviate, which results in large calculation deviations when
it is brought into the thermal equation. Targeting this problem, a transient heat transfer
model was developed, which iteratively solves the pipeline problem according to the time
and space division, and the calculation results are more accurate than the steady-state
model. However, due to the large number of calculations and the inability to obtain the
environmental parameters along the line in practical application, it is difficult to apply the
algorithm for engineering requirements.

When physics-based simulation models are used to simulate the natural gas tem-
perature, steady-state thermodynamics are used to speed up the calculation, or transient
thermodynamics are used to improve the simulation accuracy. Therefore, a data-driven



Energies 2023, 16, 1096

30f21

thermal model for long distance natural gas pipelines is proposed in this paper. Using
the measured temperature at both ends of the pipeline, three methods, the NARX neural
network [15], time series decomposition, and system identification [16,17], are used to
model the temperature of the natural gas pipeline. To verify the advantages of different
approaches in different aspects, three data-driven models are compared with first princi-
ple models in simulation. Finally, the calculation accuracy and applicability of different
methods are judged from calculation times and errors.

This paper contributes the following:

To improve the simulation efficiency, this paper proposes an agent simulation method
using data-driven methods to simulate the natural gas pipeline outlet temperature, which
includes the NARX neural network, time series decomposition, and system identification.

The input parameters of the data-driven model are determined based on the mecha-
nism analysis, which avoids the problem of blind parameter adjustments of the data-driven
model and ensures the rationality of the operation and the reliability of the results.

The data-driven methods are verified by a section of the actual operating pipeline, and
their simulation error influencing factors are analyzed.

2. First Principle Model
2.1. Gas Flow Model in Pipe

The mathematical description of the flow of natural gas in the pipeline included
the continuity equation, Equation (1); the momentum equation, Equation (2); the energy
equation, Equation (3); and the gas state equation, Equation (4). The continuity equation and
momentum equation primarily solved the hydraulic parameters of natural gas, while the
energy equation primarily solved the thermodynamic parameters. The gas state equation
was used to describe the relationship between the state of natural gas and the pressure and
temperature [18].

e = M

a(f;z?v) N a(p;iA) N a(;lp) _ % pA;J|v| _ ephsing, "
(v Zrwsoa] + 2] (me Zras)ooa] = Ropor.
% _ ZRT, @

where A, x, d, and 6 are the cross-sectional area (mz), the axial length of pipeline (m), the
inner diameter (m) and the inclination of pipelines, respectively. T is time(s). T, p, v, and p
are the temperature (K), pressure (Pa), velocity (m/s), and density (kg/m?) of natural gas,
respectively. A is the friction factor. g is gravitational acceleration. e is the specific internal
energy (J/kg). h is the specific enthalpy (J/kg). Qy is the heat transfer between the natural
gas and the ambient environment (J/kg). Z is the compressibility factor.

2.2. Thermal Model

Early gas pipeline flow simulations were carried out under isothermal or adiabatic
assumptions. Increasing research has led to the development of various temperature
models based on energy equations. There are three types of commonly used models: the
steady flow model based on the Sukhov formula, the heat transfer model based on steady
heat transfer, and the heat transfer model based on transient heat transfer.

2.2.1. Sukhov Formula

The Sukhov formula is recognized as the temperature equation in the pipeline design
in the field of oil and gas storage and transportation engineering. It can be deduced directly
from Equation (3) under stable flow conditions.
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For steady flow, the temperature drop equation along the natural gas pipeline is
as follows:

T =To+ (T; — To)e ™ + Die_“"/ Z—Ze‘”dx )
Kmd
Mcy, 7
while M is the mass flow (kg/s), ¢, is the specific capacity heat in constant pressure
(J-kg~'K~1). D; is the throttling effect coefficient (K/Pa).

The last item of Equation (5) considers the temperature drop caused by the Joule—-
Thomson effect. If the influence of this item is ignored, the Sukhov formula is obtained:

where T is the ambient temperature (K). T, is the pipe inlet temperature (K). a is

T=To+ (Tg —ToJe ™ (6)

Since this formula only considers the stable flow of natural gas, it simplifies the actual
gas flow process in the pipe. Although it is still used in engineering, the calculation results
of high pressure and unstable flow conditions have large errors.

2.2.2. Steady-State Heat Transfer Model

The heat transfer between the gas in the tube and the surrounding environment is an
important part of the thermal simulation. In the energy equation, the heat transfer term Q
represents the heat transfer between the unit mass of natural gas and the surrounding envi-
ronment. In most thermal models, it is considered that the pipeline and the surrounding
environment are in a steady state, which means that the surrounding environment temper-
ature is constant, and the thermal conductivity of the pipe material and the surrounding
environment are unchanged.

Fourier’s law Equation (7) is applied to calculate the total heat transfer between a
certain section of natural gas and the environment:

qpAdx = =K (T — To)dx @)

where K, is the heat transfer coefficient (W /(m?-K)).
This formula can be further rewritten as:

4Ky (T —Ty)
- D ®)

The expression K,;/7D of K(W/ m?2-K) represents the total heat transfer coefficient
between the pipe with diameter D and the environment, which is also the total heat transfer
coefficient between the gas and the surrounding ground [19].

2.2.3. Transient State Heat Transfer Model

The accurate description of the heat transfer phenomenon of natural gas pipelines
requires analysis of multiple factors. The heat transfer of natural gas pipelines in the above
steady-state model description is one-dimensional heat transfer, and there is no description
of the ground characteristics and ambient temperature changes near the pipelines. In
fact, due to the heat storage effect of the environmental medium, the temperature of the
surrounding environment and the pipe wall after heat exchange is not a constant value, but
a radial temperature field with the pipe as the axis. Moreover, the pipe wall of a natural gas
pipeline is composed of a steel layer, a thermal insulation layer, and an anticorrosion layer.
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The transient heat exchange model considering the heat storage capacity of multilayer
structure is shown as Equation (9) [20].

_4K(T-Ty)
. Q=-"p"
m
7 = Ko(T=T) = Ki(Ty = o)
P29 — Ky(Ty — To) — Ko(To — T3) ©)

VlC n '
mdrp aaT;n = Kn—l(Tn_l — Tn) — Kn(Tn — TO)

In the calculation of the model, not only the change of temperature with the radial
temperature of the pipe, but also the change of temperature of each layer with time and
the heat exchange process between gas and the inner wall of the pipe, were considered.
Previous studies [20—-22] show that the calculation accuracy of the transient heat transfer
model is higher than that of the steady-state heat transfer model. However, the calculation
of the transient heat transfer model greatly increases the calculation amount of thermal
simulation, and it is difficult to determine the temperature and heat transfer characteristics
of different formations, so the transient heat transfer model is rarely used in the simulation
of gas temperature change.

2.2.4. Thermohydraulic Simulation of a Natural Gas Pipeline Based on the FVM

There are three common methods used in gas pipeline simulations: the method of char-
acteristics (MOC), the finite difference method (FDM), and the finite volume method (FVM).
When comparing the results of the MOC and the FVM under fast and slow transients in a
single natural gas pipeline, the FVM outperforms the MOC in both aspects. Therefore, the
FVM with staggered grids is used for natural gas thermohydraulic simulation. According
to thermodynamic law, the energy equation Equation (4) is converted as follows:

d(pocyT) N d(pwe,T)
ot ox

o ap . ap Aplef
=Q+ 5 Tt D

(10)

Equations (1), (2) and (10) constitute the control equations for the natural gas
pipeline simulation.

The control equations are discretized using FVM on staggered grids (Figure 1) [8].
Among the main variables, the velocity variable is located at the edge of the grid and is
marked with a virtual line. The pressure and temperature variables are located in the center
of the grid and are marked with black dots. Density, heat capacity, and other physical
parameters are also located in the center of the grid.

Momentum Mass control
control volume volume
! [ |_ - [l ! ! 1
Inlet ! | -1 ! i A B ! Outlet
*— o0 10— — T @
|

. I i+1/2 | l

\_'_/ i—1/2 \—'—/

Ax Ax

Figure 1. Schematic diagram of pipe grid division.

The momentum equation Equation (2) is discretized in the momentum control volume,
and the continuity equation Equation (1) and energy equation Equation (10) are discretized
into the following equations, respectively, in the mass control volume:

At t t+At t+At At t+At
Pi —Pi Piv1/2Wiv1/2 ~ Pi—12Wi—1/2 _ 0 1)

At Ax




Energies 2023, 16, 1096 6 of 21

# #
1/ 4 . ; ; 1 A 12|V 12|V 0 pt—ph 1
E(Pi—l/zvi—l/z - Pi71/20i71/2> T Ar (Pi Uit — Piflviflvz#l) =- 2D ~Piyp&SMO = e (12)
1 [ t+AE At AL tot Tt 1 (ot HDE  EHAE At t+AE FHAE L EAE ot AL T
ael(o; G, ) — (Picp,iTi )+ M[(Pi+1/zwi+1/2cp,z‘+1/2Ti+1/2) - (pifl/Zwifl/ch,i—l/ZTifl/Z)] = (13)
3
PO Ay SRR ONY Ay ey 0 v R i
Qi+ =% Tw; Ax +

where superscript # represents the current value of the variable, and * represents the value
to be solved in the next iteration of the variable.

Using to the discrete equation of FVM, the overall pipeline simulation process, which
solves the transient hydrothermal state of natural gas pipeline by a numerical method, is
shown in Figure 2 [8].

Initialization

t> end time

Solve the momentum equation to
obtain v

\

\

\

\

!

p=ptp + \
Solve the mass equation to I
obtain p-’ I
\

\

\

\

\

\

Solve u

Parameter
f calculation

/P lmax < error
criterion

Solve # ¢,

Solve the energy equation to
obtain 7

Thermohydraulic
simulation

Figure 2. The FVM numerical solution process.

2.3. Model Comparison
2.3.1. Basic Data

In order to systematically compare the differences in numerical accuracy and calcu-
lation speed of the three thermal models based on first principle models, a section of an
actual natural gas pipeline was used in this paper. The differences in numerical accuracy
and calculation speed of different methods were analyzed by comparing the numerical
results and CPU time under the same calculation conditions. The pipeline parameters, pipe
wall properties, and gas composition are shown in Tables 1-3.

Table 1. Pipeline parameters.

Pipeline Parameters Value
Length (km) 202.8
Diameter (mm) 1067
Wall thickness (mm) 15.9
Roughness (mm) 0.016

Average soil temperature ( °C) 30
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Table 2. Properties of pipe wall.
Pipe Wall Structure  Thickness (mm) K; (W/m-K) o] (kg/m3) ¢p (J/kg-K)
Internal coating 0.5 0.52 1800 1050
Steel X70 15.9 45.3 7830 500
External coating 3.0 0.4 940 1900

Table 3. Gas composition.

Composition Mole Fraction (%)
C1 94.8
C2 247
C3 0.41

NC4 0.09
IC4 0.06
NC5 0.03
IC5 0.03
Cé+ 0.08
N2 1.13
CO2 0.9

The 12-hour operation data of the pipeline were obtained through the supervisory
control and data acquisition (SCADA) system, and the boundary data of simulation cal-
culations were determined, including the exit pressure, flow rate, the temperature of the
first station, and the entry pressure of the last station. The conditions of inlet and outlet
pressure (Figure 3) and inlet temperature (Figure 4) are as follows:

10.0

— Inlet
9.5 - — QOutlet

9.0
8.5
8.0 I

75

Pressure (MPa)

70 |

6oL— v vy
o 1 2 3 4 5 6 7 8 9 10

Time (Day)

Figure 3. Inlet and outlet pressure.

The selected pipeline was in stable operation from one to seven days, with a steady
inlet and outlet pressure, temperature affected by day and night temperature differences,
and an air cooler cooling efficiency showing periodic regular fluctuations. After the eighth
day, due to the increase of gas consumption of downstream users, the reduction of gas
storage in the pipe led to an abnormal pressure drop in the whole line.
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Figure 4. Inlet Temperature.

2.3.2. Comparison of First Principle Models

In this paper, the hydrothermal simulation of steady-state heat transfer model and
transient heat transfer model was realized based on the finite volume method under a
staggered grid. The calculation parameter settings and calculation time of this example are
shown in Table 4.

Table 4. Grid calculation parameters.

Heat Transfer Model Steady Transient
Grid spacing 1000 m 1000 m
Time Step 10s 10s
Simulation Horizon 10 days 10 days
Calculation Time 209 s 951s

The grid spacing was 1 km, the time step was 10 s, and the simulation was performed
for 10 days. By solving the two types of first principle models, the results of the hydraulic
simulation and thermal simulation of the natural gas pipeline could be obtained. The
comparison between the calculated outlet flow rate and temperature is shown in the
Figures 5 and 6:

Figures 5 and 6 demonstrate that under the same boundary conditions, whether
through hydraulic simulation or thermal simulation, the calculation results of the steady-
state model and the transient model are basically consistent, while the temperature results
calculated by the Sukhov formula have large errors. The reason is that the transient
model considers the relationship between the radial temperature field with the axis of
the pipe and time and space, while the steady model converts the heat transfer of the
pipe into a one-dimensional heat transfer problem, making its errors relatively large. The
Sukhov formula considers that the temperature distribution along the natural gas pipeline
is constant during operation. The steady model converts the heat transfer of the pipeline
into a one-dimensional heat transfer problem to be solved. The total heat transfer coefficient
takes the total heat transfer coefficient as a constant to solve, which has less parameters and
a faster calculation speed. The transient model considers the heat capacity and temperature
change of each layer of the pipeline. Therefore, in the process of solving the heat transfer
coefficient, multiple differential equations, which are based on the known heat transfer
parameters, such as soil type, geographical location, etc., needed to be solved.
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Figure 5. Flow rate comparison.
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Figure 6. Temperature comparison.

The error vector can be calculated from the data in Figure 6 and the formula T”’”Tli_lTC”l X
rea

100% for calculating the absolute value of the relative error, and the error comparison be-
tween the steady-state model and the transient model can be obtained, as shown in Table 5:

Table 5. Comparison of physical model.

Error Steady (%) Transient (%)

Max 7.64 1.60

Min 0.00480 0.000532
Average 1.82 0.64

The results show that the simulation result of the transient model was better than
the steady model. Therefore, this paper uses the simulation results of transient state heat
transfer model as a reference for comparison of various methods for the following two
reasons: (1) For the unsteady-state heat transfer model, it is necessary to determine the
parameters such as soil type, fuel depth, and geographic location. It is difficult to identify
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these unsteady-state heat transfer model parameters simultaneously. (2) The amount of
heat transferred to the ground in the steady model can be close to the calculated value of the
unsteady model by modifying the total heat transfer coefficient [23]. The steady-state model
is often used for thermohydraulic simulation when gas temperatures need to be calculated
quickly. In addition, the steady and transient models rely on hydraulic calculation to solve
the temperature, which is the fundamental reason for the calculation time.

3. Data-Driven Model Construction

For the simulation of gas temperature change, it is difficult to determine the environ-
mental parameters of the buried depth of the pipeline and pipeline parameters required
in the simulation of the first principle model, which creates extensive difficulties in the
calculation of the first principle model. For thermal simulation, the temperature change at
the outlet point of natural gas is affected by many factors such as the temperature change
at the upstream point and the ambient temperature change. Therefore, this paper adopts a
data-driven method to explore mapping the relationship between the upstream and outlet
temperatures of the pipeline. Common data-driven modeling methods include neural
networks, time series analyses, and system identification.

3.1. NARX Neural Network
3.1.1. NARX Neural Network Introduction

As a dynamic neural network, NARX has a memory function [24]. It retains the
information of the last moment, which not only makes full use of data information but also
improves its ability to solve complex problems. For the complex factors affecting the gas
temperature change in the natural gas pipeline, the mathematical model parameters are
numerous and difficult to determine, so a nonlinear autoregressive model with time series
was established.

The NARX network is an external input nonlinear autoregressive neural network,
which can fit the nonlinear system approximation function well. Its mathematical descrip-
tion is:

y(t) = f(x(t—1),x(t—=2),--- ,x(t —dy), y(t —1),---, §(t —dp)) (14)

where ¥ is the predicted output of NARX, which can be represented as a function of
exogenous inputs (x(f — 1), ..., x(t — dq)) and endogenous inputs (§(t — 1), ..., §(t —
dy)) of the neural network. d; and d; are input delay and feedback delay, respectively.
The structure of NARX ensures that it includes a time delay in the input to maintain a
continuous record of the input data history. The output of hidden layers and output layers
of the NARX network are computed by:

u(t) = fi((wi x x +by) +wip X §;) (15)

S’(i’-ﬁ-l) :fZ(WZ x u+by) (16)

where w is the weight of the neural network. b is the bias of the neural network, which
include all parameters of NARX during the training procedure. u(t) is output of hidden
layers and input of output layers. Subscripts 1 and 2 denote hidden layers and output layers,
respectively. Subscript & denotes the history data. x; and ¥, are defined by Equation (17):

xp = [x(t—=1),x(t—2)...,x(t — dq)]
Y= [F(t=1),9(=2)...,9(t - da)]

Figure 7 shows the structure of the established NARX neural network, where + repre-
sents the weighting, and the arrow represents the data flow direction. The outlet tempera-
ture of the natural gas pipeline can be determined by the inlet temperature and the inlet
and outlet pressure, which was used as the input variable of the NARX neural network.
In addition, the outlet temperature at the previous moment was also brought into the
calculation as an input variable.

(17)
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Figure 7. The NARX neural network structure.

3.1.2. NARX Neural Network Construction

The training methods of the NARX neural network included open-loop and closed-
loop. The output of the NARX neural network model trained by open-loop was not fed
back to the model for correction, so the fitting results of the model met the law of the
training sample set. The NARX neural network trained by closed-loop could feed back the
predicted temperature at time ¢ — 1 to the input sample, and combined the input variables
(inlet temperature and inlet and outlet pressure) at time f to predict the temperature of
natural gas at time t. The specific training methods are as follows:

1.  The measured pipeline data were divided into a training dataset and a dataset used
in the case study, and the dataset used in the case study was a comparison of each
method in the article.

2. The training data set was normalized, which eliminated the impact of dimensions on
model training. Batch normalization was used as the normalization method.

3. The training data set was randomly divided into three types of training, verification,
and test data, including 70%, 15%, and 15% data, respectively.

4. The neural network model was trained. During training, the NARX model used the
open structure for training, which means that the measured data were selected for
input by the endogenous inputs of NARX.

5. After the model training, the endogenous inputs of NARX were adjusted to the
output value of NARX at the previous time to complete the closed-loop prediction of
the model.

The NARX neural network had three main parameters: input delay, feedback delay,
and a number of hidden layers. The input delay and feedback delay determined the
different delay steps of the output variable and the input variable to control the time step
of continuous prediction; the number of hidden layers determined the training effect of the
neural network.

For the settings of the NARX parameters, the input delay was designed by calculating
the time required for the pressure wave at the inlet of the pipeline to the outlet. For the
feedback delay, the prediction accuracy of the model should first rise and then decline
with the increase of output delay. The selected parameters were as follows: input delay
(1:80) and feedback delay (1:5). The training datasets were divided into three categories of
training, validation, and test data containing 70%, 15%, and 15% of the data, respectively.

Additionally, this paper used the example data of Section 2.3 to test 100 parameter
settings and select the delay setting with the best prediction result. The comparison of

n
prediction results was obtained by comparing the average value + Y TOT;T ‘ of the absolute
i=1
value of the difference between the neural network output and the original data. The

average error results of 100 groups of results are shown in Figure 8:
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Figure 8. Average error result.

The comparison results showed that the setting of input delay (1:80) and feedback
delay (1:5) had the best simulation effect on temperature. This was approximately the
same as the results of parameter settings derived from the mechanistic analysis. In order to
ensure that there was no over fitting, the number of hidden layers cannot be too large. In
this paper, 10 hidden layers were selected.

Taking the calculation in Section 2.3 as an example, the inlet temperature sequence
was used as the input and the outlet temperature sequence was used as the output to train
the neural network. The results of the outlet temperatures are shown in Figure 9. The
mean absolute error was 0.833 °C, the maximum absolute error was 5.253 °C, and the mean
relative error was 1.982%.
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Figure 9. NARX neural network result.

3.2. Time Series Decomposition
3.2.1. Time Series Decomposition

Because the ambient temperature changes periodically with the season, day and night,
and the outlet temperature of natural gas is affected by the upstream temperature changes
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and the accumulation of upstream temperature changes, the time series of natural gas
temperature has many variation characteristics, such as trend, periodicity, and mutagenicity.

In this paper, the temperature time series were decomposed into three parts: the trend
item, the fluctuation item, and the noise item. The trend item represents the influence of
the environmental temperature cycle change and the temperature cumulative change on
the temperature time series, the fluctuation item represents the influence of the upstream
temperature fluctuation on the outlet temperature, and the noise item represents the
measurement noise of the thermometer. By decomposing the time series and analyzing and
studying the variation laws of each item, the variation laws of natural gas temperatures
can be better explained.

Let X be the time series, T is the trend item, P is the fluctuation item, and R is the noise
item, then X can be expressed as:

X=T+P+R (18)

1.  Smooth the temperature time series X through the Savitzky-Golay filter Equation (19),
and the difference between the results obtained and the temperature time series is the
noise item R, which does not influence the trend item and the fluctuation item.

N
X(n) = ¥ an + R(n)
k=0
N M Mo (19)
Y (Y ntheg = ¥ nix[n],i=0,1,---N
k=0 n=—M n=—M

2. The trend item represents the overall trend of the temperature changes in a period of
time. Therefore, the trend item represents the overall change of natural gas tempera-
tures over a long period of time. The trend item is obtained by filtering the time series
with the mean value of 1000 points, which is the average value of the time required
for the inlet temperature changes to transfer to the outlet temperature.

3. The temperature time series minus the noise item and the trend item is the fluctuation item.

In the calculation example of Section 2.3, after adding random noise (white noise) to
the time series of inlet and outlet temperatures, after performing the above decomposition
steps, each subitem can be obtained as shown in Figure 10.

3.2.2. Subitem Fitting

In the three decomposition items of the temperature time series, the noise item could
be ignored due to the normal distribution with a mean value of approximately zero. The
mapping relationship between the trend item and the fluctuation item was carried out by
using the least squares method. First, the input and output delays of each subitem were
determined, and then the linear mapping was performed, as shown in Equation (20):

Toutlet(t) = kTTinlet<t - /\T) +br

20
Poutlet(t) = kPPinlet(iL - AP) +bp @)

Taking the calculation in Section 2.3 as an example, the fitting effect of each subitem
is shown in Figure 11, and the total fitting effect of the outlet temperature is shown in
Figure 12. The mean absolute error was 0.978 °C, the maximum absolute error was 4.564 °C,
and the mean relative error was 2.348%.
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3.3. System Identification

System identification is to determine a model equivalent to the measured system from
a set of given model classes on the basis of input and output data for a system [25]. The
three major elements of system identification are: system input and output data (dataset),
model class, and equivalence criterion (criteria function). The relationship is shown in
Figure 13.

R - LD

expressions 6,

[ MoF{eI 6 2([()
Identification é(k)

algorithm

Figure 13. System identification structure.

In order to obtain the estimated value f of the model parameter 6, the step-by-step
method is generally used. At time k, the output of the model was calculated according to the
estimated parameters of the previous time, and the predicted output value was obtained:

2(k) = h(k)B(k —1) (21)
Then the prediction error of the output at time k is:

z(k) = z(k) — 2(k) (22)
where the process output
z(k) = h(k)6y + e(k) (23)

Then, the input h(k) of the identification expression can be calculated. The Z(k) should
be fed back to the identification algorithm, the current model parameter estimation (k)
under a certain criterion function should be calculated, the model parameters updated,
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the corresponding criterion function iterated to obtain the minimum value, and then the
required model obtained.

The mathematical model obtained by the system identification method was only an
equivalent model of the actual pipeline, and could not be completely equivalent to the
pipeline object. The model finally obtained was used to represent the data characteristics
of the pipeline system and express it in an appropriate form, which could fit the dynamic
characteristics of the actual change of natural gas temperature well.

In this paper, the state space model Equation (24) is selected as the input model to de-
scribe the gas thermodynamic process system identification. The characteristic of this model
is that it cannot only reflect the internal state of the system, but also reflect the relationship
between the internal state of the system and the external input and output variables.

x = Ax(t) + Bu(t) + Ke(t)

y(t) = Cx(t) + Du(t) +e(t) (24)

Taking the calculation in Section 2.3 as an example, the inlet temperature sequence
was used as the input and the outlet temperature sequence was used as the output, and the
model was identified. The results of the outlet temperature are shown in Figure 14. The
mean absolute error was 1.206 °C, the maximum absolute error was 6.057 °C, and the mean
relative error was 3.008%.
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Figure 14. State space identification result.

4. Data-Driven Model Comparison
4.1. Numerical Accuracy Comparison Method

To quantify the numerical accuracy of the five different forms of thermal simulation,
the mean relative error was defined as follows:
T, — Ty

Tll

errory = ’ k=1,2,3,4 (25)

where subscript u represents the calculation result of the transient model.

In order to facilitate the comparison of deviations between different methods, the
following two forms were used:

The overall deviation of different methods was expressed by the average of the devia-

tion, that is:
N

1
1=— ; 26
error N ; |error] (26)



Energies 2023, 16, 1096

17 of 21

The comparison of the calculation accuracy of different methods was carried out using
the cumulative error, that is, the cumulative error at the point t = n was the sum of the error
at t = 0 to the error at t = n. The purpose of this was to clarify the law of error distribution
between different algorithms, and to facilitate the comparison of the size of errors between
different algorithms.

n

error2, = Z lerror;] (27)
i=1

4.2. Comparison of Simulation Results of Various Methods

In this paper, the numerical results of the three data-driven models were obtained
in Section 3, and the two first principle models were solved in Section 2. The calculation
results of the four methods can be compared with the result of the transient state heat
transfer model as shown in Figure 15:

50

—— Steady
I —— Unsteady
48 - —— NARX
L —— Time Series
System Identification

46

A
i

N
N

w
[e¢]

Temperature(C)
N
o

w
]

w
~

w
N

[oM]
o

Time(Day)
Figure 15. Comparison of thermal simulation results.

As shown as Figure 15, the calculation results of the two first principle models were
consistent with the actual data, and the calculation results of the three data-driven models
were very similar to the actual data, but the calculation error was large under some
transient working conditions. The reason for this was that the three data-driven models
were simulated based on mapping law between the data. The conventional working
conditions account for a large proportion in the data, resulting in a large weight of the
conventional working conditions when training the model. The data results during the
simulation were biased towards the conventional working conditions, resulting in a large
error under some working conditions.

Figures 16 and 17 show the overall deviation and cumulative deviation of the five
methods used to predict the outlet temperature using the error calculation method given in
Section 4.1:
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Figure 16 demonstrates that the overall error of the transient simulation results was
less than 1%, which was almost consistent with the actual data, while the overall error of
the steady-state simulation results and the NARX neural network results was about 2%,
and the overall errors of the time series decomposition and the system identification were
about 2.5% and 3%, respectively, which is larger than the NARX neural network. Compared
with the other two data-driven models, the calculation error of the NARX neural network
was small because the output value of the last time was input during training, so it could
correct the change of the natural gas outlet temperature caused by external interference,
making its error smaller. The results show that when the accuracy requirements of the
calculation were not high (<3%), the calculation results of the five methods satisfied the
accuracy requirements, and any method could be applied in the operation of a pipeline.

Figure 17 demonstrates that the cumulative errors of the simulation results of the first
principle models showed a trend of uniform growth, which was expounded in Section 2.3.2.
The errors of the three data-driven models also increased uniformly under normal working
conditions, while the cumulative error curves under abnormal working conditions had a
clear increasing trend. The cumulative errors of the three data-driven models’ simulation
results of 1-7 days all increased evenly. When the abnormal conditions occurred on the
eighth day, the cumulative error curve had an obvious sloping increasing trend. The above
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results showed that data-driven models are highly sensitive to the occurrence of abnormal
conditions, but the results still met the requirements for simulation accuracy in the actual
operation of a pipeline.

In terms of calculation speed, the same computing equipment was used to calculate
the five simulation models, and the simulation times are shown in Table 6. There were two
iterative processes in the calculation process of the transient simulation, so in this case (grid
spacing 1 km, time step 10 s), the calculation time was 951 s; there was an iterative process
in the steady-state simulation calculation process. In this case, the calculation time was
209 s; the calculation time of the three data-driven models was very short, the calculation
time of the NARX neural network was 0.0382 s, the calculation time of the time series
decomposition was 1.67 s, and the calculation time of the system identification was 0.163 s.
The model used for the NARX neural network and system identification has been trained,
and the model training still needs some time (NARX 4.00 s, system identification 1.52 s).
As the NARX neural network simulation speed was the fastest, it is better to select NARX
models for long-term simulation. The calculation speed of the data-driven models was
faster than that of the first principle model by comparison.

Table 6. Comparison of simulation time.

Model Training Time (s) Simulation Time (s) Total (s)
Steady-state —_— 209 209
Transient S 951 951
NARX neural network 4.00 0.0382 4.0382
Time series decomposition — 1.67 1.67
System identification 1.52 0.163 1.683

5. Conclusions

Six methods in the thermal simulation of natural gas pipelines were studied in this
paper: the Sukhov model, the steady-state heat transfer model, the transient heat transfer
model, the NARX neural network method, the time series decomposition method, and the
system identification method. The actual cases were designed to compare the simulation
accuracy between the physics-based simulation models and the data-driven models. From
the numerical results, the following conclusions can be made:

(1) The average simulation errors of the three data-driven models were 1.98%, 2.35%, and
3.01%, which satisfy the requirements for simulation accuracy in pipeline operations.
The main accuracy loss of data-driven models occurred under abnormal working con-
ditions, such as a sudden change of ambient temperature and natural gas cooling and
transportation, while the calculation accuracy was very high under normal working
conditions. Therefore, when the requirements for simulation accuracy are high, the
data-driven model can be used for simulation under stable working conditions.

(2) The time calculations of the data-driven models were 4.0382 s, 1.67 s, and 1.683 s,
which were faster than that of the first principle model. Among them, the total time
of time series decomposition and system identification were almost consistent. The
NARX neural network and system identification models need to obtain the applicable
model through the analysis of historical data. The time to establish the model was
relatively long, while the time series decomposition model was calculated directly,
which was shorter than the NARX neural network.

(3) In terms of applicability, the three first principle models did not need to be calculated
with actual known data, and have strong applicability to different pipelines, but the
physical parameters, such as ambient temperature, thermal conductivity between
the pipe and the surrounding environment should be known; the solutions of the
three data-driven models were obtained by analyzing the known data. Therefore, the
models obtained for different pipelines and even different working conditions were
different, and there are requirements for the acquisition of actual data. Too little data
will lead to the model output not being in line with the reality, and a large difference
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in data under different working conditions will also lead to a deviation of calculation
capacity under different working conditions.

The numerical results show that data-driven models have high calculation accuracy,
high simulation efficiency, and have good applicability to the direction of rapid calculation
demand, such as pipeline control engineering and parallel simulation of pipe networks.
Moreover, simulation results could replace part of the calculation results of the mechanism
model to simplify the complex hydrothermal coupling solution method. The input pa-
rameters of the data-driven model were determined based on the physics analysis, which
avoided the problem of the blind parameter adjustment of the data-driven model and
ensured the rationality of the operation and the reliability of the results.

In future research, sensitivity analysis of input parameters of the data-driven model
can identify pipeline parameters. In addition, it is necessary to use the data-driven model
as a proxy model to speed up solving the process of thermohydraulic simulation.
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