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Abstract: Traditional optimization methods of heated oil pipeline operation are usually offline or nondynamic, where steady-state models or
complex and inaccurate physical models are utilized. To achieve online optimization with high adaptability and timeliness, this paper deploys
a neural network (NN) to identify and imitate a real thermal and pressure response system instead of solving complicated model equations.
The NN is trained and built by pipeline history data obtained from the Supervisory Control and Data Acquisition (SCADA) system. For a
certain pipeline, real-time operating parameters like pressure and temperature are predicted by the NN once the inputs are given. Three
different neural networks, a backpropagation neural network (BPNN), radial basis function neural network (RBFNN), and general regression
neural network (GRNN), are compared to demonstrate their error-control abilities when predicting those parameters. Then the parameters are
sent to particle swarm optimization and differential evolution (PSO-DE) optimization units to calculate the costs. The NN identification and
PSO-DE optimization are applied to the Rizhao–Yizheng digital long crude oil pipeline. Experiments demonstrate that the three NNs have
similar prediction accuracies, and the RBFNN and GRNN have better prediction stability than BPNN. Most of the prediction errors of the
flow, outlet pressure, and inlet temperature can be controlled below 50 m3=h, 0.1 MPa, and 0.1°C, respectively, and the online optimization is
achievable. The maximum reduction of the total energy cost is 10.75%, and the saving effect is significant. DOI: 10.1061/(ASCE)PS.1949-
1204.0000421. © 2019 American Society of Civil Engineers.
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Introduction

Pipelines are one of the most significant ways to transport crude oil.
However, some crude oil, with a high freezing point, high content of
wax, and high viscosity, is usually heated and pumped when trans-
ported in pipelines. Therefore, extra power and fuels are consumed
during transport, which takes up 1%–3% of the total energy costs.
To reduce costs in transportation, optimization of a heated pipeline
operation is essential, which can be solved by seeking the best com-
binations and selections of heating and pumping stations within the
safety requirements. In general long heated oil pipelines (HOPs)
work continuously, which means, once the transport task is altered,
stations should adjust their operating states to meet the demands of
the new task, thereby allowing for online optimization.

Studies on HOP optimization started in the 1960s, when Yong
and Jefferson (1961) used a dynamic programming method to de-
termine the best pressure to use at each station. Gopal (1980) used
a linear programming method to choose the best combination of
pump stations. Kurak (1989) used power optimization software on
an oil product pipeline and reduced the power costs of pump sta-
tions. However, these methods are oversimplified and mainly focus

on steady-state models, which means offline and lacking dynamic
adaptability. Then some intelligent algorithms were proposed to
solve complex models. Hence, Simpson et al. (1994) presented a
methodology for optimizing pipe networks using genetic algo-
rithms (GAs) and compared the results with nonlinear program-
ming and found the global optimum in relatively few evaluations.
Ilich and Simonovic (1998) proposed an evolutionary algorithm
to minimize the total cost of pumping in a liquid pipeline; their
algorithm was an improvement in terms of optimality compared
to the widespread gradient search methods. Botros et al. (2004)
developed multiobjective function and safety constraints based on
GAs. Gao et al. (2004) used a GA combined with a simulated
annealing (SA) algorithm to solve an optimization model and suc-
cessfully reduced total costs. Li et al. (2007) adopted a mixed par-
ticle swarm optimization (PSO) algorithm with mixed discrete
random programming and applied it to the model, and the result
performed better than just a PSO algorithm. Li et al. (2011) im-
proved the pattern search algorithm integrated with the particle
swarm method in gas transmission networks, and the simulation
result was superior to the results of a simplex algorithm and the
classic linear programming algorithm. Oliveira et al. (2016) pro-
posed a framework that comprises a stochastic optimization model
based on mixed-integer linear programming for scheduling a crude
oil pipeline and a method for representing oil supply uncertainty.
Zhang et al. (2017) used an improved PSO and Monte Carlo
method to design subsea oil pipeline module, which can be applied
to analyzing the thermohydraulic and structural force and solving
the main pipeline parameters. Zhang et al. (2018) proposed a self-
learning algorithm for pipeline scheduling, which can improve
calculation speed and efficiency by itself.

The optimization algorithms for the three largest infrastructures—
smart grids (Behera et al. 2015; Twaha and Ramli 2018; Abdi et al.
2017; Yan and Peng 2016), water pipe networks (Zhao et al. 2016;
Makaremi et al. 2017), and heated oil pipelines (Lervik et al. 2018;
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Pavlov et al. 2017; Wang et al. 2017; Zuo et al. 2018)—are similar,
including mathematical and metaheuristic methods. Mathematical
methods include network flow theory, linear programming, nonlin-
ear programming, integer programming, and dynamic program-
ming. Metaheuristic methods include PSO, GAs, Monte Carlo
method, and SA. Faster algorithms generated in one domain can
be easily transplanted to another domain. For the HOP operation
optimization, the physics coupling needs updating in real time
when potential solutions are being generated, which is the biggest
difference compared to smart grids and water pipe networks. The
ability to accurately predict each intermediate physical variable of
HOP in real time is the key to whether optimization is rapid and
successful.

Most of the aforementioned studies emphasize optimization
modeling and solving. When judging whether or not some inter-
mediate variables satisfy constraint conditions, such as inlet/outlet
pressure and temperature, HOP physics models of pressure and
thermal responses are used. However, some assumptions neglect
too many details in predicting variables, and the models are so ideal
that the prediction results are incorrect. Otherwise, the real-time
computation of accurate models will be complicated and not suit-
able for online prediction. All in all, a long-distance HOP is a com-
plex system with high nonlinear and multiple variables. A model
without considering the nonlinearity or with too complicated algo-
rithms is not appropriate for online optimization. Impractical oper-
ating processes can lead to false optimization results.

In this paper, artificial neural networks (NNs) are used to identify
and imitate practical thermal and pressure response systems instead
of solving complex models. With the input given by pipeline history
data, the NNs calculate the corresponding output and send the iden-
tified results to PSO and differential evolution (PSO-DE) calculation
units (Viani et al. 2017), and the optimization calculation also uses
the network (Zhou et al. 2015). The PSO-DE algorithm was intro-
duced in a previous publication (Zhou et al. 2015). There are two
advantages to using system identification based on NNs: (1) because
the actual input and output data are utilized to approximate the HOP
system without assumptions, the NN model is very close to the ac-
tual system; (2) there is no finite-element simulation iteration, so the
optimization is near real time, and training can be carried out both
offline and online.

Optimization Goal

The goal of HOP optimization is to minimize the costs S in trans-
portation, which consists of power costs SP of electrical pumps and
fuel costs SF of heating devices. The objective function is given as
Eq. (1) (Zhou et al. 2015):

FðXÞ ¼ S ¼ SP þ SF

¼
Xn
i¼1

Xmi

j¼1

γijHpij

eyK1

ηpij
ηeij

þ
Xn
i¼1

exK2C
ðTini − ToutiÞ

ηriHr
ð1Þ

In Eq. (1), power costs at the ith (i ¼ 1; 2; : : : ; n) pumping sta-
tion SPi are formed by costs

Pmi
j¼1 γijHpij

ðeyK1=ηpij
ηeijÞ of jth

(j ¼ 1;2; : : : ;m) pumps. For a certain pump, γ describes the on(1)/
off(0) state, Hp is the delivery of a pump head, which can be
tested by the difference between outlet pressure Pout and inlet pres-
sure Pin, ηpij

is the efficiency of a pump, ey is the electrical power
price, ηeij describes a pump’s efficiency at converting power to
pressure, K is a coefficient to dimenasions. Fuel costs at the ith
heating station (settled with pumps at the same station) SFi are
formed by the cost exK2C½ðTini − ToutiÞ=ηriHr� of the heating

device, where Tin is the inlet temperature and Tout is the outlet tem-
perature of the station, ex is the fuel price, C is the specific heat
capacity, Hr is the combustion value of fuels, and ηr describes
the heating conversion efficiency of fuel to thermal energy.

Accordingly, the parameters of a pipeline model that the
PSO-DE optimization requires are flow, pressure, and temperature.
However, to identify the pipeline model and to efficiently use
PSO-DE, the input and output variables of a NN need to be selected
properly. In general the output variables are able to describe the
objectives, and the input variables should have sensitive influence
on the output variables. Usually there is more than one pump at
stations that are settled along the transporting direction of a pipeline
section. Based on practical engineering experiments, the input and
output combination is assigned as follows: on-off states of pump
groups γ ¼ fγijgn×m, outlet temperature of all stations Tout ¼
fToutign×1 combined as input variables; flux Q, inlet temperature
of all stations Tin ¼ fTinign×1, inlet pressure of pumps at all sta-
tions Pin ¼ fPinign×1, and outlet pressure of pumps at all stations
Pout ¼ fPoutign×1 combined as output variables. Other parameters
such as pressure drop at the first station and component variables of
oil are constant in one specific transporting task.

Thus, the objective function Eq. (1) can be described as FðXÞ,
and the independent variables matrix X and dependent variables
matrix O ¼ FðXÞ can be described as Eqs. (2)–(6):

X ¼ ðγ1; γ2; : : : ; γm;ToutÞT ð2Þ

pouti ¼ fpoutiðγi;TiniÞ ð3Þ

piniþ1
¼ fpiniðpouti ;ToutiÞ ð4Þ

Tiniþ1
¼ fTiniðpini ;ToutiÞ ð5Þ

O ¼ ðQ;Tin;Pin;PoutÞT ð6Þ

At the ith station, the outlet pressure pouti is determined by the
pump on-off states γi and input temperature Tini . In the (iþ 1)th
station, the inlet pressure piniþ1

is determined by the outlet pressure
pouti and the outlet temperature Touti of the preceding station. At
the (iþ 1)th station, the inlet temperature Tiniþ1

is determined by
the inlet pressure pini and the outlet temperature Touti of the ith
station.

The constraint conditions, such as inlet/outlet pressure and
temperature and maximum internal pressure, can be found in the
authors’ previous publication (Zhou et al. 2015). A mixed PSO-
DE algorithm that performed well in Zhou et al. (2015), will be
deployed to solve the operation optimization model of HOPs.

Online Optimization Strategy

For online task changing in oil transporting, NN models are able to
predict operating parameters once the changes are given, while tra-
ditional methods should solve and iterate equations repeatedly for
new conditions and inputs. To achieve online optimization, strate-
gies based on NN identifications are as follows.

First, the optimization algorithm is connected to the Supervisory
Control and Data Acquisition (SCADA) system to acquire pipeline
historical and present data. These data are used to build and train
NNs that can supply a more practical prediction model and faster
process in solving the temperature and pressure variables. A well-
trained network is seen as a specific function model that is the input
of the PSO-DE algorithm. Second, keep monitoring the working
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state of the HOPs, and when an error of the prediction model (or
costs between practical and prediction) reaches a certain threshold,
update the model using new recorded data and calculate a new
optimization plan. Third, when the transport plan is artificially
altered, the network can detect changes by itself and send new op-
timization results to each station through the SCADA system to
execute.

The preceding strategy is based on neural network identification
and prediction, which means the iteration does not need to solve
complex equations about certain parameters. Once the network is
trained by the recorded data, it can calculate the output easily and
immediately. In addition, the SCADA system is able to collect data
continuously at high sample rates and maintain real-time commu-
nication between the optimization procedures and the SCADA sys-
tem, thereby guaranteeing the accuracy of the parameter prediction
and the ability to react fast. A schematic of the online optimization
is shown in Fig. 1.

Algorithm Descriptions of Three NNs

Traditional methods of system identification include step response
identification method, frequency response method, correlation
analysis method, spectral analysis method, least-squares method,
and maximum likelihood method (Ljung 1999). However, though
they are considerably developed, the aforementioned methods
are not perfect enough for practical systems, which are usually
complex, nonlinear, and uncertain. For instance, the least-squares
method requires input signals that are known and varied while
the exact input cannot be exactly obtained, or changing it is not
allowed. When applied to nonlinear systems, such as operating HOP
systems, the performance of traditional methods is not as good as
that of linear ones. Traditional methods, additionally, require spe-
cific structures and parameters before being applied, which is not
always practical or possible.

As smart control theories, such as neural network (Zhou et al.
2006), genetic algorithm (Halim et al. 2012), and fuzzy theory
(Zhang 2003), have been studied and applied to the field of indus-
trial control, some modern methods have been developed to solve
nonlinear system identification. Methods based on neural networks
are able to describe arbitrary nonlinear model, making online opti-
mization possible for operating HOP systems. Practical data of
HOP are used as input for the network, so complex modeling can
be avoided and the identified result will be very close to actual
results. In addition, real-time iteration can be omitted by network
optimization once the training is accomplished. In this section,
BPNN, RBFNN, and GRNN are applied to operating HOP system
identification and their advantages are compared.

Preprocessing of Input and Output Variables

All practical data arising from pipeline historical operation are used
for training a neural network. However, they cannot match their
respective weights without proper scale transformation. Through
scale transformation, the input and output range will be transformed
and limited within ½−1; 1�, which is also called the normalization.
Scale transformation is used in cases where independent input var-
iables have different physical meanings/units, dimensions, or
orders of magnitude. When calculating the sigmoid function output
of the neural network, the transformation can avoid saturation, so
the matrix can be adjusted within a flat area of error surface
(Stolcke et al. 2008). Otherwise, even small proportions of the total
error would result in large prediction deviations. The scale trans-
formation based on maximum xmax and minimum xmin can be
changed to ½−1; 1� by Eqs. (7) and (8):

xmid ¼
xmax þ xmin

2
ð7Þ

xi ¼
xi − xmid

1
2
ðxmax − xminÞ

ð8Þ

wherein xmid = median value of all samples and is transformed
into 0, with a maximum value of 1 and minimum value of −1.

As noted, the input variables are listed in Eq. (2). For
convenience of algorithm description, now the foregoing transfor-
mations are applied and rewritten as a standard input vector
X ¼ ðx1; x2; : : : ; xnÞT, all mentioned previously as well. Likewise,
the output variables mentioned in Eq. (6) will be recorded as
O ¼ ðo1; o2; : : : ; olÞT.

BPNN and Its Performance

A backpropagation neural network (BPNN) is a feedforward neural
network of a multilayer perceptron based on an error backward
propagation (BP) algorithm. The whole training process consists
of two parts: backpropagation of error and forward propagation
of practical signals. When errors go back from output layer toward
the input layer, each unit in the hidden layers will share the errors to
adjust their weights. When sample signals go forward and the out-
put is calculated through hidden layers, if the output error cannot
meet the requirement of some preset value, it will be sent backward
repeatedly until the requirement is met (Haykin 2009).

The whole network consists of three layers, with a correspond-
ing vector in each layer. The input vector X ¼ ðx1; x2; : : : ; xnÞT is
originally assigned by historical data; the hidden layer output vec-
tor Y ¼ ðy1; y2; : : : ; ymÞT is determined by Eq. (9). The network
output vector O ¼ ðo1; o2; : : : ; olÞT is determined by Eq. (10),
in which the bipolar sigmoid function fðxÞ is defined by Eq. (11).
The expected network output d ¼ ðd1; d2; : : : ; dlÞT, which is
determined by the pipeline history data, is applied to control the
required error. The matrices W ¼ ðW1;W2; : : : ;WlÞ and V ¼
ðV1;V2; : : : ;VmÞ transfer weights that are initialized randomly
between layers:

yi ¼ f

 Xm
j¼0

νijxi

!
; j ¼ 1; 2; : : : ;m ð9Þ

ok ¼ f

 Xm
j¼0

ωjkyi

!
; k ¼ 1; 2; : : : ; l ð10Þ

fðxÞ ¼ 1 − e−x
1þ e−x ð11Þ

Fig. 1. Schematic of online optimization.
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The standard BPNN algorithm steps for the optimization of
HOP operations are given in what follows:

Step 1: Initialize network. Assign W, V with random values,
generate training counter q and pattern counter p to 1. Then set
the error E ¼ 0, network precision Emin, and learning efficiency
η according to practical requirements.

Step 2: Input vector X and d with pipeline history data, calculate
Y, O using Eqs. (9) and (10).

Step 3: Calculate network error. Given that the quantity of the
training sample is p, the error of the sample network is calculated
by Eq. (12), and the overall error (ERME) is calculated by Eq. (13):

Ep ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXl
k¼1

ðdpk − opk Þ2
vuut ð12Þ

ERME ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

p

XP
p¼1

ðEpÞ2
vuut ð13Þ

Step 4: Calculate errors of every layer, δok and δ
y
j , using Eqs. (14)

and (15):

δok ¼ ðdk − okÞokð1 − okÞ ð14Þ

δyj ¼
 Xl

k¼1

δokωjk

!
yið1 − yiÞ ð15Þ

Step 5: Adjust weights between layers using Eqs. (16) and (17):

Δωjk ¼ ηδokyi ¼ ηðdk − okÞokð1 − okÞyi ð16Þ

Δνij ¼ ηδyjxi ¼ η

 Xl
k¼1

δokωjk

!
yið1 − yiÞxi ð17Þ

Step 6: Determine whether all samples are deployed in training.
If condition p < P is satisfied, go to Step 2; otherwise go to Step 7.

Step 7: If the total error ERME satisfies the condition ERME <
Emin, then the training process ends, else generate E ¼ 0 and
p ¼ 1, then go back to Step 2.

Figs. 2 and 3 indicate how the number of samples and the node
number of the hidden layer influence the identification results. The
sample data are collected by the SCADA system and transformed
to standard input vector. It can be seen that as the sample number

Fig. 2. Influences of the sample number on the BP NN identification performances: (a) flow; (b) output pressure; (c) input pressure; and (d) input
temperature.
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increases, identification errors of all 13 working parameters de-
crease. When the number reaches 250, the identification error is
small enough to be acceptable, and further increasing the sample
number does not demonstrate significant reduction of errors. How-
ever, despite the fact that the errors of the flow and outlet pressure
at the Rizhao station is evidently abnormal, the errors of the other
11 parameters go up first and then go down to a minimum, while
the hidden layer’s node number is between 25 and 35, and after that
the error increases again.

RBFNN and Its Performance

A radial basis function neural network (RBFNN) is usually used as
a local approximation network. It is unlike the BPNN, whose
global output can be influenced by any single change of the weights
in the whole network. The RBFNN is influenced by local weights
and therefore allows for a quicker study and training process. For
a RBFNN model, x ¼ ðx1; x2; : : : ; xnÞT is the input vector, y ¼
ðy1; y2; : : : ; ymÞT is the output vector, W ∈ Rh×m is the matrix
of the output weights, ϕið�Þ is the activation function of hidden
layer units where i describes the index of the independent units,
and the function ϕið�Þ can be defined by three kinds of radial basis

function as Eqs. (18)–(20). The radial basis function has better local
adjustability that when the nerve cell is further from the central
point in an n-dimensional space, the neuron will be activated to
a less extent according to Feng et al. (2009).

Gaussian function:

ϕiðtÞ ¼ e
−t2

δ2
i ð18Þ

Reflected sigmoidal function:

ϕiðtÞ ¼
1

1þ e
−t2

δ2
i

ð19Þ

Inverse multiquadric function:

ϕiðtÞ ¼
1

ðt2 þ δ2i Þα
; α > 0 ð20Þ

Experiments show that the inverse multiquadric function
method produces the least error, so the inverse multiquadric func-
tion is chosen as the activation function. The supervised learning
method (Tan et al. 1995) is used to train parameters in RBFNNs.
The objective function is defined as Eq. (21):

Fig. 3. Influences of the node number of the hidden layer on BPNN identification performances: (a) flow; (b) output pressure; (c) input pressure; and
(d) input temperature.
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E ¼ 1

2

XP
i¼1

e2i ð21Þ

where P is the total number of training samples; and ei is the error
of the ith input sample, which is calculated by Eq. (22):

ei ¼ di − FðxiÞ ¼ di −
XM
j¼1

ωjGðkxi − cikÞ ð22Þ

Additionally, in the applied gradient descent method, all correc-
tions of the parameters should be proportional to their negative gra-
dients to minimize the value of the objective function, as shown in
Eqs. (23)–(25):

Δcj ¼ −η ∂E
∂cj ¼ η

ωj

δ2j

XP
i¼1

eiGðkxi − cikÞðxi − ciÞ ð23Þ

Δδj ¼ −η ∂E∂δj ¼ η
ωj

δ2j

XP
i¼1

eiGðkxi − cikÞkxi − cik2 ð24Þ

Δωj ¼ −η ∂E
∂ωj

¼ η
ωj

δ2j

XP
i¼1

eiGðkxi − cikÞ ð25Þ

The RBFNN algorithm steps for the optimization of the HOP
operation are given in what follows:

Step 1: Initialize the network with random values, set the error
E ¼ 0, and set the network precision Emin and the learning effi-
ciency η according to practical requirements.

Step 2: Construct vectors x and y using the pipeline historical
data, and calculate the error of the overall network using Eqs. (21)
and (22).

Step 3: For each single output of the RBFNN, calculate the gra-
dients and adjust the errors using Eqs. (23)–(25).

Step 4: If the total error ERME satisfies the condition ERME <
Emin, then the training process ends, else generate E ¼ 0, then go
back to Step 2 and adjust the local single RBFNN.

Fig. 4 Illustrates that, as the sample number increases, all identifi-
cation errors have a decreasing tendency using the RBFNN method.
When the sample number reaches 250 or more, similarly, the iden-
tification error is small enough to be acceptable, and further increas-
ing the sample number does not demonstrate significant results.

GRNN and Its Performance

The general regression neural network (GRNN) was proposed by
Specht in 1991 (Specht 1991). GRNN deploys a continuous joint

Fig. 4. Influences of the sample number on RBFNN identification performances: (a) flow; (b) output pressure; (c) input pressure; and (d) input
temperature.
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probability density function (JPDF) instead of a fixed function. The
GRNN acquires a JPDF of dependent and independent variables
by observation samples and then executes a Parzen nonparametric
estimation (Singh and Karthikeyan 2012), thereby calculating the
regression value of the dependent variables to the independent var-
iables as a consequence, wherein there is a smooth factor σ in the
kernel function of the regression unit, which has a significant im-
pact on the estimation result and so requires optimization.

Assume that fðx; yÞ represents the known continuous joint prob-
ability density function of a vector random variable x and a scalar
random variable y. Apply x0 as a particular value of x; the regres-
sion of y on x0 can be calculated using Eq. (26):

Eðy=x0Þ ¼ ŷðx0Þ ¼
R∞−∞ yfðx0; yÞdyR∞−∞ fðx0; yÞdy

ð26Þ

Apply Parzen nonparametric estimation to the sample
fxi; yigni¼1, so the probability density function fðx0; yÞ can be esti-
mated by Eq. (27), where p is dimensional of x, σ is the smooth
factor, and n is the sample size:

fðx0; yÞ ¼
1

nð2πÞpþ1
2 σpþ1

Xn
i¼1

e−dðx0;xiÞe−dðy;yiÞ ð27Þ

dðx0; xiÞ ¼
XP
j¼1

�
x0j − xij

σ

�
2

; dðy; yiÞ ¼ ðy − yiÞ2 ð28Þ

ŷðx0Þ ¼
P

n
j¼1 yje

−dðx0;xiÞP
n
j¼1 e

−dðx0;xiÞ ð29Þ

Synthesizing Eqs. (26) and (27) and ∫∞−∞ze−z2dz ¼ 0, Eq. (29)
can be obtained, which describes the weighted sums of e−dðx0;xiÞ.
It can be seen that when the smooth factor σ is large enough,
dðx0; xiÞ approaches zero, which indicates that ŷðx0Þ is approach-
ing the mean of all the dependent output variables. Conversely,
when σ approaches zero, ŷðx0Þ is very close to the practical values
of the samples. In the case of overfitting when ŷðx0Þ is not included
in the sample sets, σ is weighted by the distance between the sam-
ples and the estimated ŷðx0Þ.

GRNN resembles RBFNN in terms of composition structure.
The input layer x consists of linear units. The second layer,
however, whose nodes correspond to the sample and are acti-
vated by the Gauss function, is called the pattern layer. More-
over, the third layer is used to calculate the weighted sum of yi.
For the last layer, ŷðx0Þ is estimated as the output of the
network.

Fig. 5. Influences of the sample number on GRNN identification performances: (a) flow; (b) output pressure; (c) input pressure; and (d) input
temperature.
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The ideal smooth factor σ cannot be exactly determined via
the size of the sample, thus golden section search method is used
to search for the best σ for a superior network. The steps are as
follows (Fu et al. 2012):
1. Generate a random value for the smooth factor σ.
2. Select a sample optionally as a network error testing input, with

the other samples used for training.
3. Test the error of the network using the testing input in

Step 2.
4. Repeat Steps 2 and 3 until all samples are tested, calculate the

average error as the objective function using Eq. (30):

etotalðσÞ ¼
1

n

Xn
i¼1

jŷðxiÞ − yðxiÞj ð30Þ

Fig. 5 demonstrates that, in comparison to BPNN and RBFNN,
GRNN is much less dependent on the number of samples. As the
number increases, the identification errors of all 13 working param-
eters generally decrease. When the sample number approaches 200
or more, the error can be considered acceptable. For inlet pressure
and temperature prediction, when the sample number exceeds 100,
the prediction performance is stable enough.

Contrast Experiments of BPNN, RBFNN, and GRNN

To carry out a contrast experiment of NNs, pipeline operating data
are collected by the SCADA system, which is widely used and ac-
cepted as a standard industrial data acquisition and control system.
The SCADA system integrates more than pressure transducers,
temperature sensor, data collection and communication devices,
electrical controllers, monitoring, and a storage center. The pressure
data were collected by pressure transducers at each mentioned
pumping station at a real-time sample rate of 200 Hz. The flows of
oil are collected from flow meters at the stations, and temperature

Fig. 6. (a) Contrasts of three NNs’ stability for flow prediction; and 10 tests of BPNN’s stability for (b) input pressure prediction; (c) output pressure
prediction; and (d) input temperature prediction.

Table 1. Pipeline characteristics of Rihzhao-Yizheng pipelines

Pipeline section
Length
(km)

Diameter
(mm)

Pipe
thickness
(mm)

Material
(steel)

Design
pressure
(MPa)

Volume
(m3)

Rizhao-Donghai 84.7 914 12.7 L450 8.5 52,501
Donghai-Huai’an 91.5 914 12.7 L450 8.5 56,716
Huai’an-Guanyin 94 914 12.7 L450 8.5 58,265
Guanyin-Yizheng 107.8 914 12.7 L450 8.5 66,819
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data were collected by thermometers at heating stations. The data
were acquired and recorded in SCADA. The pipeline characteris-
tics are listed in Table 1.

Stability Analysis

To observe the stability of BPNN, RBFNN, and GRNN, the same
samples are used to carry out the network training 10 times. All 13
parameters are predicted using the 3 different networks. Taking
the flow identification as an example, as shown in Fig. 6(a),
for the 10 tests, the predicted values of the flow using the RBFNN
and GRNN remain very steady, except that the results of using the
BPNN show severe randomness and nonstationarity. The 13 var-
iables’ prediction results from 10 tests using the BPNN are shown
in Figs. 6(b–d). The flow prediction errors of the RBFNN and
GRNN are 60 and 70 m3=h, accounting for 1.9% and 2.3% of
the actual flow, respectively. Testing experiments demonstrate that
RBFNN and GRNN yield stable results when it comes to predict-
ing all 13 parameters. Compared with the BPNN, the RBFNN and
GRNN can also provide high performance for other parameter
predictions. The prediction errors of other parameters using the
BPNN are presented in Table 2. The large errors indicate unstable
prediction.

Fig. 7 illustrates the mean absolute errors of the variable flow
show decreasing trends when the sample numbers increase, wherein
RBFNNs show more stable trends and slower decreasing speed
than BPNN, while the GRNN shows the most stable trend and
the slowest speed among the three NNs. To characterize the sensi-
tivity of the sample numbers, the maximum forward differences are

calculated as a description of stability and the performances of the
three NNs are compared in Table 3. It can be seen that for all
the parameters, the BPNN has the largest forward differences, and
the GRNN is obviously preferred over the other two for its error
stability control.

Online Optimization Results and Discussions

Ten considerably different sample groups were selected for all 13
working parameters. Their outputs are predicted using pipeline
historical data, and they are applied to the PSO-DE optimization
algorithm. Some of the results are presented in Tables 4 and 5,
wherein the input variables in Table 4, partly changeable and con-
trollable, are to be optimized. Table 5 presents outlet variables that
require real-time identification and monitoring to make sure they
satisfy the constraints.

Table 4 illustrates that the scheduling scheme of pumps does not
change significantly, except that the Rizhao station in Group 5 de-
creases from three large pumps to two large ones. While the outlet
temperature at each station changes in different ways, all changes
serve to fit the overall process. In Table 5 it can be seen that before
optimization the highest pressure is 5.01 MPa, while after optimi-
zation the lowest is 4.6 MPa; the highest input pressure decreases
from 3.45 to 3.2 MPa, and the lowest input temperature falls from
13.8°C to 12.6°C. The largest flow decrease is 174.3 m3. Table 5
shows that all parameters, including input pressure, output pressure,
input temperature, and flow, change reasonably within the con-
straints, so that after optimization, all costs decline, with the largest
cost savings being has high as 10.75%, demonstrating that the
online identification and optimization method works well on the
heated oil pipeline.

The training computation time from using MATLAB (64-bit
version) is less than 3 h for each of the three NNs. Using the
well-trained neural network, prediction of the operation parameters
of the entire pipeline can be completed in an instant, less than 1 ms.
On this basis, the time consumption for finding the optimal oper-
ation parameter set using PSO will not exceed 2 min. When a new
transport task is assigned, it usually takes at least a few hours for the
pipeline to operate under the newly adjusted operating conditions.
Optimization happens in real time.

Conclusions

1 Three different neural networks are compared to identify their
working parameters. RBFNN and GRNN have smaller and stea-
dier identification errors than BPNN, and the calculations are
fast once the neural network training is completed using histor-
ical data.

2. Instead of constructing and solving the optimization model,
well-trained neural networks are used in executing the PSO-DE

Table 3. Maximum forward differences of 3 NNs′ identification errors

Station

Output pressure
(MPa)

Input pressure
(MPa)

Input temperature
(°C)

BP RBF GRNN BP RBF GRNN BP RBF GRNN

Guanyin 0.34 0.25 0.34 0.31 0.26 0.31 1.95 0.39 0.20
Huai’an 0.43 0.37 0.11 0.35 0.03 0.02 3.98 0.55 0.30
Donghai 0.28 0.19 0.05 0.24 0.19 0.05 2.95 1.00 0.51
Rizhao 0.44 0.26 0.19 — — — — — —
Yizheng — — — 0.22 0.05 0.02 2.25 0.45 0.25

Fig. 7. Sensitivities of three NNs’ identification errors to the sample
number.

Table 2. Variance of BPNN identification in different tests

Station
Output pressure

(MPa)
Input pressure

(MPa)
Input temperature

(°C)

Guanyin 0.099 0.092 0.060
Huai’an 0.033 0.038 0.119
Donghai 0.023 0.027 0.484
Rizhao 0.023 — —
Yizheng — 0.003 0.047
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optimization algorithm. The optimization results are applied
to the Rizhao–Yizheng digital long oil pipeline. Experiments
shows that, if properly assigned, most of the prediction errors of
the flow, outlet pressure, and inlet temperature can be controlled

below 50 m3=h, 0.1 MPa, and 0.1°C, respectively, so online
optimization is achievable. The maximum reduction of energy
costs in the experiment is 10.75%, meaning the savings are
significant.

Table 5. Optimization results of the 13 output variables

Group Result

Output pressure (MPa) Input pressure (MPa) Input temperature (°C) Flow
(m3=h)

Fees
(¥=h)Rizhao Donghai Huai’an Guanyin Donghai Huai’an Guanyin Yizheng Donghai Huai’an Guanyin Yizheng

1 Before 3.12 2.26 2.36 1.36 2.28 1.2 1.39 0.06 20.2 17.7 17.2 15.9 2,231 3,576
After 2.8 2.4 2.3 1.2 2.2 1.1 1.4 0.1 19.4 17.6 17.5 16.3 2,183.6 3,244

2 Before 3.23 2.32 2.45 1.41 2.33 1.23 1.44 0.09 18.6 16.1 16.4 15.3 2,550 3,909
After 3.12 2.3 2.15 1.5 2.21 0.9 1.5 0.06 17.7 15.2 15.9 14.7 2,450.6 3,513

3 Before 4.2 2.98 2.72 1.53 3.01 1.6 1.56 0.04 16.3 13.8 14.8 13.9 2,338 4,725
After 3.1 2.2 2.8 2.6 2.9 1.2 1.5 0.1 15.1 12.2 13.5 12.6 2,260.5 4,283

4 Before 4.29 3.07 2.92 1.64 3.1 1.82 1.67 0.06 15 13.6 14.7 13.8 2,439 5,032
After 4.15 3.12 2.2 1.56 3 1.5 1.4 0.1 13.9 12.3 13 13.1 2,361.7 4,491

5 Before 4.75 3.2 3.45 1.93 3.23 1.44 1.97 0.1 24.2 21.3 22 20.2 2,751 7,216
After 4.3 3.1 3.1 1.7 2.9 1.1 1.9 0.04 24.1 21 20.6 18.6 2,621.5 6,809

6 Before 4.76 3.41 4.43 2.41 3.45 1.39 2.47 0.07 20.7 17.4 16.8 15.6 2,879 7,112
After 4.1 2.8 3.78 2.1 2.9 1.1 2.2 0.13 19.6 16.7 17.2 16.3 2,831.8 6,782

7 Before 4.86 3.17 4.26 2.3 3.21 1.21 2.36 0.1 19.6 16.7 16.6 15.2 2,865 7,014
After 4.2 2.3 3.3 1.3 2.4 0.9 1.3 0.1 18.9 15.7 16.1 14.9 2,690.7 6,594

8 Before 4.8 3.03 4.09 2.25 3.06 1.29 2.29 0.09 17.7 16.2 17.3 15.8 3,036 7,311
After 4.2 2.9 3.7 2.1 2.9 1.1 2.2 0.07 17.1 15.3 16.4 15.4 2,883.4 6,843

9 Before 5.01 3.34 4.54 2.51 3.37 1.38 2.55 0.14 18.7 15.6 15.6 14.5 2,819 7,244
After 4.6 3.0 3.8 2.1 3.1 1.0 2.2 0.07 18.5 15.3 14.4 13.7 2,712.1 6,792

10 Before 4.69 3.12 4 2.16 3.16 1.21 2.22 0.11 20.3 17.8 17.5 16.1 3,114 7,757
After 4.4 3 3.8 1.9 3.2 1.2 2.1 0.07 19.7 17.1 16.2 15.6 2,948.1 7,143

Table 4. Optimization results for the 13 input variables

Group Result

Pump group
Average ground temperature

between stations (°C) Oil density
(kg=m3)

Temperature
at 1st station

(°C)

Outlet temperature (°C)

Rizhao Huai’an Ri-Dong Dong-Huai Huai-Guan Guan-Yi Rizhao Donghai Huai’an Guanyin

1 Before 1L 1S 15.11 14.13 14.77 15.28 868.6 23.7 24.4 20.1 18.1 17.2
After 1L 1S 15.11 14.13 14.77 15.28 868.6 23.7 22.9 19.4 18.9 16.6

2 Before 1L 1S 11.27 10.16 11.13 11.74 868.7 25.1 25.9 18.5 16.6 16.3
After 1L 1S 11.27 10.16 11.13 11.74 868.7 25.1 25.5 16.1 18 17.5

3 Before 1L1S 1S 10.9 8.5 9.4 11.1 879.7 19.9 21.9 16.1 14.5 14.7
After 1L1S 1S 10.9 8.5 9.4 11.1 879.7 19.9 22.1 16.7 13.1 14.4

4 Before 1L1S 1S 10.9 8.4 9.5 10.9 877 21.2 22.1 14.8 14.1 14.8
After 1L1S 1S 10.9 8.4 9.5 10.9 877 21.2 22.6 14.2 15.5 13.9

5 Before 3L 1L 18.2 15.2 16.3 16 859.8 26 26.7 24 22.6 21.9
After 2L 1L 18.2 15.2 16.3 16 859.8 26 28.1 23.8 21.7 19.3

6 Before 2L 1L1S 11.71 10.56 11.48 12.04 858.5 22.9 24 20.6 18.2 16.8
After 2L 1L1S 11.71 10.56 11.48 12.04 858.5 22.9 23.8 19.2 17.1 15.9

7 Before 1L 1L1S 11.61 10.46 11.43 11.98 868.7 23.1 24.2 19.5 17.5 16.6
After 1L 1L1S 11.61 10.46 11.43 11.98 868.7 23.1 23.6 19.4 18.1 14.3

8 Before 2L 1L1S 11.2 7.5 9.1 11.4 877.4 21.6 22.8 17.5 17.1 17.3
After 2L 1L1S 11.2 7.5 9.1 11.4 877.4 21.6 22.2 16.8 17.7 16.2

9 Before 2L 1L1S 11.8 9.6 10.1 11.5 879.2 22.3 23.3 18.5 16.7 15.5
After 2L 1L1S 11.8 9.6 10.1 11.5 879.2 22.3 24.1 18.3 17.3 15.3

10 Before 2L 1L1S 12.78 11.46 12.2 12.82 856.4 23.6 24.7 20.3 18.6 17.6
After 2L 1L1S 12.78 11.46 12.2 12.82 856.4 23.6 24.3 19.2 18.1 16.6

Note: L = large; and S = small.
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