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ABSTRACT
Intelligent segmented water control technology is

crucial for bottom water reservoir horizontal wells,
with control parameters determining application
effectiveness. This paper proposes a sustainability
oriented optimization method integrating Particle
Swarm Optimization (PSO) with reservoir simulation.
A unified objective function embedding effective
production period as an amplification factor was
established, with control timing (𝜏) and magnitude (𝛼)
as decision variables. Three schemes were compared:
base case, conventional optimization (maximizing 𝑁𝑝),
and sustainability oriented optimization (maximizing
𝐹 with 𝛽=0.5). Case study shows the sustainability
approach achieved optimal parameters 𝜏∗=52.9%
and 𝛼∗=56.8%, yielding cumulative production of
44.40×104 m3 and extending effective production
period to 1.80 years—a 28.6% improvement over
base case despite only 2.2% production sacrifice
compared to conventional optimization (45.38×104
m3, 1.47 years). The proposed method demonstrates
that early intervention (𝜏=50–60%) proves more
effective than late‐stage control (𝜏>75%), reducing
high‐permeability segment contribution from 39.5% to
27.0% and achieving balanced reservoir exploitation.
This framework provides quantitative decision support
for sustainable horizontal well development in bottom
water reservoirs.

Keywords: bottom water reservoir; horizontal well;
intelligent completion; particle swarm optimization;
sustainability optimization; effective production period

NOMENCLATURE

Abbreviations
ICV Inflow Control Valve
LHS Latin Hypercube Sampling
PSO Particle Swarm Optimization
Symbols
𝛼 Control magnitude
𝜏 Control timing (water cut threshold)
𝑁𝑝 Cumulative oil production [104m3]
𝑛 Number of well segments
𝑞𝑖(𝑡) Liquid production rate of segment 𝑖

[m3/d]
𝑓𝑤,𝑖(𝑡) Water cut of segment 𝑖
𝑇 Evaluation period [year]
𝑇𝑠 Effective production period [year]
𝛽 Time weight coefficient
𝑄𝑡 Total liquid production rate [m3/d]
𝑝𝑤𝑓 Bottom‐hole flowing pressure [MPa]
𝑞𝑏𝑘(𝑡) Baseline liquid rate of segment 𝑘 [m3/d]
X𝑠 Position vector of particle 𝑠
V𝑠 Velocity vector of particle 𝑠
𝑁 Population size
𝑤 Inertia weight
p𝑠 Personal best position of particle 𝑠
g Global best position
𝑐1, 𝑐2 Acceleration coefficients
𝑇max Maximum iterations
𝐿 Stagnation threshold
𝑀 Number of perturbed particles
𝜀 Perturbation scale factor
𝜉 Cauchy random variable
𝐽 Fitness function
Φ Constraint violation degree
𝜆 Penalty coefficient
𝑔𝑗 Violation of constraint 𝑗
𝑤𝑗 Weight for constraint 𝑗
𝑚 Number of constraints
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1. INTRODUCTION
Bottom‐water reservoirs are significant development

targets due to abundant reserves and strong natural
energy, with horizontal wells as the dominant approach
for their extensive drainage area and high productivity
(Joshi, 1991; Yeten et al., 2003). However, reservoir
heterogeneity causes preferential bottom‐water
coning through high‐permeability zones (Papatzacos
et al., 1991), leading to rapid water cut escalation
and shortened effective production periods. This
non‐uniform drainage accelerates water breakthrough
in high‐permeability segments while under‐exploiting
low‐permeability zones, resulting in premature well
abandonment despite substantial remaining reserves
(Ozkan & Raghavan, 1991). As the petroleum industry
emphasizes sustainability, extending well economic life
has become critical (Li et al., 2025).

Intelligent segmented water control technology
partitions horizontal wells into independently regulated
compartments using inflow control valves (ICVs),
enabling dynamic production adjustment (Brouwer
et al., 2004; Liu et al., 2020). This technology
encompasses model‐based optimization (Jansen et al.,
2008), autonomous device design (Zhou et al., 2020),
and field applications (Liao et al., 2025).

Existing optimization research targets oil
production maximization through three strategies:
adjoint methods achieving efficient optimization via
gradient information but requiring differentiability
(Sarma et al., 2005; Jansen, 2011); proxy models
including response surfaces and neural networks
reducing computational costs but facing error
accumulation (Chen et al., 2009; Kim et al., 2021;
Zhao et al., 2022; Zubarev, 2009); and derivative‐free
approaches such as PSO and genetic algorithms coupled
with reservoir simulation, avoiding proxy uncertainties
at higher computational expense (Sefat et al., 2016;
Isebor et al., 2014; Bellout et al., 2024). Multi‐objective
frameworks considering both production and water cut
require subjective Pareto frontier selection (Farahi et
al., 2022; Deb et al., 2002).

However, single‐objective optimization targeting
cumulative production may bias parameters toward
delayed intervention with high‐intensity restrictions,
negatively impacting effective production periods.
Multi‐objective approaches introduce subjective
selection and computational complexity. Existing
methods lack systematic long‐term versus short‐term
trade‐off consideration (van Essen et al., 2011).

This paper proposes a methodology embedding
effective production period into the objective function
as an amplification factor, transforming production and
lifecycle into synergistic objectives. The framework
integrates PSO with reservoir simulation, bypassing
proxy model uncertainties. The primary contributions

include: (1) A stable‐production‐oriented unified
objective function; (2) A direct PSO‐reservoir simulation
integration framework; (3) Quantitative demonstration
that the proposedmethod extends effective production
periods with minimal cumulative oil reduction. Section
2 presents the optimization model; Section 3 details
case study results; Section 4 concludes with key
findings.

2. OPTIMIZATION MODEL AND METHOD
2.1 Problem Description

Bottom‐water reservoir development is challenged
by early water breakthrough caused by bottom‐water
coning. Reservoir heterogeneity leads to preferential
water production in high‐permeability zones, resulting
in rapid water cut increase and shortened effective
production periods. Consequently, wells may be
abandoned prematurely, causing resource waste.
Intelligent zonal water‐control technology dynamically
adjusts liquid production of each segment through
inflow control valves (ICVs), suppressing bottom‐water
coning and extending effective production periods.
However, most existing optimization methods focus on
maximizing cumulative oil production while neglecting
production life. This study proposes a sustainability
oriented optimization objective that extends well
economic life while maintaining production.

The key lies in determining two control parameters:
control timing 𝜏 (water‐cut threshold triggering
regulation) and control magnitude 𝛼 (production
restriction ratio for high‐water‐cut zones). An
optimization model is established with an objective
function balancing production and production period.
2.2 Optimization Model

2.2.1 Objective Function

Conventional optimization takes the maximization
of cumulative oil production as the objective:

max𝑁𝑝 = න
𝑇

0

𝑛

෍
𝑖=1

𝑞𝑖(𝑡)[1 − 𝑓𝑤,𝑖(𝑡)]𝑑𝑡 (1)

To balance production performance and the
production life cycle, a sustainability oriented objective
function is proposed:

max𝐹 = 𝑁𝑝 × ቆ1 + 𝛽 ⋅ 𝑇𝑠𝑇 ቇ (2)

2.2.2 Decision Variables and Constraints

The decision variables are defined as 𝑋 = (𝜏, 𝛼).
When the water cut 𝑓𝑤,𝑘 of the 𝑘‐th interval (high
water‐cut interval) reaches 𝜏, the control time 𝑡∗ is
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determined, and the liquid production rate of this
interval is adjusted as:

𝑞𝑘(𝑡) = 𝑞𝑏𝑘(𝑡) × (1 − 𝛼), 𝑡 ≥ 𝑡∗ (3)

The constraints are given as follows:
𝑛

෍
𝑖=1

𝑞𝑖(𝑡) = 𝑄𝑡 (4)

𝑝𝑤𝑓,min ≤ 𝑝𝑤𝑓(𝑡) ≤ 𝑝𝑤𝑓,max (5)
𝜏 ∈ [0, 1], 𝛼 ∈ [0, 1] (6)

2.3 Particle Swarm Optimization Algorithm

2.3.1 Algorithm Design

In response to the decision‐making requirements
for segmented water control in bottom water
reservoirs, each particle represents a specific control
scheme. The position vector is defined as:

𝑋𝑠 = (𝜏𝑠, 𝛼𝑠), 𝑠 = 1, 2, … , 𝑁 (7)

Each particle possesses a velocity vector 𝑉𝑠 =
(𝑣𝜏,𝑠, 𝑣𝛼,𝑠), which represents the particle’s search speed
and direction within the two‐dimensional decision
space.

To ensure a uniform distribution of initial solutions
throughout the search space, the initial population is
generated using Latin Hypercube Sampling (LHS):

LHS𝑖,𝑗 =
𝜋𝑗(𝑖) − 𝑟𝑖,𝑗

𝑁 (8)

The update equations for the velocity and position
of the particles are defined as follows:

V(𝑡+1)𝑠 = 𝑤(𝑡)V(𝑡)𝑠 +𝑐1r1⊙(p(𝑡)𝑠 −X(𝑡)𝑠 )+𝑐2r2⊙(g(𝑡)−X(𝑡)𝑠 )
(9)

X(𝑡+1)𝑠 = X(𝑡)𝑠 + V(𝑡+1)𝑠 (10)
A linear decreasing strategy is adopted for the

inertia weight:

𝑤(𝑡) = 𝑤max −
𝑤max −𝑤min

𝑇max
⋅ 𝑡 (11)

To enhance search capability, when no
improvement is detected for 𝐿 consecutive iterations, a
Cauchy perturbation is applied to the 𝑀 particles with
the lowest fitness:

X(𝑡+1)𝑠 = X(𝑡)𝑠 + 𝜀 ⋅ 𝜉, 𝜉 ∼ Cauchy(0, I) (12)

2.3.2 Fitness Function

To account for production constraints, an
augmented objective function is constructed:

𝐽(X) = 𝐹(𝜏, 𝛼) − 𝜆 ⋅ Φ(𝜏, 𝛼) (13)

The degree of constraint violation is calculated as:

Φ(𝜏, 𝛼) =
𝑚

෍
𝑗=1

𝑤𝑗 ⋅max(0, 𝑔𝑗)2 (14)

2.3.3 Optimization Procedure

The optimization workflow is outlined in Algorithm
1. The population is initialized using Latin Hypercube
Sampling (LHS), then iteratively performs fitness
evaluation, particle updates, and stagnation detection
until termination criteria are met.
Algorithm 1: Intelligent Water Control Optimization
Based on PSO
Input: Reservoir model ℳ, population size 𝑁, max
iterations 𝑇max, stagnation threshold 𝐿, tolerance 𝜖
Output: Optimal control parameters (𝜏∗, 𝛼∗)

1: Generate initial population {X𝑠} using LHS
2: Initialize velocities {V𝑠}
3: for each particle 𝑠 = 1 to 𝑁 do
4: Run simulationℳ(X𝑠)
5: Calculate objective function 𝐽(X𝑠) via Eq. (13)
6: Initialize p𝑠 ← X𝑠
7: end for
8: Determine global best g ← argmax 𝐽(X𝑠)
9: for 𝑡 = 1 to 𝑇max do

10: for each particle 𝑠 = 1 to 𝑁 do
11: Update velocity V𝑠 via Eq. (9)
12: Update position X𝑠 via Eq. (10)
13: Boundary handling for X𝑠
14: Run simulationℳ(X𝑠) and calculate 𝐽(X𝑠)
15: if 𝐽(X𝑠) > 𝐽(p𝑠) then
16: p𝑠 ← X𝑠
17: end if
18: end for
19: ifmax 𝐽(X𝑠) > 𝐽(g) then
20: g ← argmax 𝐽(X𝑠)
21: 𝑘 ← 0
22: else
23: 𝑘 ← 𝑘 + 1
24: end if
25: if 𝑘 ≥ 𝐿 then
26: Apply Cauchy perturbation to worst particles

via Eq. (12)
27: 𝑘 ← 0
28: end if
29: if |𝐽(g(𝑡)) − 𝐽(g(𝑡−1))| < 𝜖 then
30: break
31: end if
32: end for
33: return (𝜏∗, 𝛼∗) ← g

The proposed algorithm is designed to support
parallel computing. Specifically, the numerical
simulation tasks for multiple particles (Line 14) can
be executed concurrently, which significantly improves
computational efficiency. The complete optimization
workflow is illustrated in Fig. 1.
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Fig. 1 Workflow of PSO‐based optimization for segmented water control parameters

3. CASE STUDY
3.1 Reservoir Description

The B reservoir in the X oilfield is a typical marine
sandstone bottom‐water reservoir with formation
pressure of 17.1 MPa and crude oil viscosity of 12
mPa∙s. The average porosity is 29% and permeability is
1500 mD. The target horizontal well H has a horizontal
section of 1000 m with 10 m vertical standoff from the
oil‐water contact, produced at a constant liquid rate of
1500 m3/d.

The horizontal section is divided into three
segments: Segment 1 (400 m, 1200 mD), Segment 2
(400 m, 1400 mD), and Segment 3 (200 m, 2500 mD).
The high‐permeability Segment 3 becomes the primary
channel for bottom‐water coning.

After two years of production without control
measures, Segment 3, comprising only 20% of the well
length, contributes 41.2%of total liquid productionwith
water cut reaching 85%, indicating severe production
imbalance. The numerical model uses a 106 × 57 × 30
grid system.
3.2 Scheme Design

To evaluate the proposed method, three
comparative schemes are designed:

Scheme 0 (Base case): All ICVs remain fully open
with total liquid rate of 1500 m3/d over a evaluation
period. This serves as the baseline representing
conventional development without control measures.

Scheme 1 (Conventional optimization): The
conventional objective function maximizing cumulative
oil production (Eq. 1) is adopted, with control timing 𝜏

and control magnitude 𝛼 optimized using PSO.
Scheme 2 (Sustainability‐oriented optimization):

The proposed objective function (Eq. 2) with
time‐weighting coefficient 𝛽 = 0.5 is employed, with 𝜏
and 𝛼 optimized using PSO. The value of 𝛽 = 0.5 assigns
equal weight to cumulative production and effective
production period.

For both optimization schemes, the decision
variable ranges are: 𝜏 ∈ [15%, 95%] and 𝛼 ∈ [10%,
90%]. The effective production period is defined as the
production stage when overall water cut remains below
80%.

The PSO algorithm parameters are: population size
𝑁 = 10, maximum iterations 𝑇max = 50, inertia weight
linearly decreasing from 0.9 to 0.4, and acceleration
coefficients 𝑐1 = 𝑐2 = 2.0. The initial population
is generated using Latin Hypercube Sampling (LHS)
to ensure uniform coverage of the search space.
Simulation tasks are executed in batch parallel mode
through real‐time coupling between the optimizer and
reservoir simulator.
3.3 Results Analysis

3.3.1 PSO Convergence Analysis

Particle swarm optimization (PSO) was applied
to both the conventional and sustainability‐oriented
optimization schemes. The convergence characteristics
of the PSO algorithm under the two objective functions
are presented in Fig. 2.
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Fig. 2 PSO convergence curves
The conventional and sustainability‐oriented

optimization approaches converge to their respective
optima at the 29th and 23rd iterations. During
the early stages of iteration, the conventional
optimization rapidly moves toward regions of high
cumulative oil production (𝜏 > 70%). In contrast,
the sustainability‐oriented optimization conducts
more extensive exploration within the intermediate
region (50% ≤ 𝜏 ≤ 70%), ultimately identifying an
optimal balance between oil production and effective
production performance.
3.3.2 Comparison of Optimization Schemes

Table 1 compares the production performance of
three schemes: base case, conventional optimization
(cumulative oil maximization), and sustainability
oriented optimization (Eq. 2, 𝛽 = 0.5).

Table 1 Production performance comparison
Scheme 𝜏/𝛼(%) 𝑁𝑝(104m3) 𝑇𝑠(yr) Ext.(%) 𝐹
Scheme 0 – 39.94 1.40 – 45.52
Scheme 1 78.6/54.3 45.38 1.47 +5.0 52.06
Scheme 2 52.9/56.8 44.40 1.80 +28.6 52.38

Scheme 1 yields the highest cumulative oil
production of 45.38 × 104 m3, with 𝜏∗ = 78.6% and
𝛼∗ = 54.3%. Although the sustainability‐oriented
optimization results in a marginal reduction in
cumulative oil production, it significantly extends
the effective production period to 1.80 years. The
distinct optimization objectives lead to pronounced
differences in regulation timing. The conventional
optimization strategy initiates control measures only
at high water‐cut stages to maximize early‐time oil
production. In contrast, the sustainable optimization
strategy applies regulation at the intermediate
water‐cut stage, thereby achieving a more favorable
balance between cumulative production and effective
production duration. The improvement in effective
production period differs by 23.6% between the two
approaches.

Figure 3 illustrates the production dynamics of the
three schemes over the evaluation period.

Fig. 3 Comparison of results under different schemes
Fig. 3(a) shows that the sustainability oriented

optimization delays the 80% water‐cut point to 1.80
years, compared with 1.47 years for the conventional
optimization. Fig. 3(b) indicates that this improvement
is achieved with only a 2.2% reduction in cumulative oil
production.
3.3.3 Control Mechanism Analysis

Reservoir heterogeneity causes uneven production
in bottom‐water horizontal wells. In the base case,
Segment 3 with high permeability accounts for only
20% of well length but contributes 39.5% of liquid
production, indicating severe profile imbalance.

Sustainability‐oriented optimization reduces
high‐permeability segment contribution from 39.5%
to 27.0%, approaching the ideal 20%. Conventional
optimization achieves similar distribution, yet effective
production periods differ significantly.

This difference arises from rebalancing timing.
Control at 𝜏 > 75% occurs after water channeling
pathways form, limiting improvement. The optimal
window at 𝜏 = 50–60% delays bottom‐water
coning while allowing low‐permeability segments
to compensate. When targeting profile balancing,
extendedproductionperiod, and low‐permeability zone
recovery, control timing ismore critical thanmagnitude.
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4. CONCLUSIONS
A sustainability‐oriented optimization framework

for intelligent segmentedwater control in bottom‐water
horizontal wells is established. Through integration
of the PSO algorithm with reservoir simulation, the
following conclusions are drawn:

(1) A unified objective function balancing
production and lifecycle was developed. The
sustainability‐oriented optimization (𝜏∗ = 52.9%, 𝛼∗ =
56.8%) extends the effective production period to 1.80
years (+28.6% compared with base case) with only a
2.2% reduction in cumulative oil production compared
with conventional optimization.

(2) The optimization reduces high‐permeability
segment contribution from 39.5% to 27.0%,
achieving balanced production profile and enabling
low‐permeability zones to effectively compensate.
When targeting profile balancing and extended
production period, control timing is more critical than
magnitude. Early intervention at 𝜏 = 50–60% effectively
delays bottom‐water coning, whereas late‐stage control
at 𝜏 > 75% provides limited improvement.

(3) The PSO–reservoir simulation integration
framework avoids proxy model uncertainty and enables
direct parameter optimization through batch parallel
simulation with efficient convergence.
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