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ABSTRACT

Low-carbon oilfield requires the water injection system with huge electricity consumption to
reduce carbon emissions, and there is an urgent need to establish an operation optimization
method with low-carbon goals. This paper constructs a multi-objective optimization model of
time-segmented water injection in oilfield water injection systems considering time-of-use elec-
tricity pricing that minimizes carbon emissions and electricity cost under time-of-use electricity
pricing. The model comprehensively considers local head losses, pipeline network hydraulic bal-
ance, water balance constraint, pressure constraint of water injection well, pump flow rate
constraint, water injection volume constraint, and time period priority constraint. Traditional
solvers are prone to falling into local optima when solving the water injection optimization model.
This paper proposes the innovative algorithm named Quantum Leader-Follower Formation Opti-
mization Algorithm (QLFFOA). Compared with 10 classical algorithms, QLFFOA exhibits better
solution performance. Finally, the proposed method was applied to a real oilfield water injection
system containing 131 water injection wells and 2 water injection stations, and time-segmented
water injection optimization was performed for 4 injection pumps over 13 independent time
periods throughout the day under the time-of-use (TOU) electricity pricing mechanism. Under the
premise of satisfying the core constraints of the water injection system, the optimized schedule
decreased system energy consumption by about 7.3%, saved electricity costs by 10.8%, decreased
carbon emissions by 7.2%, decreased unit energy consumption by 0.4 kWh/m>, and raised the
system average pump efficiency by 1.84%. The optimized scheme avoided night-time peak periods,
effectively reduced electrical energy consumption and correspondingly decreased CO, emissions.
The results indicate that this model and algorithm can scientifically guide the time-segmented
operation management of oilfield water injection systems, thereby reducing harmful gas emis-
sions from the electricity demand side.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-
nd/4.0/).
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1. Introduction

1.1. Energy consumption and carbon emissions in water injection
systems

The energy consumption of the oilfield water injection system
is directly related to the carbon emissions and operating costs of
oilfield production. Therefore, optimizing water injection systems
to conserve energy is equivalent to reducing greenhouse gas
emissions from the source. The International Energy Agency points
out that improving energy efficiency can simultaneously enhance
the economy, safety, and sustainability of energy, and regards it as
the primary tool for addressing the dual challenges of energy and
climate. The current global share of fossil fuel consumption re-
mains excessively high, which implies that industrial electricity
demand continues to be closely linked to the combustion of fossil
resources and the resulting CO, emissions (Dong et al., 2025;
Hannah and Pablo, 2025; Zou et al., 2021). For oilfields, the wa-
ter injection system is usually the main component of electricity
consumption, so optimizing the water injection system can
directly reduce electricity consumption and synchronously reduce
carbon emissions (Wang et al., 2019).

1.2. Existing optimization studies in water injection systems

The optimization of water injection systems is to construct an
optimization model and solving algorithms to obtain the optimal
operating parameter scheme. In recent years, researchers have
conducted extensive studies on energy-consumption modeling
for water injection systems, but system carbon emissions have
not been considered as an optimization objective. Many studies
aim to minimize system energy consumption while accounting
for operational constraints such as pressure and flow rate. For
example, Bai et al. incorporated constraints such as wellhead
pressure, injection—production balance, and reservoir flow
characteristics to develop an integrated injec-
tion-reservoir—production energy-optimization model that em-
phasizes the coupling between reservoir flow and surface energy
consumption (Bai et al., 2022). Zhou et al. (2019) targeted the
overall benefit of water injection development, considering
pipeline network structure constraints, injection-production
allocation relationships, and reservoir response characteristics,
and formulated the MINLP model that focuses on joint optimi-
zation of the surface injection network and the subsurface
reservoir. Almeida et al. (2010) considering constraints such as
reservoir heterogeneity and delayed injection-production re-
sponses, developed the optimization model aimed at maximizing
net present value.

However, existing optimization studies exhibit notable limita-
tions. First, the aforementioned research primarily focuses on the
dynamic response of underground reservoirs or the minimization
of a single energy consumption metric. These studies lack the
systematic integration of surface water injection networks under
time-segmented dispatching, rendering them inadequate for the
refined operational requirements of short-cycle management.
Second, most current models employ extended optimization ho-
rizons and lack the responsiveness to short-term electricity price
fluctuations or time-of-use power variations. Consequently, they
fail to achieve a short-term synergistic optimization of economic
efficiency and environmental sustainability.

1.3. Existing intelligent algorithms

The optimization model for water injection systems is charac-
terized by strong non-linearity and multiple constraints.
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Consequently, intelligent optimization algorithms have become
the mainstream solution approach. Common algorithms include
Particle Swarm Optimization (PSO) (Kennedy and Eberhart, 1995),
Ant Colony Optimization (ACO) (Dorigo et al., 2006), Sparrow
Search Algorithm (SSA) (Xue and Shen, 2020), and Crowned-
Porcupine Optimization (CPO) (Abdel-Basset et al., 2024), among
others. However, oilfield water injection networks often exhibit
the ring-type topological structure, with coupled pressure varia-
tions and a large number of decision variables, which makes
conventional algorithms often perform poorly in dealing with
nonlinear problems (Zhou et al., 2025). To address this issue, the
recent research has begun to explore hybrid and enhanced intel-
ligent algorithms. Liang et al. (2018) put forward an integrated
approach that brings together ant colony optimization, linear
approximation techniques, and the simplex method to tackle the
developed MINLP model. Azamipour et al. (2018) developed a
optimization method that integrates a genetic algorithm with
polyhedral search to optimize oil production and water injection
rates. Yasari and Pishvaie (2015) derived water-injection strategies
using a Monte Carlo simulation coupled with a genetic algorithm.
Chen et al. (2025) proposed a hybrid PSCPA algorithm which
reduced system energy consumption by approximately 6.8% in the
optimization of water-injection operational parameter models.
Chen et al. (2024b) established a water scheduling model for
sewage systems and proposed a hybrid PSO-CS algorithm to solve
this model. Swarm intelligence algorithms, owing to their global
search capability and model generality, have been widely applied
in nonlinear, non-convex, multi-modal, and multi-peak scenarios
(Chen et al., 2024a).

However, although hybrid and improved intelligent algorithms
have enhanced the solution quality to a certain extent, when
dealing with high-dimensional ring-type oilfield water injection
pipe networks, the proliferation of decision variables causes
traditional swarm intelligence algorithms and their improved
variants to be highly susceptible to falling into local optima,
accompanied by a sharp increase in computational cost. Therefore,
there is an urgent need to introduce an advanced algorithm that
possesses both a strong capability to escape local optima and high
convergence efficiency. In recent years, the emergence of
quantum-inspired algorithms has provided a new opportunity to
break through this bottleneck, and the integration of quantum
mechanisms with swarm intelligence has been demonstrated to
effectively improve global optimization performance (lovane,
2025).

1.4. Research gap and novelty

With the advancement of optimization research in complex
industrial systems, an increasing number of studies have incor-
porated machine learning, robust optimization, and multi-
objective optimization concepts (Ala and Goli, 2024; Davoodi
et al., 2026; Goli, 2023, 2024a, 2024b; Rahmani and Goli, 2023).
These efforts demonstrate that multi-objective optimization,
robust design, and the fusion of intelligent algorithms have
emerged as pivotal developmental trends in complex industrial
system optimization.

With the diversification of energy pricing mechanisms, time-
of-use (TOU) electricity pricing has been generally applied in in-
dustrial power consumption. In existing pipeline network opti-
mization studies, incorporating time-segmentation and load peak-
shaving into scheduling models has been shown to effectively
improve operational economy. Currently, operational optimization
studies for surface water injection systems rarely consider time-
of-use electricity pricing. Most existing research focuses on
municipal water supply systems (Abdelsalam and Gabbar, 2021;
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Chen et al., 2021; Hu et al., 2023; Napierata, 2022; Ngancha et al.,
2022; Wang et al., 2021). Moreover, the energy systems field has
also gradually begun to pay attention to dynamic electricity pric-
ing and water-energy nexus issues (Gheouany et al., 2025a, 2025b;
Mokhtare and Keysan, 2025). These works provide important
references for dynamic energy management and demand-side
optimization. However, the aforementioned studies differ signifi-
cantly from oilfield water injection systems in terms of both
problem characteristics and engineering objects. First, oilfield
water injection systems are typical high-pressure ring-type pipe-
line network systems with complex pressure coupling relation-
ships, and their water allocation tasks must meet strict formation
development requirements. Second, flow regulation in water in-
jection systems exhibits continuous dynamic characteristics,
rather than being the discrete resource allocation problem
encountered in traditional scheduling issues. Finally, peak-shaving
and valley-filling operations in oilfield water injection cannot be
achieved by simply interrupting or drastically curtailing flow rates.
The optimization process must not only satisfy hydraulic balance
and equipment operation constraints but also ensure stable
reservoir pressure, making its optimization difficulty far higher
than that of municipal water supply or general energy manage-
ment systems.

At present, most oilfield water injection optimization studies
still remain at the level of single-objective energy consumption
optimization. Although reducing energy consumption is inevitably
accompanied by carbon emission reduction, very few studies have
directly quantified carbon emissions and taken them as the pri-
mary optimization objective. Particularly in annular water injec-
tion pipeline networks, how to achieve the peak shifting and valley
filling operation under complex hydraulic constraints while
simultaneously reducing carbon emissions and operating costs
remains a gap in current research. Regarding intelligent algo-
rithms, very few studies in the field of oilfield water injection
optimization have developed and employed hybrid algorithms
integrating quantum mechanisms with swarm intelligence to
solve optimization models.

In summary, to address the aforementioned research gaps, the
main contributions of this paper are as follows.

(1) Construction of multi-objective optimization model of time-
segmented water injection in oilfield water injection sys-
tems considering time-of-use electricity pricing

The objective functions of the model aim to minimize carbon
emissions and electricity costs of water injection systems. It is the
first to use carbon emission minimization as the objective function
in the oilfield water injection system optimization model. It in-
troduces a time-of-use electricity pricing mechanism and con-
siders constraints such as local head loss constraint, pipeline
network hydraulic balance constraint, water balance constraint,
time period priority.

(2) Proposal of a Quantum Leader-Follower Formation Optimi-
zation Algorithm (QLFFOA)

The algorithm integrates probabilistic and non-local search
features derived from quantum mechanics and introduces a
leader-follower cooperative mechanism within the swarm intel-
ligence framework, thereby significantly enhancing global opti-
mization performance and convergence speed. Through
comparative experiments with various classic intelligent algo-
rithms, the superior global optimization capability of QLFFOA has
been validated.
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(3) Significant engineering application value and energy con-
servation and emission reduction effects

The effectiveness of the proposed model and algorithm is
validated by empirical application to a typical ring-type oilfield
water injection system. The results show that while satisfying the
water injection requirements, the optimized schedule decreased
system energy consumption by about 7.3%, saved electricity costs
by 10.8%, decreased carbon emissions by 7.2%, decreased unit en-
ergy consumption by 0.4 kWh/m?, raised the system average
pump efficiency by 1.84%, and avoided night-time peak periods.
This provides scientific decision-making tools and practical oper-
ational schemes for oilfield managers to achieve green and low-
carbon transformation on the electricity demand side.

2. Model building
2.1. Basic assumptions for hydraulic modeling

To ensure the computational efficiency and physical feasibility
of the optimization model, the following hydraulic assumptions
are formulated based on the actual operating conditions of oilfield
water injection systems.

(1) Steady-state flow

It is assumed that the pressure and flow rate within the pipe-
line network remain constant over time during each independent
optimization period.

(2) Incompressible fluid

The injection medium is treated as an incompressible fluid, and
minor volume compression caused by abrupt pressure changes is
neglected.

(3) Constant density

The fluid density is set to remain unchanged throughout the
entire transportation process.

(4) Exclusion of thermal effects

Since water injection pipelines are generally buried below the
frost line with relatively limited transmission distances, this model
does not consider the influences of fluid temperature fluctuations
on viscosity and pipeline deformation.

(5) Constant pipeline characteristics

It is assumed that no significant changes occur in the scaling
and corrosion degree of the pipeline inner wall during the opti-
mization cycle, thus the Darcy friction coefficient and Hazen-
Williams coefficient remain constant.

(6) Constant short-term allocated injection volume

The allocated water injection volume of each individual injec-
tion well is assumed to remain relatively stable in the short term.

2.2. Hybrid hydraulic modeling method
To balance physical rigor and computational efficiency, this

study adopted a hybrid hydraulic modeling method, in which the
Darcy equation and the Hazen-Williams equation were
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strategically applied to flow characterization in different regions of
the water injection system. Specifically, the Darcy equation was
used to simulate the hydraulic characteristics of local components
within the pumping stations. Since the pressure drops in these
local components are mainly dominated by complex geometric
flow separation and intense local turbulence, the strict depen-
dence of the Darcy equation on kinetic energy ensures high-
fidelity physical representation of local head losses.

Conversely, the Hazen-Williams equation was employed to
characterize the macroscopic hydraulic characteristics of long-
distance pipeline networks outside the control stations. For long-
distance water transmission systems dominated by frictional
head loss along the pipelines, the Hazen-Williams equation ex-
hibits higher applicability. Its constant empirical flow velocity
exponent avoids the nested sub-iterations required by the Darcy
equation when solving for the friction factor. This significantly
simplifies the formulation process of the system’s overall gov-
erning equations and corresponding matrices, thereby ensuring
high numerical stability and fast convergence rate when solving
the high-dimensional nonlinear hydraulic balance equations of
looping networks.

2.3. Optimization model

The multi-objective optimization of time-segmented water
injection in oilfield water injection systems considering time-of-
use electricity pricing refers to using the time-of-use electricity
pricing to adjust the operation parameters of water injection
pumps in each time period to satisfy the system’s injection de-
mands, while taking carbon emissions and total electricity costs as
two optimization objectives for optimization decision-making. It
should be noted that the system boundary for energy consumption
and carbon emission accounting in the optimization model con-
structed in this study is strictly defined as the electricity con-
sumption end on the demand side, that is, starting from the
injection pump motors in the water injection stations and covering
the entire downstream water injection pipeline network and in-
jection wells. The energy consumption in the model is mainly
calculated based on the active power generated by motor work
and internal equipment losses. The transmission and distribution
losses at the front end of the motors (grid side), as well as the
additional grid burdens and marginal carbon emission changes
caused by the reactive power consumed during the operation of
industrial induction motors, are not included in the system ac-
counting boundary at the current stage.

The main idea of optimizing the process can be described as:
equating electricity consumption with carbon emissions, consid-
ering the impact of time-of-use electricity prices on total elec-
tricity costs, and based on actual production data of water
injection systems, calculating the operating parameter schemes
through computer. The optimization results can achieve staggered
operation during peak electricity prices, improve average pump
efficiency, reduce electricity consumption and carbon dioxide
emissions, provide detailed parameter scheme guidance for on-
site operations, and promote low-carbon oilfield construction.
Fig. 1 shows the detailed optimization process.

2.3.1. Optimization objective

In this optimization problem, the optimization objectives aim
to minimize the total carbon emissions and electricity cost of
water injection systems, as expressed in Eqs. (1) and (2). The de-
scriptions of all variables and symbols used in the equations
throughout this paper are presented in Table A1 of Appendix A.l.
For the total carbon emission objective function, this study adopts
an accounting model based on the emission factor method. Its
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physical meaning is that the electrical energy consumed by the i-
th injection pump during period k is converted into carbon emis-
sions through the CO, emission factor of the local power grid
supply. To ensure the rigor of the research and the authenticity of
the results, this study uses the 2022 Electricity Carbon Dioxide
Emission Factors issued by the Ministry of Ecology and Environ-
ment of the People’s Republic of China (China, 2024). This coeffi-
cient is based on the latest statistics of China’s power generation
structure and can scientifically reflect the indirect carbon dioxide
emissions generated by the electricity consumption of water in-
jection pump stations.

lkFl kP8 k N, M

min E = ¢Ep Z Z =>" > WEr (1)
i k=1 zknz k i=1 k=1
FiwpStivhe <o M

min C — ézz lklkpglk k ZZ Wi A 2)

k=1 '71 KMk i=1 k=1
2.3.2. Constraint condition

Appropriate physical and operational constraints must be
incorporated into the optimization model to ensure that the ob-
tained results are practically implementable.

(1) Local head loss constraint

In a water injection station, on-site components including
pipelines and valves lead to localized energy losses of high-
pressure water emitted by pumps as it flows through the pipe-
line system. The pressure-energy loss correlation derived from the
station’s local head loss model should be consistent with this hy-
draulic loss.

AT){,I{O(?Cv Fkvda 1)7 (3)

For pipelines, the frictional loss along the pipe can be derived
from the Darcy equation.

Pout,k_Pin,k: k=1, M

12 8IF
)(d2g Y 2dg 2d5g

The fundamental expression for local head loss can be derived
from the Bernoulli equation with empirical corrections. For local
components such as valves, elbows, and tees, the corresponding
head loss is expressed by Eq. (5).

k=1,-M (4)

2
8F;

v
hloc,i :CiZg:Ciangici‘l’ k=1,

M (5)
If there are multiple local components connected in series
within the station, the comprehensive local resistance coefficient

can be defined as Eq. (6).

£=> ¢ (6)
i
The total local head loss is expressed by Eq. (7).
8
Z: zgd47 k:]a,M (7)

The total head loss of the station unit, which is the sum of the
frictional and local losses, is shown in Eq. (8).

8IF2

8F2
htOt =X 55~ 2d5g + k

2gd®

Eq. (8) is converted into its pressure form, yielding Eq. (9).

k=1,-M (8)
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(2) Pipeline network hydraulic balance constraint

In a water injection system with m nodes, Eq. (10) displays the
i-th node’s equilibrium equation.

in ut 1/p :
i — B — qu,,,sgn (Pu,k - Pu,k> |Puk —Pyi| " =0, i
veN,

1, m-1;k=1,- M

(10)

In this expression, sgn denotes the sign function specified by
Eq. (11).

+1,X>0

-1, X<0 (11)

sgn(X) = {

(3) Water balance constraint
For each period k, the total water supply of all pumps in that

time period must match the total water injection volume of all
wells during that time period, as shown in Eq. (12).

ND Nw
> Fie=> gk
iz =

(12)

(4) Pressure constraint of water injection well
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For each time period k, the nodal pressure of every injection
well must meet or exceed its required minimum injection pres-
sure, as shown in Eq. (13).
i=1,-Nyw; k=1,---'M

Pij > Py™, (13)

(5) Pump flow rate constraint

During each time period, the flow rate of every pump should
remain within its corresponding high-efficiency operating range,
that is, between the minimum and maximum efficient flow rates
of the pump in that period, to ensure operational energy efficiency
and system stability.

‘max

MK =1, Np: k=1,--M (14)

min
Fii" < Fige <

(6) Water injection volume constraint

Each station’s water injection volume is restricted by factors
including sewage reinjection and incoming water volume. There-
fore, during each time period, each station’s water injection vol-
ume must meet the constraints defined in Eq. (15) to maintain the
balance of water supply and return in the system as well as
operational stability.

(15)

Ni
Q{r]l(m < Zqi,i,k < Q;:T;(axa i= 17 aN7 k 17"'5M
=

(7) Priority constraints for time periods
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Fig. 2. The fluid network of simple water injection system.

To further enhance the engineering practicality and economy of the
model, a time-period priority constraint is introduced by incorporating
the time-of-use electricity pricing mechanism and considering the
operational and monitoring advantages during daytime periods.

/"k:eilk(l_'—D(k))v k=1,-M (16)

2.4. Simulation model

In the water injection system, stations are abstracted as
nodes, the pumps are modeled as virtual nodal elements and
pipelines are represented as connecting edges. Fig. 2 presents a
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7 to node 11 represent water injection pump units that also
function as virtual water-source nodes. Node 12 and node 13 act
as the manifold nodes for the water injection pumps. Edges
labeled ® to @ correspond to off-station pipeline sections,
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manifold. Edges ® to @ denote on-station pipeline sections. The
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Fig. 4. Flowchart of the QLFFOA.
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arrows show the direction of fluid flow in the pipelines,
implying that the system can be viewed as a small-scale fluid
network. In this network, the 5 virtual water-source nodes
supply fluid to the 2 wells via the water injection stations, water
distribution rooms, and both on-station and off-station pipeline
sections.

Using the Hazen-Williams equation as a basis, Eq. (17) repre-
sents the energy equation of pipeline element i.

gq1.8521

AH; =P —Pj= i e
1.852 ;487
Xn 573;‘

(17)

Based on Eq. (17), a method for determining the flow rate
from the pressure loss between two nodes within the appli-
cation unit can be developed. Firstly, Eq. (18) can be obtained.

1852 4.87

q852 AHiy #2655 (18)
10.67

1.852 54.87

h kj

2= 1.852 ] 753 (-19)

10.67 (AH’)
When Eq. (19) holds, then Eq. (20) is obtained by Eq. (18).
qi =x;AH; (20)

For flow moving from node k to node j, the flow rate is treated
as positive, which indicates H, > H;. Under the assumption that a
positive flow rate indicates outflow from a node, the following
relationship can be established.

{ Qi = xiAH; = ¥ (Hk - Hj) (21)

qij = xiAH; = —x; (Hk - Hj)

Eq. (21) can be reformulated into its matrix equivalent, as
shown in Eq. (22).

Qik | _ [+1-1][Hik
qij Zi|l _q +1 HiJ

Eq. (23) represents the flow conservation equation for node 3 in
Fig. 2.

(22)

F3=—q3—-q33+G73—0qs3 (23)

Considering the properties of the pipeline segment and
assuming a positive flow direction outward from the node,
the relationship described in Eq. (24) is derived.

423 = —x2(H1 — H3)
433 = —x3(Hy — H3)

: 24
Gs53 = —xs5(Hy — H3) (24)
473 = +x7(H3 — Hg)

Substituting Eq. (23) into Eq. (24) and simplifying yields
Eq. (25).
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F3= —yoHy — x3Ha + (x2 +x3 +x5 +x7)H3 — xsHq — x7Hs
(25)

This expression constitutes a component of the global
equation set, and the same approach can be systematically
applied to formulate balance equations for all nodes within
the pipeline network. Eq. (26) presents the complete set of
governing equations for the system shown in Fig. 2.

Given the structural complexity of water injection systems and
the high dimensionality of the system equations, to ensure
computational reliability, a simple iterative method is employed
for solution. The solution procedure is as follows.

(1) Choose a reference point and designate its pressure value.
Pre-estimate a group of initial nodal pressures Hp, specify
the required computational precision y, and initialize the
iteration counter i = 0.

(2) Compute the y, value for every pipe component and
combine the overall set of equations.

(3) To determine each nodal pressure values H, apply the
boundary conditions and solve the overall set of equations.

(4) Calculate the flow rate of each pipeline component and
check whether the precision requirement given by Eq. (27)
is satisfied.

max|y gy —Fi|<y.k=1,.--N
Jely

(27)

If the condition is satisfied, move to step (5). If not, seti=1i+ 1,
update Hyp = H, and repeat step (2).

(5) Make H* be equal to H to acquire all nodal pressure values,
and terminate the iteration.

3. Feasibility analysis of QLFFOA

As shown in Fig. 3, the QLFFOA performs optimization by
simulating quantum motion characteristics and incorporating the
Leader-Follower mechanism. After the particle swarm completes
the initial phase (Phase 1), particles 2 and 6 are assumed to be
selected as leaders, particles 1 and 3 are randomly chosen as fol-
lowers of particle 2, while particles 4, 5, and 7 are randomly chosen
as followers of particle 6 (Phase 2). Followers perform quantum
leaps toward their designated leader positions, with the leap di-
rection deviating slightly to the left or right of the leader’s position.
Leaders perform quantum leaps based on both the current global
optimum and their own historical best experience (Phase 3). After
the leaps, particles 5 and 6 are located within local optimum re-
gions, while particle 4 is positioned at the edge of a local optimum
region. At this point, a certain probability of particles engages in
quantum entanglement (i.e., the Position Sharing). Assuming
particles 7 and 4 choose to engage in quantum entanglement with
particles 3 and 2 respectively, particles 7 and 4 will slightly move
toward particles 3 and 2 (Phase 5). Since the positions of particles 5
and 6 are closer than the safety distance, quantum repulsion may
occur with a certain probability. The quantum repulsion will cause
particles 5 and 6 to move in opposite directions (Phase 6). At this
point, the iteration is finished, and thus the subsequent iteration
starts. In the second iteration, the particle swarm reselects leaders.
Particles 2 and 7 are assumed to be chosen as leaders, particles 1, 3,
and 4 are randomly assigned as followers of particle 2, and parti-
cles 5 and 6 are randomly assigned as followers of particle 7 (Phase
7). Phase 8 is consistent with Phase 3, where followers perform
quantum leaps toward their designated leader positions with the
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leap direction slightly offset to the left or right of the leader’s
position, while leaders execute quantum leaps based on both the
current global optimum and their own historical best experience.
At this point, particle 2 leaps into the global optimum region, while
particle 6 exits the local optimum region. By continuing the above
steps, the particle swarm gradually approaches and explores the
global optimum region, obtaining results closer to the optimal
solution.

4. Algorithm design

The core of the QLFFOA is to deeply integrate the probabilistic
and non-local characteristics of quantum mechanics with the
Leader-Follower hierarchical collaboration framework of swarm
intelligence. The algorithm takes the Leader-Follower mechanism
as its core framework and the quantum motion characteristics
endow the swarm with efficient optimization capabilities. This
integration not only avoids the imbalance between exploration
and exploitation present in conventional swarm intelligence al-
gorithms, but also breaks through the limitations of insufficient
group collaboration in quantum optimization algorithms,
providing an efficient solution for high-dimensional, multi-modal
complex optimization tasks.

4.1. Probabilistic dynamic selection mechanism for leaders

As the decision-making core of the swarm, the selection logic of
the leader directly determines the optimization direction and ef-
ficiency of the swarm. QLFFOA abandons the static mode of
deterministic selection of the top N optimal individuals in tradi-
tional algorithms and proposes a dynamic selection mechanism
based on fitness weighted probability, which ensures the guiding
position of elite individuals while preserving population diversity.

The criterion for selecting individual i as a leader can be
expressed by Eq. (28).

7

_ i
Ns ¢pb
k=1"k

ifée<Px |1 , thenindividual i € Lg (28)

4.2. Quantum motion characteristics

4.2.1. Dynamic regulation of the quantum contraction-expansion
coefficient (a)

The  QLFFOA  algorithm  dynamically adjusts the
contraction—-expansion coefficient to emulate the quantum-state
evolution from diffuse distributions to localized collapse, thereby
enabling adaptive control of the search range and balancing global
exploration with local exploitation.

Iy

x Max_iteration (29)

@ = amax — (@max — @min)
The dynamic decay mechanism of a corresponds to the
quantum-state transition from diffusion to contraction as follows.

(1) Early iterations (a close to amax): the search step length is
relatively large, simulating the broad dispersion of the
quantum state and enhancing the algorithm’s exploration
capability in unknown regions.

(2) Late iterations (a close to amiy): the search step length
contracts, simulating the localized collapse of the quantum
state and strengthening the algorithm’s exploitation capa-
bility in promising regions.
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Table 1
Pseudocode of QLFFOA.
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Algorithm 1: Quantum leader-follower formation optimization algorithm

Input: Population size Ns, maximum number of iterations Max_iteration, search space boundaries [Ib, ub], objective function fop;

Output: Global optimal solution and its fitness value
1. Initialization phase
a. Set main control parameters: amax, @min, Pl, Pe, ds = 0.1 x (ub—Ib)
b. Randomly generate initial population positions within the search space

c. Initialize personal best position of each individual x}?b and global best position gBest

2. While I; < Max_iteration do
Step I: Fitness evaluation and parameter calculation

Calculate the fitness value of each individual, update personal best position x}’b and global best position gBest

Calculate quantum contraction-expansion coefficient: @ = amax — (@max — @min)

1 N cpb
ﬁszl‘:lfi

Calculate quantum swarm center of the current population: m =
Step II: Role assignment

X

It
Max_iteration

Select leader set based on the probabilistic dynamic screening mechanism of leaders:

pb
Ife<Px (1 7% , then individual i € Lg
zk;1fk
Step III: Position update
For each individual i = 1 to Ng do

a. Calculate quantum attractor p;:
Ifi e Lg, then p; = ¢ x x}’b + (1 — ¢) x gBest

If i ¢ Ls, randomly select a leader k from Ls, p; = ¢ x xib + (1 —¢) x gBest

b. Quantum leap and quantum tunneling effect:
Calculate characteristic length: L = a x |m — x;|
. , . 1
Perform position update: x; = p; +dirx Lx Ig (5>
c. Quantum entanglement operation:

If rand ¢ P, then x; generates entanglement displacement towards a random individual

d. Quantum repulsion operation
For each pair of individuals (i, j) do
If d; < d, apply quantum repulsion force to separate the individuals
End for
End for
Step IV: Boundary handling and optimal fitness update
Pull any out-of-bounds individuals back into the search space

Calculate the fitness values of all individuals at their new positions, update the global best fitness gBestScore

Iy = I+1
3. End while
4. Return gBest, gBestScore

4.2.2. Design of quantum attractors for leaders and followers

The algorithm designs distinct quantum attractors to assign
different behavioral objectives to the two role types, establishing a
division of labor of “leaders for exploration, followers for refine-
ment”, thereby ensuring efficient allocation of swarm resources.

(1) For leaders (the high-quality individuals in the population),
their attractors integrate both their personal historical best
information and the global best information.

(30)

(2) For followers (ordinary individuals), their attractors inte-
grate the historical best of a randomly assigned leader
together with the global best information.

pi=¢xx?b+(lf¢)xg8est

pi= ¢ x x4 (1 - ¢) x gBest (31)
4.2.3. Quantum leap and quantum tunneling effect

Position updates in conventional swarm intelligence algo-
rithms are typically deterministic. QLFFOA integrates quantum
leap and tunneling effect to formulate non deterministic position-
update rules for leaders and followers, thereby increasing the
flexibility of individual movement directions, mitigating the lim-
itations of unidirectional search, and enabling the swarm to escape
local optima.
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1

Ns Pb
m= N—Szi=1xi (32)
L=a x |m—x]| (33)
/ . 1
X; =p;+dir x L x lg<§) (34)

As 0 approaches 0, this term tends to infinity, enabling in-
dividuals to perform long-range jumps and thereby escape local
optima.

4.2.4. Information sharing in quantum entanglement and quantum
repulsion mechanism

Quantum entanglement manifests as non-local correlations
between the states of two (or more) quantum systems, and
QLFFOA simulates this characteristic using Eq. (35). In physical
formations, individual collision avoidance usually follows deter-
ministic rules (such as moving in the opposite direction if the
distance is less than a threshold), while QLFFOA introduces the
uncertainty principle of quantum measurement and designs a
probabilistic exclusion mechanism. If two individuals are at an
excessively small separation, their positions are adjusted along
mutually repulsive directions. The computation of the repulsion
direction vector is given by Eq. (37), and Eqgs. (38) and (39) provide
the position updating equations for the two individuals.
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X;=x;+0.1 x (Xe —X;) (35)

In the equation, the coefficient 0.1 represents the influence
weight of quantum entanglement, controlling the degree of in-
formation synchronization and preventing drastic updates that
may induce group oscillations.

de = [|x; — x| (36)
dgisp = d:il% (37)
X; = X; + 0.05 x dgigp (38)
X; = % — 0.05 x dgjsp (39)

4.3. Algorithm’s pseudocode

The pseudocode of the proposed algorithm is presented in
Table 1.

5. Algorithm solving
5.1. Feasibility criteria

The feasibility criterion for optimization algorithms is a stan-
dard for evaluating individual performance by integrating the
objective function value and the constraint violation degree. In
addressing constrained optimization problems, simple constraint
transformation enables the conversion of complex constrained
cases into unconstrained ones for subsequent solution. The opti-
mization model for such problems is presented in Eq. (40).

min Fea(A)
st. fp(A) <0, p=1,2,---,P (40)
gn(A)=0, m=P+1,P+2,-- M
The optimization problem described above includes P

inequality constraints and M — P equality constraints. Equality
constraints are convertible to inequality constraints. Based on the
introduced tolerance constant, the equality constraint is rewritten
as the subsequent inequality constraint.

lgm(A)| —ac <0, m=P+1,P+2,--- M (41)

Through the transformation defined in Eq. (41), the optimiza-
tion problem presented in Eq. (40) is converted into a nonlinear
optimization problem involving M inequality constraints. For the
constrained optimization problem presented in Eq. (40), its
fundamental task is to determine the D-dimensional optimization
variable A*—which meets all M inequality constraints—such that
the objective function value is minimized. For the population
within optimization algorithms, a constraint violation function
Fi(A) is formulated to quantify the deviation of individuals from the
constraint requirements.

Fa—{

Through the use of the constraint violation function, the
constraint violation degree V(A) of an individual with regard to all
constraints can be determined.

max{f;(A),0}i=1,2,--,P

max{|g;(A)| — ac,0}i=P+1,P+2,--- M (42)

M
V(A) = Fy(A) (43)
p=1

Through the computation of an individual’s constraint violation
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degree, the quality of the solutions it holds can be quantitatively
assessed. Based on the comparison of the constraint violation
degree and fitness function values of all individuals, the in-
dividuals who will enter the next iteration are determined. For any
two arbitrary individuals A; and A; in the swarm, the specific
comparison criteria are presented below.

(1) Both A; and Aj correspond to infeasible solutions. When the
constraint violation degree of A; is smaller than that of Aj, A;
is considered superior to A;.

(2) The fitness function value is mainly determined based on
the goal of minimizing carbon emissions. For the two
feasible solutions A; and A;. A; outperforms A; if the objective
function value of A; is smaller than that of A;.

(3) A corresponds to a feasible solution, while A;j is an infeasible
solution. A; outperforms A;.

Through the feasibility criterion, all individuals in the swarm
can be effectively evaluated. Consequently, solving such con-
strained optimization problems is transformed into an optimiza-
tion process that progresses from infeasible to feasible solutions
and ultimately converges to the optimal solution. This process
achieves the efficient resolution of complex nonlinear constrained
optimization tasks.

5.2. Algorithm convergence criteria and tolerance

The algorithm program sets the maximum number of iterations
Max_iteration as the primary termination criterion. Meanwhile, a
fitness tolerance mechanism is adopted. If the global optimal
fitness value remains unchanged for 10 consecutive iterations, the
algorithm is deemed to have entered the steady-state convergence
region and the iteration is terminated early.

5.3. Algorithm solving process

The specific hybrid algorithm solving process is shown below.
The solution flowchart of the algorithm is shown in Fig. 4.

(1) Initialize the search space boundaries, maximum iteration
times, and population size of the QLFFOA. And assign values
to the algorithm’s key control parameters, including
contraction-expansion coefficients [amin, @max], quantum
leader selection probability P, quantum entanglement
probability Pe, safe distance ds = 0.1 x(ub — Ib), then load and
save the objective function and constraint conditions.

(2) Within the search space, randomly initialize the initial
particle positions of the QLFFOA, compute the fitness func-
tion values, and save both the population’s best individual
and historical best individual.

(3) Compute the quantum contraction—-expansion coefficient «
and the quantum swarm center m according to Egs. (29) and
(32).

(4) Select the quantum leaders based on the decision criteria
given in Eq. (28).

(5) Compute the quantum attractors for the leaders and fol-
lowers in the population according to Egs. (30) and (31),
respectively.

(6) Calculate the characteristic length L using Eq. (33) and
implement quantum leaps and quantum tunneling effects
using Eq. (34).

(7) Perform probabilistic quantum entanglement on the parti-
cles. Specifically, if rand () < Pe holds, update the particle
positions via quantum entanglement according to Eq. (35).
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Table 2
Comparison of optimization results between QLFFOA and other 10 swarm intelligent algorithms on 30-dimensional benchmark functions.
f QPSO PSO CPO HO POA GOOSE NRBO PO DOA GJO QLFFOA
fi Mean rank 1 4 10 5 8 2 9 6 11 7 3
Std rank 1 5 7 4 10 2 9 6 11 8 3
fo Mean rank 2 4 10 5 7 3 9 6 11 8 1
Std rank 2 4 10 5 7 3 9 6 11 8 1
f3 Mean rank 7 1 11 6 2 10 5 3 9 8 4
Std rank 8 1 11 2 3 10 5 4 7 6 9
fa Mean rank 2 4 10 5 8 3 9 6 11 7 1
Std rank 2 5 10 4 8 3 9 6 11 7 1
fs Mean rank 2 3 9 5 6 10 8 7 11 4 1
Std rank 10 4 2 9 5 11 3 8 6 7 1
fs Mean rank 1 4 8 5 6 11 10 7 9 3 2
Std rank 2 4 6 3 7 11 9 8 10 5 1
f7 Mean rank 2 3 8 5 9 11 7 6 10 4 1
Std rank 3 2 5 6 8 11 7 9 10 4 1
fs Mean rank 2 3 11 4 6 10 8 7 9 5 1
Std rank 10 3 8 2 4 11 6 5 7 9 1
fo Mean rank 2 6 10 5 4 9 8 7 11 3 1
Std rank 2 8 9 4 3 10 7 5 11 6 1
fro Mean rank 9 2 11 3 4 5 8 6 10 7 1
Std rank 4 6 1 3 5 8 2 9 7 11 10
fin Mean rank 2 3 11 5 7 4 8 6 10 9 1
Std rank 3 2 10 5 8 4 7 6 11 9 1
fi2 Mean rank 2 3 10 5 7 4 9 6 11 8 1
Std rank 1 3 7 5 10 4 8 6 11 9 2
fiz Mean rank 2 3 10 5 7 4 8 6 11 9 1
Std rank 3 2 9 4 7 5 8 6 11 10 1
fia Mean rank 5 1 11 7 2 3 6 8 9 10 4
Std rank 5 1 11 8 2 4 6 7 10 9 3
fis Mean rank 3 2 11 4 5 6 8 7 10 9 1
Std rank 4 3 10 2 5 6 8 7 11 9 1
fie Mean rank 2 3 11 6 4 8 9 7 10 5 1
Std rank 10 2 3 5 4 8 7 9 11 6 1
fiz Mean rank 2 4 11 7 5 9 8 6 10 3 1
Std rank 4 9 3 7 2 10 5 6 11 8 1
fis Mean rank 6 1 11 5 2 3 9 7 10 8 4
Std rank 6 3 10 4 2 1 8 7 11 9 5
fie Mean rank 3 1 8 5 6 4 9 7 11 10 2
Std rank 3 2 11 5 6 4 8 7 10 9 1
fa Mean rank 2 6 11 3 4 9 8 7 10 5 1
Std rank 7 9 2 3 1 11 6 4 8 10 5
IEg Mean rank 2 4 9 7 6 11 8 5 10 3 1
Std rank 3 9 2 10 11 8 6 5 7 4 1
f22 Mean rank 9 3 8 6 5 10 7 1 11 4 2
Std rank 11 9 5 10 3 4 8 2 1 6 7
fo3 Mean rank 2 8 9 6 5 11 7 4 10 3 1
Std rank 2 9 4 8 5 11 3 7 10 6 1
faa Mean rank 2 7 9 8 5 11 6 4 10 3 1
Std rank 2 6 3 9 8 10 5 4 11 7 1
fos Mean rank 2 3 10 5 7 4 9 6 11 8 1
Std rank 2 4 10 5 9 3 7 6 11 8 1
fae Mean rank 2 3 9 5 6 11 8 7 10 4 1
Std rank 2 10 3 9 6 11 5 8 7 4 1
fr Mean rank 2 3 10 4 7 11 8 6 9 5 1
Std rank 2 9 8 7 5 11 4 6 10 3 1
fos Mean rank 4 3 10 5 8 2 9 6 11 7 1
Std rank 3 5 10 4 8 2 7 6 11 9 1
fao Mean rank 2 3 11 8 5 9 7 6 10 4 1
Std rank 1 3 5 10 7 8 9 6 11 4 2
JEN) Mean rank 2 3 10 6 5 4 9 7 11 8 1
Std rank 2 3 10 6 5 4 9 7 11 8 1

(8) Determine whether probabilistic quantum entanglement (10) Determine whether probabilistic quantum repulsion has
has been applied to all particles in the population. If not, been applied to all particles in the population. If not, return
return to step (5) to adjust the next particle; if yes, proceed to step (9) to adjust the next group of particles; If yes, pro-
to step (9); ceed to step (11).

(9) Compute the distance between two particles using Eq. (36), (11) After particles move to their new positions, any particles
if the distance is smaller than the safety threshold ds, apply that violate the search bounds are brought back into the
probabilistic quantum repulsion. Specifically, if rand () < 0.5 search space; then compute the fitness values for all parti-
holds, the positions of the two particles are updated based cles at their new positions, replace each particle’s historical
on Egs. (38) and (39); if the condition is not satisfied, no best fitness when the new fitness is superior, update the

position update is performed.
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Fig. 5. Convergence curves of the QLFFOA algorithm on the benchmark test functions. (a) The convergence curve of f7. (b) The convergence curve of fy (c) The convergence curve of

f13. (d) The convergence curve of fi, (e) The convergence curve of f>4 (f) The convergence curve of fag,

current global best if a better solution is found, and record
the per-generation global best fitness.

(12) Check whether the maximum number of iterations has been
satisfied. If yes, advance to step (13); otherwise, revert to
step (3) to commence the subsequent iteration.

(13) Output the final optimal solution obtained.
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6. Algorithmic solving performance analysis and validation

To assess the optimization effectiveness of the QLFFOA, this

study conducts comparative experiments against PSO, QPSO, and 8
well-known intelligent optimization algorithms published in the
past 5 years. Numerical experiments are performed with
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internationally recognized standard test functions, aiming to
conduct a horizontal evaluation of the algorithm’s solving capa-
bility. The comparative intelligent optimization algorithms are
listed below.

The QPSO algorithm proposed by the team of Chinese scholar
Sun Jun at the IEEE Congress on Evolutionary Computation in 2004
integrates the principles of quantum mechanics to simulate the
quantum behavior characteristics of particles (Jun et al., 2004). The
PSO algorithm, proposed by Kennedy and Eberhart (1995) at the
IEEE International Conference on Neural Networks in 1995, sim-
ulates the collective cooperative behavior of bird flocks during
foraging. The CPO algorithm, published by Mokhtare and Keysan
(2025) in Knowledge Based Systems in 2024, simulates the
Crested Porcupine’s 4 defense strategies in natural environments
and achieves optimization goals through unique exploration and
development mechanisms (Abdel-Basset et al., 2024). The HO al-
gorithm proposed by Iranian scholar Mohammad Hussein Amiri’s
team in Scientific Reports in 2024 simulates the activity charac-
teristics of hippopotamus water bodies (Amiri et al., 2024). The
POA, published in Sensors in 2022, aims to simulate the hunting
behavior and activity characteristics of pelicans in natural envi-
ronments (Trojovsky and Dehghani, 2022). The GOOSE Algorithm,
published in Evolving Systems in 2024, was inspired by the
migration behavior of geese (Hamad and Rashid, 2024). The
Newton-Raphson-Based Optimizer (NRBO), published in Engi-
neering Applications of Artificial Intelligence in 2024, integrates
classical numerical calculation methods (Sowmya et al., 2024).
Parrot Optimizer (PO) proposed in 2024, inspired by parrot
foraging, staying, communication, and fear of life behaviors (Lian
et al., 2024). The Dingo Optimization Algorithm (DOA) proposed
in 2021, inspired by the hunting strategies of the dingo in natural
environments (Peraza-Vazquez et al., 2021). The Golden Jackal
Optimization (GJO) algorithm, published in Expert Systems with
Applications in 2022, was inspired by the unique survival strategy
of the Golden Jackal in grassland ecology (Chopra and Mohsin
Ansari, 2022). Through a systematic cross-comparison conducted
within the standardized experimental framework, the perfor-
mance advantages of the Quantum Leader-Follower Formation
Optimization Algorithm over these cutting-edge algorithms are
objectively assessed.
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Table 3
Friedman test results.
/ / Mean Std
Test results N 30 30
Chi-square 194.5705 98.4639
p-value 2.1856 x 10736 1.1056 x 10716
Friedman test value QPSO 3.200 3.900
PSO 3.233 4.533
CPO 9.633 6.767
HO 5.100 5.267
POA 5.400 5.433
GOOSE 6.700 6.700
NRBO 7.767 6.467
PO 5.833 6.100
DOA 9.900 9.300
GJO 5.933 7.133
QLFFOA 1433 2.200

For assessing an algorithm’s problem-solving capability, using
internationally recognized standard benchmark functions to
compare various intelligent optimization algorithms is a widely
adopted approach. In this numerical study, the performance of the
algorithms in continuous search spaces is evaluated using the 30
standard benchmark functions from the IEEE CEC 2017 competi-
tion benchmark suite (Wu et al., 2016). The 30 benchmark func-
tions were solved using the QLFFOA and other 10 algorithm. All
algorithms are run with a maximum iteration count of 1000. The
population size is fixed at 30. Each test problem is configured as
30-dimensional. The algorithms are coded and executed in MAT-
LAB, on a computer with a Windows 10 system, Intel(R) Core(TM)
i7-9700, and 4 GB of memory. The key control parameters of the
Quantum Leader-Follower Formation Optimization Algorithm
were set as the contraction-expansion coefficient [amin = 0.2,
amax = 1.0], quantum leader selection probability P; = 0.3, and
quantum entanglement probability P. = 0.3. Each test function is
independently executed 20 times, and the aggregated results are
presented in Table 2. Relevant detailed calculation results are
illustrated in Table A2 of Appendix A.

Based on the results in Table 2, the following conclusions can be
drawn. Compared with the other 10 algorithms, the QLFFOA ach-
ieves the best overall numerical solution performance. Among the
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Fig. 6. Comparison of computational costs among the 11 algorithms. (a) Average running time. (b) Average memory usage.
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30 standard test functions, it attains the optimal solution for 23 of
them, representing over 2/3 of the total. Compared to the QLFFOA,
the remaining 10 swarm intelligence algorithms have a signifi-
cantly lower proportion of test functions where they achieve the
optimal solution. Specifically, the QPSO algorithm attains the
optimal solution for 2 functions, the PSO algorithm for 4, and the
PO algorithm for 1. Moreover, the QLFFOA’s mean value and cor-
responding standard deviation are both superior to those of the
other 10 algorithms. This outcome highlights that the QLFFOA
possesses excellent robustness and superior adaptability to
various categories of optimization problems. To further evaluate
the algorithm’s convergence performance, several representative
functions are selected from the 30 test functions to generate
convergence curves, which are presented in Fig. 5.

As shown in Fig. 5, each subgraph depicts the convergence
speed of the 11 algorithms, where the QLFFOA is highlighted by a
red solid curve and the remaining algorithms are identified using
different colored line styles. By observation, in experiments on the
six benchmark functions f7, fo, fi3, fi6, f24, and fo9, the curves indi-
cated by the red solid line consistently lie below the other 10
curve. This indicates that the QLFFOA can reach the optimal so-
lution in the least number of iterations. In particular, the QLFFOA in
Fig. 5(b)—(f) attain the optimum in fewer than 600 iterations. It
exhibits both a faster convergence speed than the other 10
comparative algorithms and a significantly superior optimal value
to the others.

Among the six subgraphs in Fig. 5, the QLFFOA does not exhibit
the fastest descent speed during the initial iteration stage among
the 11 algorithms in Fig. 5(a) and (d).

In Fig. 5(a), the QLFFOA exhibits a slower descent speed than
PSO during the 0-200 iteration phase, but it outperforms PSO with
significantly faster descent speed after 200 iterations. In Fig. 5(d),
the QLFFOA lags behind POA in descent speed within the 0-300
iterations, yet exhibits significantly faster descent than POA
beyond 300 iterations. This is attributable to the integration of
quantum motion characteristics with the leader-follower mecha-
nism, enabling the algorithm to escape local optima through
quantum leaps and tunneling effects guided by the quantum
attractors of leaders and followers. At the same time, the algorithm
adopts mechanisms of quantum entanglement and quantum
repulsion which effectively enhance the likelihood of escaping
local optima and enable the algorithm to have better global search
capabilities. From Fig. 5(a), (b), the QLFFOA exhibits a rapid
convergence speed in the early stage under multi-modal functions
(the fitness value rapidly decreases from a high value), and there is
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no obvious stagnation throughout the process. It can continuously
break through the trap of local optima, reflecting a good balance
between global exploration and local development. The QLFFOA in
Fig. 5(c) shows a much greater decrease in both magnitude and
rate compared to other algorithms, indicating its ability to effi-
ciently adapt to multi substructure coupling scenarios with mixed
functions and strong adaptability to optimization requirements in
different subregions. Fig. 5(d)—(f) demonstrate that the QLFFOA
algorithm not only experiences a rapid decline in the early stages,
but also continues to optimize in the later stages, demonstrating
its strong robustness and precise optimization ability in high-
dimensional scenarios.

To further evaluate the strengths and weaknesses of these al-
gorithms, a comparison of computational overhead was per-
formed between QLFFOA and the other 10 algorithms. Each of the
11 algorithms was executed 20 times. The mean running time and
memory usage were recorded. The results are presented in the bar
chart in Fig. 6.

As shown in Fig. 6, The proposed QLFFOA exhibits a mean
running time of 2.46 s and a memory usage of 0.2 MB. These
performance indicators are substantially lower than the PO algo-
rithm’s excessive runtime and high memory consumption.
Simultaneously, the QLFFOA’s resource requirements are compa-
rable to those of classical lightweight algorithms, including PSO
(1.73'5,0.50 MB) and QPSO (1.83 s, 0.58 MB). Therefore, the QLFFOA
can be categorized as a low-latency and low-memory-
consumption optimization method.

Moreover, to assess the statistical significance of the perfor-
mance differences between the QLFFOA and the remaining 10 al-
gorithms, non-parametric test were applied to the ranking
outcomes of the 11 algorithms. Specifically, the mean and standard
deviation of the optimal values in Table 2 were analyzed using the
Friedman non-parametric test, allowing assessment of whether
QLFFOA exhibits significantly different optimization performance.
The detailed Friedman test results are provided in Table 3, and the
best ranking is highlighted in bold.

Based on the results presented in Table 3, the p-values for both
the mean and standard deviation rankings are less than the 0.05
significance threshold. This indicates that the performance dif-
ferences between QLFFOA and the other 10 algorithms are signif-
icant. The corresponding test statistics further confirm that
QLFFOA delivers the superior overall performance within the 11
methods. The p-values for the mean and standard deviation
rankings reach 2.1856 x 1073% and 1.1056 x 107'®, respectively,
demonstrating that random variation is an implausible
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Fig. 7. Bar chart of Bonferroni-Dunn test results. (a) Mean. (b) Standard deviation.
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Table 4
Specification parameters of water injection pump.
Pump name Rated flow rate, m*/h Rated head, m Rated efficiency, % Inlet pipe diameter, mm Export pipe diameter, mm Motor model
Qing17 300 1650 76 200 300 D300-150x11
Note 1#
Qing17 400 1500 76 200 300 D400-150x10
Note 2#
Qing22 250 1650 75 200 300 DF250-150x11
Note 1#
Qing22 400 1600 81 200 300 DF400-160x10
Note 2#

explanation for the observed differences. Additionally, QLFFOA
attains the top rank in both metrics, demonstrating superior so-
lution accuracy and greater stability relative to the other
algorithms.

To obtain a more detailed comparison and reinforce the conclu-
sions drawn from the Friedman test, a Bonferroni-Dunn test was
subsequently performed. For the test, a significant difference between
any two comparative algorithms is determined when the difference
in their performance rankings exceeds the critical difference (CD), and
the calculated CD values for the test are presented below.

CDgos = 2.4, CDg1 =2.21

Using the critical differences derived from this analysis, along
with the Friedman test outcomes, a comparative bar chart of the 11
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algorithms was generated, as presented in Fig. 7. In this figure, the
black dashed line indicates the 90% significance level, the red line
indicates the 95% significance level, and the pink horizontal line
marks the Friedman ranking of the best-performing algorithm.
Based on the test outcomes associated with the mean rankings of
30 benchmark functions in Fig. 7(a), at the 95% significance level, the
QLFFOA is significantly superior to 8 algorithms HO, CPO, POA, PO,
NRBO, GOOSE, GJO, and DOA. This observation confirms that the
algorithm exhibits significant differences in the accuracy of opti-
mization problem solving compared with other 8 algorithms, and its
excellent global solving ability has been demonstrated. It can also be
seen from the figure that the QLFFOA is superior to QPSO and PSO
algorithms, but QPSO and PSO algorithms themselves also perform
well in solving accuracy. Therefore, the QLFFOA does not
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Fig. 10. Iteration diagram of QLFFOA solution.

Table 5
Comparison of water injection system schemes before and after optimization.

Name Before optimization After optimization
Total water volume, m3/d 31,598 31,598

Total energy consumption, kWh/d 172,720 160,156.26

Total electricity cost, CNY 135,976.24 121,253.25

Total carbon emissions, kgCO, 92,716.10 85,971.88

Unit energy consumption, kWh/m®> 5.47 5.07

Average pump efficiency, % 79.59 81.43

Number of pumps turned on 4 4

demonstrate a significant advantage over QPSO and PSO in the test
results. In Fig. 7(b), the QLFFOA demonstrates superior robustness
compared with the other swarm intelligence optimization algo-
rithms. At both the 95% and 90% significance levels, the QLFFOA is
significantly superior to 8 algorithms HO, CPO, POA, PO, NRBO,
GOOSE, GJO, and DOA. This confirms that its solution stability of
addressing optimization problems is significantly superior to that of
other 8 algorithms. Fig. 7(b) shows that the QLFFOA outperforms
both QPSO and PSO, and it is significantly superior to PSO at the 90%
significance level. However, QPSO and PSO themselves also exhibit
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strong robustness. Therefore, at the 95% significance level, the
QLFFOA does not exhibit a significant advantage over QPSO and PSO.
Through comparative experiments, it has been proven that the
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QLFFOA is a robust and efficient approach for addressing complex
optimization problems. Furthermore, it is well-suited for solving the
complex nonlinear optimization model presented in the subsequent
sections of this work.

7. Case study

To validate the practical applicability of the proposed algorithm
and model in real-world engineering scenarios, a specific block in
Oilfield C s selected as the case study. The system’s total daily flow
rate demand is 31,598 m>/d. The water injection system comprises
13 distribution rooms, 131 injection wells, 2 water injection sta-
tions, and 4 injection pumps, with its topology depicted in Fig. 8.
Table 4 provides the specifications of the injection pump.

To ensure that the optimization results reflect practical oper-
ating conditions, field-measured operating parameters for the 131
injection wells were incorporated into the analysis, with the
required wellhead flow rates ranging from 125 to 267 m>/d. Based
on the daily charging standards in the location of the oilfield,
considering the daytime period from 6am to 6pm, the entire day is
divided into 13 time periods for optimization, as shown in Fig. 9.
Meanwhile, the model is solved based on the average CO, emission
factor for electricity (0.5368 kgCO,/kWh) in the location of the
oilfield last year. Using the simulation model established in this
paper, simulation calculations were performed on the 131 wells of
this water injection system to obtain the calculated pressures,
which were compared with the measured pressures. The com-
parison results are presented in Table A3 in Appendix A.3. It can be
seen from Table A3 that the relative errors between the calculated
pressures and the measured pressures of the 131 wells in this

Table 6

Comparison of optimization schemes between other algorithms and the QLFFOA.
Name QPSO PSO QLFFOA
Total water volume, m3/d 31,598 31,598 31,598
Total energy consumption, kWh/d ~ 165,480.04 166,821.99  160,156.26
Total electricity cost, CNY 125,283.83  126,299.81  121,253.25
Total carbon emissions, kg CO, 88,829.68 89,550.04 85,971.88
Number of pumps turned on 4 4 4
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water injection system are less than 5%, and the mean relative
error is less than 3%.

Considering the positive correlation between total carbon
emissions and total electricity cost, this study adopts minimizing
the total carbon emissions as the primary optimization objective
to solve the optimization model. The QLFFOA was applied to solve
the established model 10 times, and the resulting iterative
convergence curves are shown in Fig. 10. The computational time
required for the QLFFOA to solve this water injection pipeline
network optimization model is approximately 21 min. Table 5
presents a comparison of the water-injection system’s original
operation scheme and the optimized scheme. Table 5 demon-
strates that with constant number of pumps and total water vol-
ume, the optimized result decreases the power consumption of
12,563.74 kWh/d, saves a total electricity cost of 14,722.99 CNY,
reduces total carbon emissions of 6,744.22 kg CO,, decreases the
system unit energy consumption of 0.4 kwWh/m?, and increases the
average pump efficiency of 1.84%. As shown in Fig. 11, the opti-
mized time-segmented water injection distribution indicates that
all four pumps inject most of the water during off-peak periods,
while also prioritizing daytime injection when electricity prices
are equal. It can be seen that all four pumps inject most of the
water during off-peak periods, and prioritize water injection dur-
ing the daytime when electricity prices are equal. As shown in
Fig. 12, the optimized electricity cost is concentrated in the day-
time off-peak periods, while largely avoiding the evening peak
periods, consistent with the expected outcome. Fig. 13 depicts the
optimized flow rate outcomes of the water injection pumps.
Compared to before optimization, the deviation between opti-
mized flow rate and rated flow rate is less than 15%. The optimized
scheme demonstrates superior flow rate control accuracy,
complying with on-site hydraulic demands. Fig. 14 presents the
unit energy consumption of the water injection pumps. As shown
in Fig. 14, the optimized results indicate that only two pumps have
lower unit energy consumption than before optimization. This
outcome stems from the algorithm focus on the lowest total car-
bon emissions under the existing water-injection network
connection conditions. This may lead to higher unit energy con-
sumption for certain individual water-injection pumps compared
to before optimization. However, the optimized total unit energy
consumption (20.8 kWh/m?) outperforms the actual operating
unit energy consumption (21.91 kWh/m?). This confirms the ra-
tionality of such individual pump performance fluctuations, as the
optimization simultaneously achieves energy consumption
reduction and flow rate deviation minimization.

Furthermore, to comprehensively and objectively evaluate the
solution performance of the QLFFOA, it is imperative to mitigate the
limitations in relying solely on comparisons with the actual opera-
tional scheme. The analysis and validation presented in Chapter 6
demonstrate that PSO and QPSO exhibit better performance relative
to the other eight algorithms. Therefore, this case study introduces
the classical PSO algorithm and QPSO algorithm as baseline algo-
rithms for comparative analysis. All comparison algorithms are run
under identical constraint conditions, population sizes and
maximum numbers of iterations, and all strictly satisfy the daily
total water injection allocation requirements of the oilfield. The
comparison of the optimization results of the three algorithms is
presented in Table 6. The results show that under the premise of the
same number of operating pumps and all meeting the allocation
requirements, the QLFFOA optimization result achieves the best
optimization performance. This further proves that the QLFFOA also
possesses higher solution accuracy in high-dimensional and
strongly coupled oilfield water injection optimization problems.

To further quantify the demand-side flexible regulation capacity
of the water injection system in response to time-of-use electricity
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pricing, this paper introduces the peak-valley electricity transfer rate
(neransfer) for quantitative evaluation. The specific calculation formula
is shown in Eq. (44). According to the time-of-use pricing structure
of the oilfield distribution network, time periods 4, 6, 10 and 11 are
designated as peak electricity price periods. Statistical data shows
that the total electricity consumption of the system during peak
periods before optimization was 57,573.33 kWh; after optimal
scheduling with the QLFFOA algorithm, the peak electricity con-
sumption was significantly reduced to 37,025.11 kWh, achieving a
peak electricity load reduction of 35.69%. The peak-valley electricity
transfer rate of the QLFFOA optimization scheme reaches 11.90%. The
results indicate that the proposed optimization strategy does not
merely rely on reducing the total energy consumption of the system,
but rather realizes the temporal reconstruction and flexible transfer
of industrial power loads through accurate collaborative optimiza-
tion of time period combinations.

Ebasi _ ODtl
pea peak
Mtransfer = EbT x 100% (44)

total
8. Conclusions

This study addresses the issue of continuous increase in energy
consumption and electricity expenses of oilfield water injection
systems during high water-cut periods. The multi-objective opti-
mization model of time-segmented water injection in oilfield water
injection systems considering time-of-use electricity pricing was
constructed with the objective functions of minimizing total carbon
emissions and total electricity costs. This model is the first to use
carbon emission minimization as the objective function in the
optimization model of oilfield water injection system. It introduces a
time of use electricity pricing mechanism and considers constraints
such as time period priority and time period water volume.

This paper proposes the QLFFOA to address the non-linearity,
multiple constraints, and tendency to get stuck in local optima of
the model. The algorithm introduces the probability superposition
and non-local search characteristics of quantum mechanics into the
Leader-Follower hierarchical collaboration mechanism, avoiding the
problem of the exploration and exploitation imbalance in conven-
tional swarm intelligence algorithms and breaking through the
limitations of insufficient group collaboration in quantum optimi-
zation algorithms. The comparison results with 10 representative
swarm intelligence algorithms show that QLFFOA exhibits better
performance in convergence accuracy, stability, and global search
efficiency.

The results of an engineering case show that, the optimization
scheme proposed in this article has achieved three effects.

(1) The optimized scheme increased the system average pump
efficiency by 1.84% and reduced the unit energy consumption
by 0.4 kWh/m?, which means that the optimized scheme can
improve the operation level of the entire water injection
system and enhance the energy-saving potential of the
system.

(2) The optimized scheme reduced electricity consumption by
7.3%, which is equivalent to a reduction of 7.2% in total car-
bon emissions based on the carbon emission factor. This
indicates that the optimization model and algorithm in this
paper can effectively reduce electricity demand while
ensuring normal production, and reduce greenhouse gas
emissions such as carbon dioxide from the source.
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(3) The optimized scheme reduced the total electricity cost by
10.8%, realizing that electricity consumption is mainly
distributed in the off-peak electricity price periods, suc-
cessfully avoiding the peak electricity price period in the
evening. The optimized plan complies with the oilfield
operation management rules, and the constraint of priori-
tizing daytime hours also conforms to the engineering
operation and maintenance preferences.

In summary, the optimization model and algorithm constructed
in this article can scientifically guide the time-segmented operation
and management of oilfield water injection systems, helping them
achieve low-carbon and efficient operation.

9. Discussions

The optimization model and algorithm proposed in this article
have shown excellent energy-saving and cost-saving performance
in case studies. The proposed optimization scheme does not
change the total water injection volume and the number of
configured pumps, and the flow rate deviation of all pumps is
controlled within 15% of the rated flow rate, indicating that the
optimization results are still within the field-acceptable operating
range. Meanwhile, the optimized scheduling scheme strictly sat-
isfies the constraints of pipeline network hydraulic balance,
wellhead pressure and water injection allocation, which demon-
strates that shifting water injection operations from peak periods
to valley periods will not violate the engineering constraints of the
system. The results show that 35.69% of the peak-period electricity
is transferred to valley periods, and the peak-valley electricity
transfer rate reaches 11.90%, indicating that this method achieves
the temporal reconstruction and flexible transfer of power loads
under the premise of satisfying field operating conditions, rather
than simply compressing the water injection scale. Therefore, this
optimization strategy has engineering practicability and can pro-
vide practical reference for the time-of-use scheduling of oilfield
water injection systems.

However, there are still some limitations that need further
research.

(1) The current optimization objectives do not include long-
term cost factors such as pump unit start-stop frequency,
starting current shock, and equipment wear. In future
research, start-stop penalties or equipment lifespan func-
tions will be introduced to balance short-term energy con-
servation and long-term economy.

(2) The current optimization model is based on the average
carbon dioxide emission factor of electricity, without
considering the difference in carbon dioxide emission fac-
tors between peak and off-peak periods of electricity prices.
In future research, dynamic carbon dioxide emission factors
will be considered in the optimization model to improve the
accuracy of the total carbon emissions of the optimization
scheme.

(3) The current optimization strategies mainly focus on the
macroscopic active power scheduling and energy efficiency
improvement of water injection systems. However, in actual
operation, frequent adjustment of the operating frequency
of injection pump motors may cause fluctuations in system
reactive power, thereby imposing additional load impacts
and transmission losses on the upstream power grid. In
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future work, we will further expand the current system
boundary and incorporate the reactive power losses of in-
duction motors, grid-side transmission efficiency, and dy-
namic marginal emission factors of the power grid into
comprehensive consideration to achieve deeper collabora-
tive multi-objective optimization.
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Appendix A
Appendix A.1

Table A1 shows the detailed definitions and descriptions of all
variables and symbols involved in the optimization model, simu-

lation model, algorithm design, and algorithm solving in this
article.

Table A1
Nomenclature of variables and symbols.
Category Symbol Description Unit
Optimization model E The carbon emissions kg CO,
C The total electricity cost CNY
M The total number of time periods -
Np The count of operational water injection pumps in operation -
A The electricity price during period k CNY/h
Zik The i-th water injection pump’s head during period k m
Fiy The i-th pump’s flow rate during period k m3
g The gravitational acceleration m/s?
P The i-th pump’s operational efficiency corresponding to its flow rate during period k %
ik
p The density of the fluid kg/m>
tik The i-th pump’s runtime during period k h
m The motor efficiency of the i-th water injection pump during period k %
1,
13 The unit conversion coefficient, which is 3.6 x 1076 -
Er The CO, emission factor for electricity kgCO,/
kWh
Wi i The power consumption of the i-th water injection pump during period k kWh
Poutk The pump’s outlet pressure during period k MPa
Pk The outlet pressure of the station during period k MPa
AY, () Unit model for local head loss within the station -
h¢ The frictional loss along the pipe m
1 The pipeline length m
X The pipeline friction coefficient -
d The pipeline inner diameter m
v The fluid’s average flow velocity m/s
Fy The volumetric flow rate in the pipe during period k m3/s
¢ The comprehensive local resistance coefficient -
¢i The resistance coefficient for the i-th local component -
Rioci The head loss for the i-th local component m
hyoc The total local head loss m
hiot The total head loss of the station unit, which is the sum of the frictional and local losses m
Kp The comprehensive loss coefficient of the simulation unit -
F;,i The inflow rate at node i during period k m3/s
1,
Fout The outflow rate at node i’ during period k m3/s
ik
Ny The collection of node identifiers linked to node u -
Kup The pipeline resistance coefficient between nodes u and v -
Py The pressure at node u during period k MPa
P, The pressure at node v during period k MPa
B The constant coefficient -
Nw The total count of wells in the system -
szkin The i-th well’s minimum demand pressure during period k MPa
Piy The i-th well’s pressure during period k MPa
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Table A1 (continued )

Category Symbol Description Unit
Fmin The lower bound of the flow rate of the i-th pump operating within its high-efficiency region during period k m3/s
ik
Fmax The upper bound of the flow rate of the i-th pump operating within its high-efficiency region during period k m3/s
1,
Nig The count of operational pumps at the i-th station during period k -
min The minimum water injection volume at the i-th station during period k m3/s
ik
Qmax The maximum water injection volume at the i-th station during period k m3/s
k
N The total count of water injection stations -
m The priority level of period k, where a larger value indicates a higher priority; -
D(k) The day-night indicator for period k, where D(k) = 1 corresponds to the daytime period and D(k) = 0 -
corresponds to the nighttime period
Simulation model Py The pressure value at node k MPa
P; The pressure value at node j MPa
q The pipeline section’s flow rate m3/s
Zh The Hazen-Williams coefficient -
Sk The pipe’s hydraulic diameter taking into account pipe-wall thickness m
ik The flow rate at node k for unit i m3/s
qij The flow rate at node i for unit j m3/s
X1~ X7 The calculation coefficients corresponding to the pipeline unit located outside the station -
X5 ~ 212 The coefficients associated with the pipeline unit from the pump outlet to the manifold -
K13 X1 The coefficients for the pipeline unit from the manifold to the water injection station outlet -
H; ~ Hg The pressures at the injection wells and at the intersection nodes MPa
H, ~ Hj, The pressure of the virtual water-source nodes, which correspond to pump outlet pressure MPa
H/izv Hq3 The pressures at the water injection station internal manifold MPa
Fi ~F4 The aggregated inflow and outflow rates at the pipeline nodes m3/s
Fs, Fg The injection volumes at the injection wells m3/s
F, ~ Fy; The flow rates at the virtual water-source points, namely flow rates at the outlets of the injection pumps m3[s
Fj,, Fis The flow rates at station internal manifold m3/s
Algorithm design £ A random number uniformly distributed over the interval [0,1), £ ~ U(0,1) -
P The quantum leader selection probability, which controls the overall proportion of leaders -
f_pb The historical best fitness of individual i _
1
Nq f"b The sum of historical best fitness values for all individuals within the population -
k=17k
Ns The population size -
Ls The leader set -
Amax» Xmin The upper and lower bounds of the coefficient -
It The current iteration index -
Max _iteration The maximum number of iterations -
Di The quantum attractor of individual i -
¢ A random weight in the interval [0,1); -
gBest The global-best position -
xPP The historical-best position of a randomly assigned leader k -
k
m The center of the quantum swarm -
xPP The historical-best position of individual i -
1
L The characteristic length -
a The quantum contraction-expansion coefficient -
X; The current position of individual i -
Di The quantum attractor of individual i -
dir A random direction vector (taking values + 1) that models the directional randomness of quantum transitions -
g (1) The quantum tunneling effect, where ¢ is a random number in the interval [0,1). -
o
X; The updated position of the i-th individual -
Xe The position of the randomly selected “entanglement partner” (the e-th individual). -
de The distance between two individuals -

I The Euclidean norm, which is used to quantify the straight-line distance between two individuals in space -

daisp The repulsion direction -
Xj The current position of the j-th individual -
X, The updated position of the j-th individual -
i
Algorithm solving A The D-dimensional optimization variable, where A = (a;,a,, ---,ap) -
fo(A) The p-th inequality constraint -
gm(A) The m-th equality constraint -
ac The tolerance constant, it is generally a small positive number -
Peak-valley electricity Ebase Cumulative electricity consumption during peak periods before optimization KWh
peak . . . . . L
transfer rate opt Cumulative electricity consumption during peak periods after optimization KWh
peak
[Ebase Total daily electricity consumption before optimization kWh

total

Appendix A.2

Table A2 shows the specific optimization results of QLFFOA and
other intelligent algorithms in solving benchmark functions with
dimension D = 30.
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Table A2
The specific optimization results of QLFFOA and other intelligent algorithms in solving benchmark functions with dimension D = 30.

f QPSO PSO CPO HO POA GOOSE NRBO PO DOA GJO QLFFOA
fi Mean 6.7818 x 10° 1.1896 x 108 2.0016 x 10'°  1.3659 x 10® 15158 x 10'°  7.5191 x 103 1.6497 x 10'°©  4.1957 x 10° 52432 x 10'°  1.1438 x 10'°  2.0309 x 10°
Std 6.3786 x 10° 3.6434 x 10® 3.2027 x 10° 3.0579 x 108 5.2903 x 10° 4.0758 x 10° 4.6102 x 10° 1.9586 x 10° 9.4084 x 10° 41578 x 10° 6.7131 x 10*
Mean rank 1 4 10 5 8 2 9 6 11 7 3
Std rank 1 5 7 4 10 2 9 6 11 8 3
£ Mean 1.0814 x 10 82674 x 10*®  2.6793 x 10°® 42959 x 10%°  7.2881 x 10°2  2.0771 x 10'7  8.4924 x 10**  3.2708 x 10>2 62376 x 10*?>  1.9668 x 10*>  1.8032 x 10'?
Std 2.1447 x 10" 3.6971 x 10?7 1.0614 x 10%°  1.1929 x 10°® 28772 x 10°> 54524 x 10'7 26974 x 10>>  1.0812 x 10*>  1.996 x 10% 46737 x 10°3 58658 x 10'?
Mean rank 2 4 10 5 7 3 9 6 11 8 1
Std rank 2 4 10 5 7 3 9 6 11 8 1
f3 Mean 5.2928 x 10% 1.4672 x 10* 1.2839 x 10° 5.2476 x 10% 3.3834 x 10* 7.4350 x 10% 4.8513 x 10* 3.7522 x 10% 7.2074 x 10* 5.7469 x 10% 4.1995 x 10*
Std 1.8401 x 10* 5.1340 x 103 3.1781 x 10* 5.7627 x 103 7.4707 x 103 2.9906 x 10% 1.0207 x 10* 7.5592 x 103 1.2342 x 10* 1.1354 x 10* 1.9852 x 10%
Mean rank 7 1 11 6 2 10 5 3 9 8 4
Std rank 8 1 11 2 3 10 5 4 7 6 9
4 ean . A .. X . R X B . X . . X K X B
f M 499.5859 513.0414 42481 x 10°  615.4720 1.8816 x 10° 505.9621 2.1464 x 103 781.3142 1.2076 x 10* 1.4536 x 10>  489.9977
Std 13.2219 89.7443 1.1122 x 103 70.9363 1.0080 x 10° 18.4776 1.0231 x 10° 196.5705 4.4954 x 10° 894.1797 6.4023
Mean rank 2 4 10 5 8 3 9 6 11 7 1
Std rank 2 5 10 4 8 3 9 6 11 7 1
5 ean . . . . . . . . . . .
f: M 597.1354 688.7358 849.5201 735.4802 757.3665 8723163 831.6002 777.7343 872.9200 704.8057 548.8892
Std 55.7278 35.3400 31.1252 48.0787 36.2813 73.0408 31.8017 46.4390 38.1368 38.8415 9.0850
Mean rank 2 3 9 5 6 10 8 7 11 4 1
Std rank 10 4 2 9 5 11 3 8 6 7 1
s ean . . . . . . . . . X .
fi M 600.0825 647.1381 667.9590 658.5097 660.2591 676.7810 675.5265 661.7348 675.2867 636.0466 600.2450
Std 0.2100 6.5502 7.2542 5.8060 7.5623 11.9023 10.1450 9.8409 11.7001 7.0978 0.1686
Mean rank 1 4 8 5 6 11 10 7 9 3 2
Std rank 2 4 6 3 7 11 9 8 10 5 1
fr Mean 853.9007 864.0376 1.2610 x 10° 1.1687 x 10° 1.2615 x 103 2.0406 x 103 1.2365 x 10° 1.2252 x 10° 1.3654 x 10° 1.0294 x 10° 7721784
Std 54.4772 39.5212 57.4600 58.0093 78.3182 927.9320 76.9109 79.7388 82.7438 55.8577 11.3093
Mean rank 2 3 8 5 9 11 7 6 10 4 1
Std rank 3 2 5 6 8 11 7 9 10 4 1
A Mean 79.155 .3865 1.1065 x 54.87 277 1.1027 x 0852 x X x X x 1 1.3425 1.
fi 879.1558 944.386 065 x 10>  954.8784 990.2773 1027 x 10° 1.0852 x 10° 1.0096 x 10° 1.0924 x 10° 961.342 841.4628
Std 46.4482 25.6171 34.1905 25.2234 25.6605 84.4991 30.0269 29.2192 31.1145 36.7881 12.0895
Mean rank 2 3 11 4 6 10 8 7 9 5 1
Std rank 10 3 8 2 4 11 6 5 7 9 1
A Mean 5.8407 0775 x 7482 x 5.4518 x 1 5. x 1 7.6245 x 7. x .3654 x 8873 x 1 5. x 1 475
fe 935.840 6.0 103 9.7482 x 10° 4518 x 10° 4606 x 10° 6245 x 10° 1068 x 10° 6.3654 x 103 9.8873 x 10° 2960 x 10° 919.4754
Std 73.2668 2.1582 x 103 22541 x 10> 494.0883 465.8166 2.6466 x 103 1.4961 x 103 968.6339 2.7023 x 10° 1.4952 x 103 22.7107
Mean rank 2 6 10 5 4 9 8 7 11 3 1
Std rank 2 8 9 4 3 10 7 5 11 6 1
fio  Mean 8.2797 x 103 49755 x 10° 9.3185 x 10° 5.1582 x 10° 5.3422 x 10° 59014 x 10° 8.0673 x 10° 6.5627 x 10° 8.5749 x 10° 6.9688 x 10° 44318 x 10°
Std 576.7848 608.4938 432.1646 574.9088 578.1344 658.5562 5243758 7543116 632.2674 1.4061 x 10° 993.4072
Mean rank 9 2 11 3 4 5 8 6 10 7 1
Std rank 4 6 1 3 5 8 2 9 7 11 10
fir  Mean 1.1591 x 103 1.2425 x 10° 8.7178 x 10° 1.6010 x 103 2.0680 x 10° 1.3017 x 103 2.1898 x 10° 1.6532 x 103 6.3594 x 10° 3.1722 x 10° 1.1587 x 103
std 343677 34.1852 2.1500 x 10° 166.5841 727.0803 62.0910 350.6996 245.6775 2.2507 x 103 1.0470 x 10° 32.8537
Mean rank 2 3 11 5 7 4 8 6 10 9 1
Std rank 3 2 10 5 8 4 7 6 11 9 1
fiz Mean 1.1838 x 10° 1.4090 x 10° 2.7048 x 10° 6.2339 x 107 11316 x 10°  3.9877 x 10° 1.3713 x 10° 1.3994 x 10® 8.7487 x 10° 1.3554 x 10° 1.0048 x 10°
Std 9.0921 x 10° 1.2658 x 10° 6.5664 x 108 7.0025 x 107 1.1173 x 10° 2.4625 x 10° 8.6127 x 108 9.3900 x 107 4.2810 x 10° 1.1133 x 10° 9.3570 x 10°
Mean rank 2 3 10 5 7 4 9 6 11 8 1
Std rank 1 3 7 5 10 4 8 6 11 9 2
fis  Mean 1.8441 x 10* 1.9694 x 10* 7.7920 x 108 1.3939 x 10° 1.4040 x 107 1.1884 x 10° 2.9795 x 108 2.9453 x 10° 1.9254 x 10° 3.7609 x 10® 9.5347 x 10%
Std 1.6018 x 10* 1.3995 x 10% 3.3540 x 10° 9.4800 x 10* 3.5023 x 107 1.2461 x 10° 2.3436 x 10% 3.6736 x 10° 2.3599 x 10° 6.6800 x 108 9.3855 x 10°
Mean rank 2 3 10 5 7 4 8 6 11 9 1
Std rank 3 2 9 4 7 5 8 6 11 10 1
fia  Mean 5.6150 x 10% 2.1492 x 10* 1.7583 x 10° 2.4021 x 10° 2.4380 x 10* 3.9590 x 10* 1.0302 x 10° 24549 x 10° 46391 x 10° 47897 x 10° 4.0823 x 10*
Std 5.2226 x 10% 1.9813 x 10% 1.3056 x 106 3.4739 x 10° 2.8494 x 10% 3.2303 x 10% 9.1219 x 104 2.5934 x 10° 8.5870 x 10° 6.0256 x 10° 3.0450 x 10%
Mean rank 5 1 11 7 2 3 6 8 9 10 4
Std rank 5 1 11 8 2 4 6 7 10 9 3
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flS

f16

fiz

fis

f19

f20

f21

f22

fa3

f24

f25

f26

f27

f28

f29

Mean

Std

Mean rank
Std rank
Mean

Std

Mean rank
Std rank
Mean

Std

Mean rank
Std rank
Mean

Std

Mean rank
Std rank
Mean

Std

Mean rank
Std rank
Mean

Std

Mean rank
Std rank
Mean

Std

Mean rank
Std rank
Mean

Std

Mean rank
Std rank
Mean

Std

Mean rank
Std rank
Mean

Std

Mean rank
Std rank
Mean

Std

Mean rank
Std rank
Mean

Std

Mean rank
Std rank
Mean

Std

Mean rank
Std rank
Mean

Std

Mean rank
Std rank
Mean

Std

Mean rank

9.2541 x 103
1.0775 x 10*
3

4

2.6232 x 103
519.6743

2

10

1.9955 x 10°
187.6153

2

4

1.5267 x 10°
1.7270 x 10°
6

6

1.7408 x 10*
2.1336 x 10*
3

3

2.4289 x 103
184.2754

2

7

2.3680 x 10°
39.3906

2

3

6.6982 x 10°
3.4104 x 103
9

11

27172 x 103
42,6500

2

2

2.9400 x 103
54.8673

2

2

2.8894 x 103
3.3328

2

2

41797 x 10°
243.0664

2

2

3.2176 x 10°
13.1537

2

2

3.2542 x 103
44.9222

4

3

3.6235 x 103
141.2209

2

8.2303 x 10°
7.8402 x 103
2

3

2.7205 x 103
275.2623

3

2

2.3013 x 103
267.3135

4

9

4.4220 x 10°
3.6092 x 10°
1

3

8.6846 x 103
1.2156 x 10%
1

2

2.6332 x 10°
197.1188

6

9

2.4984 x 10°
53.1524

4

9

4.6606 x 10°
2.2430 x 103
3

9

3.1894 x 103
132.9379

8

9

3.2202 x 10°
80.0755

7

6

2.9049 x 103
18.7560

3

4

5.5710 x 103
1.9679 x 103
3

10

3.4439 x 103
152.0413

3

9

3.2487 x 103
68.0805

3

5

4.1520 x 10°
263.9384

3

8.8764 x 107
6.5837 x 107
11

10

4.4596 x 10°
280.0111

11

3

2.9705 x 10°
184.0000

11

3

2.0775 x 107
9.4493 x 10°
11

10

7.6685 x 107
54216 x 107
8

11

3.2185 x 10°
128.3229

11

2

2.6286 x 10°
18.2224

9

2

6.4209 x 10°
1.7412 x 103
8

5

3.2052 x 10°
63.8502

9

4

3.3925 x 10°
68.9490

9

3

3.8040 x 103
246.8686

10

10

8.4065 x 10°
612.5739

9

3

3.8265 x 10°
142.4332

10

8

5.0577 x 103
456.2352

10

10

5.6864 x 10°
284.6051

11

1.8236 x 10%
7.3840 x 10°
4

2

3.4386 x 10°
327.5936

6

5

2.4919 x 10°
253.2525

7

7

8.5810 x 10°
6.2412 x 10°
5

4

1.3620 x 10°
8.6878 x 10°
5

5

2.5171 x 10°
135.1220

3

3

2.5297 x 10°
56.8484

7

10

5.4137 x 103
24725 x 10°
6

10

3.0209 x 10°
91.7700

6

8

3.2724 x 10°
101.4932

8

9

3.0133 x 10°
40.1518

5

5

6.9086 x 103
1.5616 x 10°
5

9

3.4751 x 10°
120.9425

4

7

3.3951 x 10°
61.7186

5

4

49292 x 10°
540.1071

8

2.8433 x 10*
1.4831 x 10*
5

5

2.9698 x 103
309.4064

4

4

2.3742 x 103
178.6562

5

2

3.2210 x 10°
3.5500 x 10°
2

2

1.1956 x 10°
1.3198 x 106
6

6

2.5370 x 103
112.7754

4

1

2.5245 x 103
90.8049

6

11

52172 x 103
1.5319 x 103
5

3

2.9882 x 103
65.0483

5

5

3.1801 x 10°
81.6440

5

8

3.2194 x 10°
184.3722

7

9

7.2650 x 103
1.2785 x 103
6

6

3.3697 x 10°
82.2183

7

5

3.9441 x 10°
400.3160

8

8

4.6252 x 10°
4324219

5

5.8400 x 10*
4.0239 x 10*
6

6

3.5823 x 103
466.9579

8

8

2.8342 x 103
438.4304

9

10

3.8463 x 10°
3.3726 x 10°
3

1

5.8754 x 10°
2.8256 x 10°
4

4

2.9798 x 103
324.5267

9

11

2.6726 x 103
52.6911

11

8

7.2538 x 10°
1.5679 x 10°
10

4

3.5847 x 10°
225.4629

11

11

3.7165 x 103
127.3600

11

10

2.9263 x 103
18.1506

4

3

1.0226 x 10*
3.2911 x 103
11

11

4.0144 x 10°
399.3626

11

11

3.2430 x 103
27.7652

2

2

5.1534 x 103
434.2850

9

3.5742 x 10°
6.9893 x 10°
8

8

3.8034 x 103
447.7405

9

7

2.5426 x 103
233.6204

8

5

2.7129 x 108
3.3773 x 10°
9

8

9.1652 x 10°
9.0222 x 108
9

8

2.7705 x 103
180.2825

8

6

2.5951 x 10°
46.6017

8

6

5.7632 x 103
2.2063 x 10°
7

8

3.0568 x 103
61.8776

7

3

3.2149 x 103
76.6819

6

5

3.3486 x 10°
142.8886

9

7

7.4389 x 10°
1.2311 x 10°
8

5

34112 x 103
73.3343

8

4

4.1426 x 10°
302.7653

9

7

4.9158 x 10°
536.6100

7

7.2708 x 10%
6.6455 x 10%
7

7

35124 x 10°
483.9221

7

9

2.4240 x 103
2442975

6

6

2.3609 x 10°
2.3498 x 10°
7

7

3.4817 x 10°
2.5023 x 10°
7

7

2.6457 x 10°
141.9171

7

4

2.5002 x 10°
422518

5

5

39129 x 10°
1.3264 x 10°
1

2

2.9859 x 10°
86.1339

4

7

3.1112 x 103
71.4338

4

4

3.0422 x 10°
48.4488

6

6

7.2883 x 103
1.4248 x 10°
7

8

3.3669 x 10°
117.3005

6

6

3.5191 x 10°
125.9934

6

6

46783 x 10°
351.9617

6

3.4047 x 107
9.3168 x 107
10

11

42672 x 10°
760.3301

10

11

29673 x 10°
805.5215

10

11

1.0348 x 107
2.1933 x 107
10

11

2.9661 x 107
4.9498 x 107
11

10

2.9944 x 10°
188.6167

10

8

2.6583 x 10°
49.2001

10

7

8.1646 x 10°
1.2964 x 10°
11

1

3.3484 x 10°
148.3072

10

10

3.4869 x 10°
170.4763

10

11

5.0287 x 103
642.9500

11

11

1.0080 x 10*
1.3310 x 10°
10

7

3.7309 x 10°
294.8433

9

10

6.4303 x 103
798.0094

11

11

5.5298 x 103
728.0358

10

9.2828 x 10°
2.0644 x 107
9

9

3.0089 x 10°
342.8465

5

6

22952 x 103
265.9545

3

8

2.6813 x 108
3.4989 x 10°
8

9

1.4250 x 107
2.8057 x 107
10

9

2.6098 x 103
260.2995

5

10

2.4908 x 10°
40.2284

3

4

4.9606 x 10°
1.8271 x 103
4

6

2.8967 x 103
66.6771

3

6

3.0792 x 10°
80.7663

3

7

3.2372 x 10°
159.9487

8

8

6.0151 x 103
730.8054

4

4

3.3510 x 10°
69.9031

5

3

3.8858 x 10°
402.7795

7

9

4.2632 x 10°
270.9924

4

(continued on next page)

6.0627 x 10°
5.7827 x 103
1

1

2.2688 x 103
258.7014

1

1

1.8934 x 10°
98.8241

1

1

7.8872 x 10°
9.6459 x 10°
4

5

1.1502 x 10*
8.5481 x 103
2

1

2.2729 x 103
154.4483

1

5

2.3421 x 10°
14.3356

1

1

4.1700 x 10°
1.9959 x 10°
2

7

2.6985 x 10°
15.6807

1

1

2.8655 x 10°
14.8320

1

1

2.8874 x 103
0.9557

1

1

41228 x 10°
125.4679

1

1

3.2171 x 103
8.5884

1

1

3.2229 x 103
22.2009

1

1

3.5863 x 103
166.1460

1
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Appendix A.3
RN
< X x Table A3 shows the simulation calculation results of 131 wells
o wn . . . . .
g gu in the water injection system in the case study.
— [N}
Olaadm— —
0~
o o
o Table A3
- g Simulation calculation results of 131 wells.
R —
—_ » ater injection easure alculate solute elative
Svg:wm Water injecti M d Calculated Absol Relati
well number pressure, MPa  pressure, MPa  error, MPa  error, %
o w© 1 13.6 13.589 0.011 0.081
=2 2 13.2 13.589 -0.389 2.947
X X
3 135 13.589 -0.089 0.659
O O
< ®F 4 13.6 13.588 0.012 0.088
Qe ¥ = 5 13.3 13.588 ~0.288 2.165
SJ RERERERaRS : : - :
6 13.4 13.587 -0.187 1.396
7 13.6 13.728 -0.128 0.941
RS 8 13.6 13.728 —-0.128 0.941
X X 9 134 13.728 -0.328 2.448
g 10 135 13.728 -0.228 1.689
o 88 11 13,5 13.728 -0.228 1.689
SlonNa~~ 12 13.3 13.649 ~0.349 2.624
13 13.3 13.649 ~0.349 2.624
s 14 13.4 13.649 —0.249 1.858
= 15 13.2 13.649 —0.449 3.402
ol 16 133 13.636 -0.336 2,526
Q SIS 17 13.3 13.636 -0.336 2526
Eloddoo 18 135 13.636 -0.136 1.007
19 13.2 13.636 -0.436 3.303
. o 20 13.4 13.679 —0.279 2.082
S o 21 13.6 13.678 -0.078 0.574
X X 22 13.4 13.679 -0.279 2.082
b ol 23 13.4 13.760 -0.360 2.687
3 =% 24 133 13.760 —0.460 3.459
Oleon =<« 25 13.4 13.635 -0.235 1.754
26 13.3 13.634 ~0.334 2511
e 27 13.2 13.619 -0.419 3.174
- = 28 13.6 13.619 ~0.019 0.140
A 29 13.3 13.619 ~0319 2398
< s 30 13.2 13.628 -0.428 3.242
< I I 31 13.3 13.635 -0335 2.519
32 13.6 13.635 -0.035 0.257
o 33 135 13.760 ~0.260 1.926
°° 34 13.4 13.759 —0.359 2.679
X X 35 13.6 13.636 ~0.036 0.265
22 36 13.4 13.636 -0.236 1.761
O o
olah 8 37 13.3 13.589 —0.289 2173
I|2-Roo 38 13.6 13.679 —-0.079 0.581
39 13.2 13.679 ~0.479 3.629
N 40 13.3 13.589 -0.289 2173
s 41 13.6 13.635 -0.035 0.257
~ o 42 135 13.834 ~0.334 2474
o &2 43 13.3 13.776 ~0.476 3.579
SlnCReg 44 134 13.728 ~0328 2.448
45 13.3 13.699 ~0.399 3.000
. < 46 13.2 13.661 —0.461 3.492
ee 47 133 13.629 —-0.329 2.474
X X 48 13.6 13.624 ~0.024 0.176
N 49 135 13.629 ~0.129 0.956
2| a4 50 134 13.629 0229 1.709
N IRUR R 51 13.4 13.622 —0.222 1.657
52 13.3 13.623 -0.323 2429
5 53 13.4 13.626 -0.226 1.687
T 54 135 13.615 -0.115 0.852
55 13.6 13.606 ~0.006 0.044
n un
2 g9 56 13.6 13.598 0.002 0.015
ST F 57 13.4 13.593 -0.193 1.440
. 58 13.4 13.588 -0.188 1.403
S x 59 135 13.588 -0.088 0.652
g x g 60 135 13.588 -0.088 0.652
£ £ g¢C 61 13.4 13.591 —-0.191 1.425
S 2LEel 62 13.3 13.631 -0.331 2.489
g 63 135 13.755 ~0.255 1.889
9 o 64 13.3 13.834 -0.534 4,015
E | <X 65 13.6 13.872 —-0.272 2.000
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Table A3 (continued )

Water injection Measured Calculated Absolute Relative
well number pressure, MPa pressure, MPa error, MPa  error, %
66 13.6 13.803 —0.203 1.493
67 134 13.721 -0.321 2.396
68 13.6 13.663 —0.063 0.463
69 134 13.639 -0.239 1.784
70 13.1 13.623 -0.523 3.992
71 13.5 13.721 -0.221 1.637
72 13.6 13.721 -0.121 0.890
73 134 13.721 -0.321 2.396
74 135 13.595 —0.095 0.704
75 134 13.596 -0.196 1.463
76 135 13.595 —0.095 0.704
77 133 13.595 -0.295 2218
78 13.3 13.595 -0.295 2.218
79 134 13.634 -0.234 1.746
80 13.2 13.698 —0.498 3.773
81 133 13.698 -0.398 2.992
82 134 13.698 —0.298 2.224
83 13.6 13.698 —0.098 0.721
84 133 13.698 -0.398 2.992
85 129 12.365 0.535 4147
86 129 12.365 0.535 4.147
87 12.9 12.364 0.536 4.155
88 129 12.364 0.536 4.155
89 129 12.364 0.536 4.155
90 129 12.364 0.536 4.155
91 133 13.305 —0.005 0.038
92 13.5 13.305 0.195 1.444
93 13.2 13.305 -0.105 0.795
94 13.2 13.305 -0.105 0.795
95 133 13.305 —0.005 0.038
96 13.1 13.305 —0.205 1.565
97 133 13.305 —-0.005 0.038
98 133 13.602 -0.302 2.271
99 134 13.611 -0.211 1.575
100 134 13.634 -0.234 1.746
101 133 13.628 -0.328 2.466
102 13.2 13.641 —0.441 3.341
103 134 13.677 -0.277 2.067
104 133 13.706 —0.406 3.053
105 13.2 13.580 -0.380 2.879
106 135 13.580 —0.080 0.593
107 13.6 13.582 0.018 0.132
108 134 13.585 -0.185 1.381
109 134 13.592 -0.192 1.433
110 13.2 13.602 —0.402 3.045
111 13.1 13.305 —0.205 1.565
112 13.1 13.059 0.041 0.313
113 12.9 12.832 0.068 0.527
114 12.9 12.686 0.214 1.659
115 129 12.626 0.274 2.124
116 12.9 12.551 0.349 2.705
117 129 12.502 0.398 3.085
118 12.8 12.465 0.335 2.617
119 12.7 12.438 0.262 2.063
120 13.0 12.417 0.583 4.485
121 12.9 12.392 0.508 3.938
122 12.8 12.376 0.424 3.313
123 13.0 12.375 0.625 4.808
124 131 12.749 0.351 2.679
125 13.1 12.750 0.350 2.672
126 13.2 12.752 0.448 3.394
127 13.1 12.756 0.344 2.626
128 13.1 12.760 0.340 2.595
129 13.2 12.770 0.430 3.258
130 133 12.781 0.519 3.902
131 13.1 12.809 0.291 2.221
Mean value 13.490 13.450 -0.110 2.055
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