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Abstract

The oilfield gathering and transportation system (OGTS) accounts for a substantial share of
total energy consumption, demonstrating considerable potential for energy-saving opti-
mization. Previous research primarily focused on the independent optimization of gather-
ing pipeline networks or processing stations, with little attention given to their integrated
optimization. This study investigates the OGTS of a domestic oilfield block. It develops
artificial neural network (ANN) surrogate models for both pipelines and processing station
equipment to accurately capture system operating states. An optimization model linking
the pipeline network and processing station is established, and a differential evolution
algorithm is applied to enhance computational efficiency. The results indicate that optimal
predictive performance was achieved when the first hidden layer of the backpropagation
neural network (BPNN) contained 50 neurons with a rectified linear unit (ReLU) activation
function, with the surrogate models achieving coefficient of determination (R?) values
exceeding 0.85. Under a 30 min optimization cycle, total system energy consumption
decreased by 2.28%, with computation completed in under 3 min, while daily average
optimization led to a 1.55% reduction. These findings demonstrate that the proposed
integrated optimization framework offers both a robust methodological foundation and
practical engineering guidance for coordinated, low-carbon, and energy-efficient operation
of oilfields.

Keywords: oilfield gathering and transportation system; energy optimization; artificial
neural network; surrogate modelling; pipeline network and processing station integration;
differential evolution algorithm

1. Introduction

In recent years, growing global concern over greenhouse gas emissions has driven the
implementation of numerous carbon-mitigation initiatives, including the Paris Agreement,
the European Green Deal, and China’s commitments to carbon peaking and neutrality [1-3].
The oilfield gathering and transportation system (OGTS) is highly energy-intensive, and
its rising energy use underscores the need for optimization technologies [4,5]. Developing
production operation plans is a critical strategy for optimizing energy consumption [6].
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Improving OGTS energy efficiency supports both sustainable oilfield development and
China’s broader economic and environmental objectives.

The OGTS consists of the oil-gas gathering system and processing system, facilitating
crude oil metering, separation, centralized processing, and transportation [7]. Featuring nu-
merous nodes and equipment, its structural and operational complexity stems from diverse
network topologies (e.g., branch, star, ring) [8-10] and dehydration methods (e.g., chemical,
physical) [11-13]. Consequently, accurately modeling complex pipeline networks and
diverse equipment presents a significant obstacle to optimal OGTS management [14].

Extensive research targets energy reduction in gathering pipeline networks by opti-
mizing transport modes and operating parameters [15-17]. To minimize costs, Pan et al.
proposed an integrated optimization framework for the design and operation of gathering
pipeline networks, demonstrating carbon emission reductions of 42.8% and 66.8% in two
case studies [7]. Expanding beyond operational schemes, Liu et al. introduced equipment-
level decision variables, such as variable-frequency pump speeds, to optimize pipeline
energy consumption [18]. Wei et al. developed a mixed-integer nonlinear programming
framework for steady-state pipeline network optimization, aiming to reduce compressor
unit energy use [19]. Despite these advances, most research overlooks the integrated op-
timization of pipelines and processing stations. Chen et al. modeled a four-level station
layout based on the separation performance of processing stations [20]. However, the
numerous production parameters [4] and the large scale of the OGTS complicate model con-
struction and hinder real-time optimization due to computational limits [21,22]. Therefore,
developing accurate yet efficient models is vital to enhancing the operational efficiency
of oilfields.

Artificial neural networks (ANNSs) offer efficient, cost-effective modeling for complex
systems like the OGTS [23]. Ghafariasl et al. applied neural network-based surrogate
models to a multi-generation system, achieving multi-objective optimization improvements
of 1.9-12.7% [24]. Given the scale of the OGTS, steady-state real-time optimization requires
robust algorithms capable of rapid solution generation [25]. Among various intelligent
algorithms, the differential evolution (DE) algorithm is widely studied for its global search
capability and rapid convergence [26,27]. Trevisan et al. applied the DE algorithm to
an offshore oil and gas production network, effectively solving steady-state optimization
problems [14]. This approach substantially improves computational efficiency in complex
engineering optimization tasks [28,29].

Specifically, previous ANN-based surrogate models primarily target individual equip-
ment or local parameters, often relying on physical models of other subsystems. Building
on previous research, this study develops high-precision ANN prediction models for core
equipment within the gathering pipeline network and the processing station. These models
form the basis of an integrated optimization framework that minimizes operational energy
consumption of both subsystems, yielding optimal operational schemes for the OGTS.

2. Methodology

Figure 1 presents the research framework, which encompasses data collection, ANN-
based surrogate modeling, optimization model development, a case study, and results and
discussion. The ANN surrogate models were used to predict the operating parameters of
the OGTS following adjustments to the optimization variables. This enables the calculation
of total system energy consumption and the verification of constraint conditions. These
results are then converted into fitness values for the algorithm, guiding the selection,
crossover, and mutation operations of the DE algorithm until the search converges.
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Figure 1. Research framework of the present study.

2.1. Design Concept of the OGTS Surrogate Model

As shown in Figure 2, the OGTS primarily consists of a cluster of production wells, a
gathering pipeline network, an oil-gas processing station, a wastewater treatment system,
and a transportation system. The processing station is equipped with heaters, three-phase
separators, settling tanks, and export pumps to support oil-gas separation and handling [30].
Well-produced fluids are transported to the processing station via the gathering pipeline
network, where heating promotes oil-water separation. The separated wastewater is treated
accordingly, while the qualified crude oil is transferred to downstream processes.
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Figure 2. Process flow of the OGTS.

Given the complexity of physical modeling for oilfield equipment and its limited
applicability at the system level [31,32], an ANN-based surrogate modeling approach was
adopted [33]. ANN models were developed using real operational data collected from field
facilities, with each equipment model constructed independently. These equipment-level
models were then integrated according to the process flow to form a comprehensive OGTS
surrogate model.

Because individual equipment models were developed independently, mass balance
must be ensured during system integration [34]. Fluid flow rates were transferred se-
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quentially from one equipment model to the next. Similarly, parameters at the interfaces
between adjacent units, including temperature, flow rate, and water cut, were maintained
consistently. Given specific initial conditions, the surrogate model directly predicted the
following outputs:

Terminal temperature and terminal pressure of the pipeline;
Outlet temperature of the heater;

Outlet temperature and outlet water cut of the separator;
Outlet temperature and outlet water cut of the settling tank;
Outlet pressure of the export pump.

ARl

2.2. Artificial Neural Network Surrogate Models

Before model training, data preparation and feature engineering were carried out. Dur-
ing data preprocessing, missing values were reconstructed using Lagrange interpolation,
and outliers were removed to ensure a reliable dataset for model development. In feature
engineering, input variables were normalized to the range 0-1 to eliminate the influence
of differences in feature scales on model training. Candidate input variables were then
evaluated using Pearson correlation coefficients, and features exhibiting high correlation
with model outputs were selected as inputs. The input features and output variables for
each surrogate model are summarized in Table 1. Notably, for each output variable, an
independent single-output model was constructed for prediction.

Table 1. Input features and output variables of each surrogate model.

Model Input Features Output Variables
. Flow rate, water cut, inlet temperature and  Terminal temperature and
Pipeline L ) .
pressure, pipeline length and diameter terminal pressure
Heater Flow rate, water cut, inlet temperature, flue Outlet temperature
gas temperature
Flow rate, water cut, inlet pressure, inlet Outlet temperature, outlet
Separator .
temperature, oil layer level water cut
Settling Flow rate, water cut, oil-water interface Outlet temperature, outlet
tank height, liquid level water cut
Export Flow rate, frequency, motor effective Outlet pressure
pump voltage and effective current

Overall, ANNs possess strong nonlinear fitting capabilities, enabling them to cap-
ture complex relationships between input variables and output responses from historical
data [35,36]. Consequently, they have been widely applied to modeling and prediction
problems in engineering systems [37,38]. For surrogate model development in the OGTS,
the selected data-driven model needed to satisfy three criteria: robust generalization per-
formance, short training time, and a flexible network architecture with broad adaptability.
Considering these requirements, a backpropagation neural network (BPNN) was employed
in this study to establish equipment-level surrogate models.

Furthermore, the BPNN is a fully connected, multilayer feedforward neural network
trained via error backpropagation. It consists of an input layer, multiple hidden layers,
and an output layer. Figure 3 illustrates the BPNN architecture employed in this study.
The network comprises three types of layers: an input layer that receives feature vectors,
two hidden layers for feature processing, and an output layer that generates prediction
values. The first hidden layer contains 50 neurons with a ReLU activation function for
preliminary feature extraction, while the second hidden layer consists of 25 neurons, also
using the ReLU activation function, to further refine these feature representations. The
output layer adopts a linear activation function to produce continuous prediction values.
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These predictions are compared against actual values to calculate prediction loss, quantified
by mean squared error (MSE), which serves as the objective function for network training
via error backpropagation. This hierarchical design enables gradual condensation of latent
features while maintaining representational capacity. For a detailed analysis of neuron
number selection and activation function configuration, please refer to Section 3.2.

Input layer

)
[:] Hidden layer
)

Output layer

Prediction  Actual
value value

I
The loss of
prediction

MSE(y, y)

Figure 3. Structure of the BPNN.

To improve optimization efficiency and ensure stable training, the Adam optimizer was
employed to update network parameters, with a learning rate of 0.001 [27]. The batch size
and maximum number of training epochs were set to 10 and 300, respectively. To mitigate
the risk of overfitting, an early stopping mechanism was implemented. Training was halted
automatically if the validation loss failed to improve over 10 consecutive epochs, ensuring
the model retained its generalization capability. The dataset was partitioned into training,
validation, and test sets, comprising 70%, 15%, and 15% of the data, respectively [39,40].

Prediction performance across all surrogate models was evaluated using root mean
squared error (RMSE), normalized root mean squared error (NRMSE), coefficient of deter-
mination (R?), and mean absolute error (MAE) [41,42]. The corresponding definitions are
provided in Equations (1)—(4).

1 .
RMSE = \/nzz_l(]/k — ) €))
\/%Zﬁzl(yk — i)’
NRMSE = (2)
Ymax — Ymin
n R YA
RZ —1— Ekn:l (yk }/l()z (3)
Yio1(vk—7)
1 n
MAE = — } |y — J] @)
k=1

where y; and j; represent the true and predicted values of the k-th sample, y denotes
the mean of the actual observations, ymax and Ymin are the maximum and minimum
values of the variable, and # is the number of test samples. It is worth noting here that
NRMSE eliminates the influence of different physical units, allowing a unified evaluation
of prediction accuracy for output variables across different equipment [43,44].
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2.3. Operation Optimization Model
2.3.1. Objective Function
The energy consumption of the OGTS comprises both fuel consumption and electricity

consumption. As noted in Equations (5) and (6), the total energy consumption rate of the
OGTS (FEC) is expressed as a function of fuel and electricity usage:

minFEC — FFUEL | pELE )
EFUEL _ y- Gici(Touti — Tini)
ieN ¢, ©)
EELE — y° w
jeM Mp.j

where FEC denotes the total energy consumption rate (kW), EFUEL and EELE denote the fuel
and electricity power consumption, respectively (kW), N and M represent the numbers of
fuel-consuming units and electricity-consuming units in the system, G; is the mass flow
rate of fluid passing through unit i (kg/s), c; is the specific heat capacity of the fluid in unit
i (kJ/(kg-°C)), Tout;i and T, ; are the outlet and inlet temperatures of unit 7, respectively,
17s,i is the thermal efficiency of unit i (%), Poyt,j and Py, j are the outlet and inlet pressures of
unit j, respectively (kPa), V; is the volumetric flow rate of fluid through unit j (m3/s), and
11p,j is the pump efficiency of unit j (%).

2.3.2. Constraints
(1) Process constraints
Equation (7) defines the upper limit of the production rate for the production wells.

Equations (8) and (9) ensure that the outlet water cut of crude oil and the oil content of
wastewater from the separation unit meet production requirements.

Q)1 < QyI™™ vp € PL )
WCy < WC™™ d € DU 8)
0C,4 < OC™™ Yd € DU )

where eriq and ng’max denote the liquid flow rate and maximum liquid flow rate of
pipeline p, respectively, (m?/s), WC; and WCH® represent the outlet crude oil water cut of
separation unit 4 and its upper limit, respectively (%), PL denotes the set of pipelines, DU
represents the set of dehydration units, and OC; and OC5'®* denote the outlet oil content in
produced water from separation unit d and its upper limit (%).

(2) Flow constraints

(@) Flow balance for the pipeline network

Equation (10) ensures that, within the gathering pipeline network, the total inflow to a
node is equal to its total outflow. The first term denotes the cumulative flow rates entering
the node from all connected pipelines. The second term represents the aggregate flow
directed into the processing station. The third term accounts for the flow rates of separated

crude oil and wastewater leaving the processing station. The fourth term represents the
total flow rates leaving the node through all connected pipelines.

Y ity Q=Y (@)t Lo (10)

icPN jePs jePSs icPN
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where Q?i denotes the flow rate entering the node from pipeline i (m3/s), Q) represents the
flow rate entering processing station j (m3/s), Q}" denotes the wastewater flow rate leaving

the processing station j (m3/s), Q;-’ denotes the crude oil flow rate leaving the processing

station j (m3/s), Q?O represents the flow rate leaving the node through pipeline i (m3/s),
PN represents the set of pipeline nodes, and PS denotes the set of processing stations.

(b) Flow balance of the processing station

Within the processing station, crude oil can either be stored in equipment such as
separators and settling tanks or conveyed to the next stage of production using oil transfer
pumps. The corresponding flow balance is formulated as follows:

S Se Se’ S
QA+ ¥ (O -Qih )+ ¥ (Q-on)) = ok 1)

i€SEP JETAN

where QF” and QP denote the liquid flow rates entering and leaving the processing station,

respectively (m?/s), Q:-F and Q°F . denote the inlet and outlet flow rates of separator i

in,i out,i
within the processing station (m3/s), Qf;‘} and Bau“t j represent the inlet and outlet flow

rates of tank j in the processing station (m3/s), SEP refers to the set of all separators, and
TAN denotes the set of all settling tanks.

(c) Storage volume constraints of settling tanks

The volume of a settling tank is determined solely by its inflow and outflow rates,
subject to the following constraints:

Vi = Vi + (Q}ft - Q}f;) AtVi € TAN,t€ T (12)

At any given time, the tank volume must remain within specified upper and
lower limits:
ymin <y < VM e TAN,t€ T (13)

where V;; and V;;_; denote the liquid volume of tank i at time t and ¢ — 1, respectively
(m3), Q}ft and Qi‘; denote the inflow and outflow rates of tank i at time ¢ (m3/s), Vl-min and
VM@ correspond to the minimum and maximum storage capacities of tank i, respectively
(m3), and T represents the set of time periods considered.

(38) Operation constraints

The operating constraints for the inlet and outlet of the gathering pipeline network
are defined as follows:

pPPMIN < pPIP < PP i ¢ pf (14)
TPPMIN < TP < PP v ¢ pp (15)

where Pipip denotes the operating pressure of pipeline i (kPa), Pip P and Pip prmax represent
its minimum and maximum allowable pressures, respectively (kPa), and Tipip denotes the
operating temperature of pipeline i (°C), with Tip PN 4nd Tl.p ipmax defining its lower and
upper temperature limits, respectively (°C).

The operational constraints for the inlet and outlet of processing station equipment
are formulated as follows:

equ,min equ equmax .
P} <P <P Vi € EQU (16)

equ,min equ equ,max .
T, <TT<T, Vi e EQU (17)
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where Pl-e 9 denotes the operating pressure of processing station equipment i (kPa), Pl-equ’min
and Pie AEME represent the respective lower and upper pressure limits (kPa), Tl.e 9 represents
the operating temperature of equipment i (°C), quu’min and Tl‘equ’maX denote the lower and
upper temperature limits, respectively (°C), and EQU refers to the set of processing station
equipment considered in the analysis.

2.4. Solving Algorithm

The objective function in this study represents a continuous optimization problem
characterized by pronounced nonlinear behavior, which often causes traditional optimiza-
tion methods to become trapped in local optima, lacking the ability to reliably explore
the global search space. To overcome this limitation, a DE algorithm was employed. Dif-
ferential evolution is a population-based global optimization technique that iteratively
improves candidate solutions [45]. The algorithm operates through four fundamental
stages: initialization, mutation, crossover, and selection [46]. A schematic representation of
the DE algorithm is provided in Figure 4.

0

Initialization

H

»  Mutation

H

Crossover

H

Selection

[Update generation (g=g+ 1) ]

termination
conditions

Figure 4. Flowchart of the DE algorithm.

3. Results and Discussion
3.1. Overview of Dataset

This study focuses on the OGTS located within an oilfield block in China. As illustrated
in Figure 5, the OGTS comprises eight wells, one metering station, one heater, one three-
phase separator, two primary settling tanks, two secondary settling tanks, and one export
pump. Electric heaters are installed at the wellheads of Well 1 and Well 2 to prevent crude
oil adhesion to the pipeline walls during transportation, which could otherwise lead to
excessive wellhead back pressure.
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Figure 5. Production network of the case-study OGTS.

The production command system (PCS) enables real-time acquisition and analysis of
operational field data. Authorized users can remotely access historical records and retrieve
data at defined sampling intervals, facilitating efficient monitoring and decision-making.
In this study, data from the PCS were utilized to develop ANN surrogate models. The
dataset encompassed the period from 1 May to 31 May 2025, with measurements recorded
at 30 min intervals. This resulted in a total of 1470 data samples for model training and
validation. During this period, the OGTS experienced various typical operating conditions,
including normal production, equipment start-stop, and production fluctuations. The
collected samples possess a high temporal resolution, allowing for a more comprehensive
coverage of the system’s main operating states.

Violin plot and descriptive statistical analyses were performed on selected variables to
evaluate data quality and characterize feature distributions. Figure 6 presents violin plots
of nine variables for May 2025. The violin plots use Gaussian kernel density estimation to
display the probability density distribution of each variable, with wider sections indicating
a higher concentration of data points within that value range. Box plots embedded within
the violins show statistical features such as the median and interquartile range. As shown in
Figure 6a—e, parameters such as flue gas temperature (Ts), heater outlet temperature (T}, oyut),
separator outlet temperature (Tsep,out), separator inlet pressure (Psep,in), and oil layer height
(Hsep,oi1) exhibit typical narrow-peaked distributions. This indicates that these variables
are tightly constrained by process design thresholds, with fluctuations generally limited
to a small safety range to ensure stable operation of downstream crude oil processing
equipment. In contrast, Figure 6f-i display markedly different distribution patterns. The
violin plots for separator inlet flow rate (Qsep,in), inlet water cut (WCsep in), and outlet
water cut (WCsep,out) reveal pronounced wide tails and skewed distributions. The wide
span of the flow rate distribution directly reflects the natural variability in oilfield inflow.
Additionally, the pump outlet pressure (Ppum,out) also demonstrates a relatively broad
distribution, which may result from fluctuations in downstream export pressure or variable
frequency pump adjustments.

Furthermore, Table 2 presents the mean, standard deviation, range, maximum, mini-
mum, and skewness of each variable in the dataset. These statistics help identify outliers
and characterize data distributions, providing a foundation for subsequent artificial neural
network model development. As shown in Table 2, the fluctuation characteristics vary
significantly among the variables. The flue gas temperature of the heater (Ts) ranges from
49.99 °C to 143.57 °C, reflecting substantial variability in heater operating conditions. In
contrast, the heater outlet temperature (T}, o) varies between 57.66 °C and 81.89 °C with
low dispersion, indicating stable outlet temperature control. Additionally, the separa-
tor outlet temperature (Tsep,out) and inlet pressure (Psep,in) €xhibit minimal fluctuations,
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demonstrating consistent system pressure regulation. By comparison, the separator inlet
flow rate (Qsep,in) Spans a wide range and has a skewness of 1.35, suggesting that most
operating conditions occur at low to medium flow rates. The oil layer level (Hgep oi1) has a
skewness of —0.54, indicating a tendency toward generally higher values. Regarding water
cut, the separator inlet water cut (WCsep in) is relatively high, reflecting the high-water-cut
condition of the oilfield block. It is also noted that the separator outlet water cut (WCsep out)
shows limited variation, with a maximum value of 9.52%, demonstrating effective dehy-
dration performance. Finally, the pump inlet pressure (Ppum,out) ranges from 0.18 MPa to
0.42 MPa, with a skewness of —0.66, indicating that operation is primarily concentrated at
higher pressure.

It should be noted that highly skewed variables adversely affect the training of the
ANN. Skewed distributions typically cause the neural network to focus excessively on data-
dense regions while neglecting the sparse tail regions, which may lead to biased predictions
and reduce the model’s generalization ability. Additionally, the presence of outliers can
cause gradient instability, thereby hindering model convergence. Therefore, before model
training, appropriate data preprocessing and outlier handling were implemented. To
eliminate the influence of abnormal instances, the interquartile range was used to identify
and remove outliers, and Lagrange interpolation was applied to reconstruct the data.
Subsequently, to address the issue of different scales and mitigate the adverse effects of
skewed distributions, the variables were normalized using min-max scaling to map the
data onto the range [0, 1].
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Figure 6. Violin plots illustrating the distributions of selected variables in the dataset for May 2025.
(a) flue gas temperature; (b) heater outlet temperature; (c) separator outlet temperature; (d) separator
inlet pressure; (e) oil layer level; (f) separator inlet flow rate; (g) separator inlet water cut; (h) separator
outlet water cut; (i) pump inlet pressure.

3.2. Analysis of Hidden Layer Neurons and Activation Functions

Due to the operational characteristics of different equipment, this study did not adopt
a fixed number of hidden layer neurons or a specific activation function [47]. Instead, the
network structure was optimized through a series of numerical experiments. The influence
of the first hidden layer’s size and the choice of activation function on prediction accuracy
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was evaluated using NRMSE on the test set. The final surrogate model was selected based
on achieving the lowest prediction error while maintaining stable training behavior. The
number of neurons in the first hidden layer, denoted as g, was systematically varied within
the range of 10 to 200. For each value of g, three activation functions (ReLU, Sigmoid, and
Tanh) were tested.

Table 2. Descriptive statistical analysis of selected variables in the dataset.

Statistical

P Mean Standard Range 1 Minimum Maximum Skewness
roperty
Ts (°C) 100.53 24.88 93.58 49.99 143.57 -0.23
Th,out (°C) 69.43 412 24.23 57.66 81.89 0.32
Tsep,out (°C) 45.60 5.63 33.68 19.37 53.05 —2.57
Pgep,in (MPa) 0.23 0.01 0.05 0.20 0.25 0.05
Qsep,in (m3/h) 352.74 76.02 822.98 122.97 945.95 1.35
WCsep,in (%) 96.35 5.83 49.00 51.00 100.00 —2.18
Hgep,oil (M) 0.86 0.40 2.12 0.01 2.13 —0.54
WCsep,out (%) 7.78 0.49 5.35 417 9.52 —-1.43
Ppum,out (MPa) 0.37 0.02 0.24 0.18 0.42 —0.66

I The “Range” represents the difference between maximum and minimum values.

Figure 7 illustrates the variation in NRMSE on the test set as the number of neurons
in the first hidden layer increases for different activation functions, with the other hyper-
parameters held constant. As shown in the figure, networks using the ReLU activation
function consistently achieve the lowest NRMSE values across all four subplots. Moreover,
the error curves for ReLU are smooth and stable, with minimal fluctuations as the number
of neurons increases. In contrast, networks employing Sigmoid and Tanh activation func-
tions generally exhibit higher errors, and as network size grows, the error curves display
pronounced oscillations, particularly in water cut prediction. This can be attributed to
the saturation of gradients in Sigmoid and Tanh functions, which tend to cause gradient
saturation, resulting in reduced model generalization. Sensitivity analysis with respect to
neuron count reveals that for the ReLU model, NRMSE decreases rapidly as the number
of neurons increases from 10 to 50, stabilizes between 50 and 100, and shows diminishing
returns or potential overfitting beyond 150 neurons. For Sigmoid and Tanh models, the
error is more sensitive to the number of neurons; optimal performance typically occurs
with smaller network sizes, while larger networks actually lead to degraded performance.
Based on this analysis, this study selects 50 neurons and the ReLU activation function for
the first hidden layer as the optimal BPNN configuration. Considering the marginal re-
turns of computational resources, 50 neurons represent the critical inflection point for error
convergence, beyond which increasing the number of nodes no longer brings significant
improvements in accuracy.

3.3. Prediction Performance Analysis of the Models

Figure 8 shows the comparison between the predicted and actual values of the four
key output variables generated by the surrogate model. As illustrated in Figure 8a,b, the
prediction points for the heater outlet temperature and the separator outlet water cut are
closely clustered around the ideal diagonal, indicating high prediction accuracy for these
two variables. In contrast, Figure 8c,d display a relatively higher degree of dispersion for
the settling tank outlet water cut and the export pump outlet pressure. This phenomenon
can be attributed to the limitations of data-driven models when handling low signal-to-
noise ratios and discrete measurement data [48]. The actual ranges of water content and
pressure data are relatively narrow, and extremely small target variances can significantly
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amplify the impact of inherent measurement noise. Additionally, the data points exhibit a
vertically banded distribution, indicating that the on-site measurement instruments have
limited resolution, which introduces systematic quantization errors. When the smooth
and continuous outputs of the surrogate model are compared with these low-resolution,
discrete ground-truth values, pronounced dispersion inevitably appears in the scatter plots.
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Figure 7. Test-set NRMSE as a function of the number of neurons in the first hidden layer for different
activation functions: (a) heater outlet temperature, (b) water cut at the separator outlet, (c) water cut
at the settling tank outlet, (d) export pump outlet pressure.

Table 3 summarizes the performance metrics of the surrogate models developed
on the test dataset: R2, RMSE, NRMSE, and MAE. The results indicate that the ANN-
based prediction models for key equipment exhibit overall high accuracy, with all models
achieving R? values above 0.85. This demonstrates that the models can effectively capture
the nonlinear relationships between system inputs and outputs. Among all models, the
prediction model for the water cut at the outlet of the settling tank performed the best,
achieving an R? of 0.929 on the test dataset, with corresponding RMSE, NRMSE, and MAE
values of 0.013, 4.25, and 0.01, respectively. In addition, the R? values of all models range
from 0.854 to 0.979, and the RMSE values range from 4.25 to 6.67, indicating low prediction
errors and high model stability, which provide a robust and reliable representation of
system states for subsequent optimization calculations.

Table 3. Performance metrics of the developed surrogate models.

Surrogate Models R? RMSE NRMSE MAE
Thout (°C) 0.889 1.14 5.69 1.03
WCsep,out (%) 0.854 0.17 6.67 0.12
WCtan,out (%) 0.979 0.013 4.25 0.01
Ppum,out (kPa) 0.946 2.27 5.68 1.73
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Figure 8. Comparison of actual and predicted values from the developed surrogate models: (a) heater
outlet temperature, (b) water cut at the separator outlet, (c) water cut at the settling tank outlet,
(d) export pump outlet pressure. The dashed lines represent the ideal prediction line.

Based on the developed surrogate models and the process flow, an OGTS surrogate
model was established to predict the overall operating state. The surrogate model was
then rigorously validated, with particular focus on total system energy consumption, the
primary prediction target. Figure 9 presents a time-series comparison between the total
energy consumption predicted by the surrogate model and the actual operating data. The
blue solid line represents the actual values, while the red dashed line indicates the model
predictions. As shown in Figure 9, the predicted curve closely tracks the variations and
fluctuation amplitudes of the measured data throughout the study period. The deviations
between them are minor, with no apparent accumulation of error, demonstrating the
model’s strong dynamic response capability. Notably, the prediction errors primarily occur
during periods of significant energy consumption fluctuations, whereas during phases of
relatively stable system operation, the model achieves almost unbiased predictions. This
phenomenon may be related to information transmission delays of input variables under
dynamic conditions or the amplification of measurement noise. The NRMSE can eliminate
the influence of variable dimensions, facilitating fair comparisons across datasets with
different scales [44,49]. The NRMSE of the prediction results is 7.74%, which is slightly
higher than those of the four operating parameter models in Table 3, mainly due to error
propagation effects. The mean absolute percentage error of the prediction results is 3.41%,
which is at a relatively low level.
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Figure 9. Comparison between actual operational data and surrogate model predictions of total
energy consumption.

3.4. Optimization Results

Using the developed OGTS surrogate model, the optimization problem was solved
by applying a DE algorithm to search for the global optimum. Table 4 summarizes the
results of a single optimization with a 30 min interval, including the optimized process
variables and the corresponding total energy consumption. The inlet heating temperature
of Pipeline 1 was reduced from 29.3 °C to 25.6 °C, while that of Pipeline 2 decreased from
33.26 °C t0 29.75 °C. The heater outlet temperature was lowered from 65.8 °C to 63.28 °C,
suggesting that the optimization strategy prioritizes a moderate reduction in heating inten-
sity to minimize thermal energy input while still satisfying dehydration and transportation
requirements. In terms of dehydration performance, the outlet water cuts of the separator
and settling tanks increased slightly due to the reduced temperatures. However, all values
remained within acceptable operational limits, confirming the feasibility and engineering
applicability of the optimization outcomes. Overall, the total energy consumption of the
OGTS was reduced by approximately 2.28%, and the optimization algorithm completed in
under 3 min, demonstrating both efficiency and practical applicability.

Table 4. Optimized process variables and corresponding total energy consumption for the OGTS.

Optimized Parameters Actual Optimization Model
Heating temperature at the pipeline inlet (°C) 29.3 25.6
Heating temperature at the Heater (°C) 65.8 63.28
Water cut at the separator outlet (%) 8.10 8.15
Water cut at the settling tank outlet (%) 1.18 1.16
Total energy consumption, FEC (kW) 1002.3 979.4

In contrast to Table 4, which presents the result of a single optimization run, Figure 10
summarizes the results from multiple optimization runs. The energy-saving effects range
from 0% to 5.66%. In addition, Figure 10 compares the daily total energy consumption
under actual operating conditions and optimized operating conditions over the selected
time period. The blue bars represent actual values, while the orange bars represent opti-
mized values. As shown in Figure 10, the optimized energy consumption trajectory never
significantly exceeds the actual operating values on any date, and the trend of optimized
energy consumption closely matches that of the actual operating conditions. Notably, the
energy consumption peaks observed during actual operations are effectively suppressed
in the optimized scenario. For example, on 2 May, the actual energy consumption peak
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of 1028.75 kW was reduced to 1024.89 kW after optimization, with no further increase,
demonstrating the effectiveness of the optimization model’s capability to mitigate unfavor-
able operating conditions. Statistical analysis indicates that, over the selected time period,
the optimized system’s average daily energy consumption was reduced by approximately
1.55% compared to actual operation, further verifying the stability and effectiveness of the
proposed optimization method in reducing overall system energy consumption. Although
the energy-saving effect after optimization is not significant, the direct economic benefits
accumulated over long-term operation remain highly significant given the large energy
consumption of the OGTS. In addition, the study’s effective suppression of energy con-
sumption peaks helps prevent core equipment such as heaters and pumps from operating
inefficiently under high-load conditions. This not only reduces electricity costs in oilfields
with peak-valley electricity pricing policies but also effectively alleviates equipment load
during operation, extends service life, and significantly enhances the overall reliability and
safety of the OGTS in long-term operation.
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Figure 10. Comparison of daily total energy consumption under actual operation versus
optimal operation.

4. Conclusions

An operation optimization study based on ANN surrogate models was conducted
to determine the optimal coordinated operation strategy for the pipeline network and
processing station. This study established an integrated optimization framework, validated
using production data from the OGTS in a domestic oilfield block. The key conclusions of
this study are summarized as follows:

(1) Numerical experiments have determined that the ANN model achieves optimal
predictive performance when using the ReLU activation function and configuring
50 neurons in the first hidden layer. This indicates that the architecture can accurately
capture the complex nonlinear thermodynamic and dynamic characteristics of the
OGTS, achieving an optimal balance between model convergence speed and compu-
tational complexity. All developed ANN surrogate models achieved R? values above
0.85 on the test set, with R? values as high as 0.979. This high level of fitting accuracy
fully validates the robustness and feasibility of using neural network methods to con-
struct nonlinear surrogate models and meets the engineering accuracy requirements
for process parameter prediction in oilfield operations.

(2) During a single 30 min optimization cycle, the total energy consumption of the OGTS
was reduced by 2.28%, and the DE algorithm completed the computation within 3 min.
This result demonstrates the timeliness of the optimization framework in handling
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single-condition adjustments, providing technical support for real-time optimization
control in the OGTS.

(8) According to statistical analysis of the full month’s operational data, the average daily
energy-saving rate of the OGTS was 1.55%, with a peak energy-saving rate reaching
5.66%, fully confirming the robustness of the optimization strategy in dynamic and
complex operating conditions. This optimization framework significantly reduces
the load and fatigue stress on core equipment by smoothing energy consumption
peaks, which is of great practical significance for extending equipment service life
and improving the overall economic benefits of oilfield operations.

Future research may incorporate operational data spanning multiple months and
years, combined with incremental learning or transfer learning methods, to further enhance
the temporal generalization capability of the surrogate model.
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List of Nomenclature

OGTS Oilfield gathering and transportation system

ANN Artificial neural network

BPNN Backpropagation neural network

DE Differential evolution

ReLU Rectified linear unit

MSE Mean squared error

RMSE Root mean squared error

NRMSE Normalized root mean squared error

MAE Mean absolute error

R? Coefficient of determination

PCS Production command system

N Number of fuel-consuming equipment units in the system
M Number of power-consuming equipment units in the system
PL Set of pipelines

bu Set of dehydration units

PN Set of pipeline nodes

pPS Set of processing stations

SEP Set of all separators

TAN Set of all settling tanks

T Set of time periods

EQU Set of processing station equipment

C Specific heat capacity of the fluid in unit i, k] /(kg-°C)
15, Thermal efficiency of unit i, %

fpj Pump efficiency of unit j, %
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ng’max Maximum allowable liquid flow rate of pipeline p, m3/s
WCE Maximum allowable outlet crude oil water cut of separation unit d, %
OCmax Maximum allowable outlet oil content in produced water from
d separation unit d, %
Vl.mi“, ymax Minimum and maximum storage capacities of tank i, m3
Pip tpmm Pl.p P Minimum and maximum allowable pressures of pipeline i, kPa

Tiplp’mm, Tiplp’max Minimum and maximum allowable temperatures of pipeline i, °C
pedumin pequ;max Minimum and maximum allowable pressures of
! T processing station equipment i, kPa

7equmin requmax Minimum and maximum allowable temperatures of

! T processing station equipment i, °C
FEC Total energy consumption rate, kW
EFUEL EELE Fuel and electricity power consumption, respectively, kW
G; Mass flow rate of fluid passing through unit i, kg/s
Toutir Tin,i Outlet and inlet temperatures of unit i, °C
Poutjs Pin,j Outlet and inlet pressures of unit j, kPa
V; Volumetric flow rate of fluid through unit j, m3/s
ng Liquid flow rate of pipeline p, m®/s
WCy Outlet crude oil water cut of separation unit d, %
0Cy Outlet oil content in produced water of separation unit d, %
P Flow rate entering the node from pipeline i, m3/s
i 8 pip
Q; Flow rate entering processing station j, m3/s
Q}"’ Wastewater flow rate leaving the processing station j, m3/s
o Crude oil flow rate leaving the processing station j, m3/s
i gthep g ]
po Flow rate leaving the node through the pipeline i, m3/s
i & & pip
pPs Liquid flow rates entering the processing station, m°/s
in q gthep g
Q};Zt Liquid flow rates leaving the processing station, m3/s
P Q%P Inlet and outlet flow rates of separator i in the processing station, m3/s
in,! out,: p p g
fan Aten Inlet and outlet flow rates of tank j in the processing station, m3/s
in,j out,j ] p g
Q}it, Ql‘; Inflow and outflow rates of tank i at time period ¢, m3/s
Vit Vi1 Liquid volume of tank i at time periods t and t—1, m?
pPP Operating pressure of pipeline 7, kPa

1
Tipip Operating temperature of pipeline i, °C
Pl-e E Operating pressure of processing station equipment i, kPa
Tiequ Operating temperature of processing station equipment 7, °C
Th out Heater outlet temperature, °C
WCsep,out Water cut at the separator outlet, %
WCtan,out Water cut at the settling tank outlet, %
Ppum,out Export pump outlet pressure, kPa
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