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Abstract

Oil enterprises face the challenge of reconciling escalating energy conservation targets with
persistent production requirements, necessitating sophisticated electricity management
solutions. The conventional ton-per-kWh allocation approach, often manually adjusted
based on historical production and planning data, lacks a scientific basis and fails to accu-
rately identify efficiency differences or assess energy-saving potential, making it difficult to
convince participating units. To address this, we propose a dynamic spatiotemporal alloca-
tion scheme and develop a multi-objective optimization model that integrates electricity
efficiency, operational stability, and production priority. The model incorporates nonlinear
efficiency terms, stability components, and priority-weighted items, with constraints in-
cluding total balance, monthly adjustment limits, and key area protection. Central to the
efficiency term is the accurate prediction of liquid production from electricity consumption.
We decompose electricity use into three components—core production electricity, auxiliary
production electricity, and product transportation electricity—and derive their propor-
tional coefficients through regression of historical data, enabling high-precision liquid
production prediction via machine learning using the Light Gradient Boosting Machine
(LGBM). The resulting constrained optimization problem is solved using the Sequential
Least Squares Programming (SLSQP) algorithm. Validation using both simulated data
and Daqing Oilfield field data demonstrates that the scheme effectively achieves electricity
reduction targets while significantly mitigating associated liquid production loss, reducing
it by 18.0% in simulated experiments and 32.5% in field validation compared to the conven-
tional ton-per-kWh method. This offers a scientific and adaptive electricity management
framework that supports refined energy control and facilitates the petroleum industry’s
green and low-carbon transformation.

Keywords: spatiotemporal allocation; electricity consumption decomposition; multiobjective
optimization; machine learning; liquid production; carbon reduction

1. Introduction

The global energy landscape is undergoing a profound transition toward green and
low-carbon sustainability, driven by escalating environmental concerns and stringent policy
regulations [1-3]. As one of the most energy-intensive industries, the petroleum sector
faces an unprecedented dual challenge: reconciling aggressive energy conservation and
carbon emission reduction targets with the imperative of maintaining stable production op-
erations [4-6]. Electricity consumption allocation, a core component of oilfield production
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management, directly determines the efficiency of energy utilization and the sustainability
of the production system. Scientific and rational electricity allocation not only minimizes
energy waste and carbon footprints but also ensures the smooth operation of critical
production processes, making it a pivotal issue for the petroleum industry’s low-carbon
transformation [7-10].

Traditional electricity allocation methods, most notably the ton-per-kWh approach,
have been widely adopted in oilfield operations due to their operational simplicity and low
implementation costs. This method distributes electricity indicators proportionally based
on historical production data and planned output, achieving basic coordination between
energy use and production in some scenarios [11]. However, its inherent limitations have
become increasingly prominent in the context of refined energy management. By assuming
uniform energy efficiency across all production units, the ton-per-kWh method ignores
the significant heterogeneity of reservoir conditions, development stages, and operational
efficiency among different areas. This leads to unreasonable electricity reduction tasks
for high-efficiency units and insufficient constraints on low-efficiency ones, resulting in
suboptimal overall energy utilization and reduced acceptance of allocation schemes by
the production unit. Additionally, its heavy reliance on manual experience for parameter
adjustment renders it unable to dynamically respond to real-time production changes,
further limiting its adaptability to modern oilfield management needs [12].

To address these shortcomings, researchers have developed improved approaches
centered on “reasonable energy consumption”, which integrate reservoir characteristics
and production dynamics to enhance allocation scientificity [13]. These methods leverage
reservoir numerical simulation [14,15], mathematical statistical analysis [16,17], and system
optimization techniques to calculate the theoretical energy demand of each production
unit [18-20]. For instance, Bai et al. [21] established an energy consumption optimization
model for the injection-reservoir-production integrated system in high-water-cut reser-
voirs, while Dong et al. [22] applied fuzzy logic to identify key factors influencing energy
consumption in water injection systems. Despite their enhanced scientific rigor, these
reservoir-oriented methods face practical barriers: they require extensive foundational data
(including detailed geological parameters and real-time production dynamics), involve
complex computational processes, and rely heavily on professional technical personnel.
Moreover, their high sensitivity to data quality limits their promotion in oilfields with inad-
equate data support, and their focus on static energy demand calculation lacks dynamic
adjustment mechanisms for spatiotemporal production variations.

With the advancement of artificial intelligence and optimization algorithms, data-
driven methods have emerged as a promising new direction for industrial energy man-
agement [23]. Machine learning techniques excel at capturing nonlinear relationships
between energy consumption and production output, providing high-precision prediction
support for electricity allocation. Algorithms such as LGBM have been widely applied
in energy prediction due to their efficiency and accuracy, offering data-driven bases for
energy allocation in oilfields [24], and recent reviews highlight the growing role of machine
learning in the oil and gas industry [25,26]. Meanwhile, multi-objective optimization al-
gorithms have been integrated to balance conflicting goals such as energy conservation,
production stability, and operational efficiency. However, existing research rarely integrates
electricity consumption decomposition, production prediction, and multi-objective opti-
mization into a unified framework. Most studies focus on single-objective optimization or
lack sufficient field validation, leading to a persistent gap between theoretical models and
practical application.

To bridge these research gaps, this study proposes a dynamic spatiotemporal electricity
allocation method for high-energy-consuming industries, integrating electricity consump-
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tion decomposition, machine learning prediction, and multi-objective optimization. The
core objectives of this research are to: (1) develop a multi-objective optimization model that
systematically balances electricity utilization efficiency, operational stability, and produc-
tion priority; (2) establish a high-precision production prediction model by decomposing
total electricity consumption into functional components (core production, auxiliary pro-
duction, and product transportation) and leveraging machine learning; (3) validate the
proposed method through both simulated data and field data from Daqing Oilfield to
ensure its practical applicability.

The proposed method abandons over-reliance on complex reservoir parameters and
manual experience, relying instead on universal production and electricity consumption
data that are readily available in industrial settings. This ensures low data requirements
and strong operability, making it suitable for widespread promotion. Comprehensive vali-
dation results demonstrate that the method can achieve scientific and reasonable electricity
allocation while minimizing production loss, providing a practical and scalable solution
for refined energy management in oilfields and other high-energy-consuming industries.
Ultimately, this research aims to support the petroleum sector’s transition toward greener
and more sustainable operations, aligning with global low-carbon development goals.

2. Materials and Methods
2.1. Owverall Framework and Problem Description

To address the limitations of traditional electricity allocation methods and bridge the
gap between theoretical models and practical application, this study proposes a systematic
spatiotemporal electricity allocation framework for high-energy-consuming industries. The
framework integrates three core modules—data collection and preprocessing, electricity
consumption decomposition and production prediction, and multi-objective spatiotemporal
optimization—forming a closed-loop decision-making process from data input to allocation
output. Figure 1 illustrates the overall workflow, which is designed to achieve scientific
electricity allocation with low data requirements, high operability, and strong adaptability
to industrial scenarios.

Phase 1: Data Collection Phase 2: Electricity Phase 3: Machine Learning
&Preprocessing Consumption L, Production Prediction
Decomposition
Electricity Production Artificial Water Gathering Model Model Model
Data Data Lift Injection | &Transport Training  Validation ~Comparison
Phase 4: Multi-objective Optimization Model
Abnormal Electricity Weighting

Consumption

ili iori Efficiency Term
Coefficients Stability Term Priority Term Y

Constraints: Total Balance - Monthly Limits - Key Area Protection

l

Phase 5: Implementation &
Optimized Allocation

Spatial Temporal
Allocation Allocation

Figure 1. Overall Framework Diagram of the Proposed Model.
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The key logic of the framework is as follows: First, collect and preprocess universal
production and electricity consumption data (avoiding reliance on complex geological or
technical parameters) to lay a reliable data foundation. Second, decompose total electric-
ity consumption into functional components to reveal the intrinsic relationship between
electricity use and production output, then establish a machine learning-based produc-
tion prediction model to provide high-precision input for optimization. Finally, construct
a multi-objective optimization model that balances efficiency, stability, and production
priority, and solve it using a mature optimization algorithm to generate spatiotemporal
allocation schemes for each production unit.

2.2. Data Collection and Preprocessing
2.2.1. Data Sources

Simulated data in this study were designed to isolate the impact of allocation logic,
including 3 production units with different efficiency levels and priority weights, covering a
12-month production cycle. Random noise was added to the simulated data to approximate
the variability of real-world production data.

The field data used were collected from seven units of Daqing Oilfield Production
Plant 7. In the context of oilfield enterprises, the term “unit” here specifically refers to an
“operation area”—a common operational division for production management in petroleum
engineering. Accordingly, the seven units in this study correspond to the seven operation
areas (Area 0—Area 6) of the aforementioned production plant, ensuring consistency with
the practical organizational structure of oilfield operations. A three-year observation period
(2022-2024) was adopted to conduct a comparative analysis of planned and actual electricity
consumption, and 2022 was selected as the empirical validation year due to its complete
data and typical operational characteristics.

Because the simulated data follow a linear electricity-to-production relationship by
design, the optimization efficiency term uses this linear model directly, in contrast to the
field data, where a machine learning model (LGBM) is required.

2.2.2. Data Preprocessing

To ensure the reliability of parameters for subsequent electricity consumption de-
composition, production prediction and multi-objective optimization, a targeted outlier
removal process was implemented for the proportional coefficient k (k1, k2, k3), which de-
notes the proportion of three functional components in total industrial production electricity
consumption for each production unit per month and satisfies k; + kp + k3 = 1.

Actual oilfield production data are often contaminated by outliers caused by equip-
ment failures, extreme operating conditions, and data recording errors, which can severely
distort the calibration results of k and further reduce the accuracy of subsequent analysis.
Thus, a quantile-based truncation method combined with robust statistical estimation
was adopted to clean the k values for each production unit-month group, ensuring the
derived coefficients reflect the electricity consumption structure under normal production
conditions. The specific processing steps are as follows:

(1) For the raw k value dataset of a single production unit in a single month, sort the
data in ascending order to obtain the ordered sequence k), ko), - - ., k() (Where m is the
number of raw samples for the k value in the unit-month group).

(2) Truncate the ordered sequence by removing extreme values outside the 10th to 90th
quantile interval, retaining only the valid data subset k5 = {k|Qp.1 < k < Qoo}, where Qp
and Qg9 represent the 10th and 90th quantiles of the raw k value sequence, respectively.
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(3) Calculate the median of the valid data subset k;;; as the final calibrated value k.
for the proportional coefficient of the target unit-month group. The calculation formula is
defined as Equation (1):

kUﬂlid(%)’ if tis Odd
kcal = 1 o
E (kvalid(%) + kvulid(%Jr]))/ if tis even

2.3. Electricity Consumption Decomposition and Production Prediction
2.3.1. Electricity Consumption Decomposition

Total industrial production electricity consumption (E) exhibits high complexity due to
the involvement of multiple functional links. Directly using total electricity to predict pro-
duction often leads to low accuracy. Therefore, this study decomposes E into three mutually
exclusive functional components based on industrial production processes: core production
electricity (Eq), auxiliary production electricity (E;), and product transportation electricity
(E3). Specifically, Eq corresponds to artificial lift (key power for crude oil extraction), E,
refers to water injection (auxiliary for reservoir maintenance and oil recovery), and Ej3 is
gathering-transportation (responsible for crude oil transportation). This decomposition
helps isolate the key electricity-consuming links driving production output and improves
prediction precision.

The decomposition is realized through proportional coefficient calibration. For each
production unit and month, define three proportional coefficients k1, kp, and k3 (correspond-
ing to the three electricity components), satisfying ki + kp + k3 = 1. The coefficients are
calibrated using historical data regression: for each unit-month combination, calculate the
ratio of each sub-item electricity consumption to total electricity consumption based on
historical records, then remove outliers and take the median as the final coefficient (to
ensure robustness against data fluctuations). The decomposition formulas are as follows:

E1:k1XE (2)
E2=k2><E (3)
E3:k3><E (4)

Figure 2 shows the monthly distribution of decomposition coefficients for the 7 Daqing
Oilfield production units in 2023, where E;, E;, and E3 are depicted in blue, orange, and
green, respectively. Twelve subplots arranged chronologically display the monthly varia-
tions, while the horizontal axis of each subplot corresponds to the seven operation areas
within the production plant. It can be observed that E; accounts for the largest proportion
(60-80%) across all units and months, confirming it as the key driver of production output.
This alignment between the proportional dominance of E; and its functional role as artificial
lift (the primary power source for crude oil extraction) further validates the rationality of
our electricity consumption decomposition strategy.

Additionally, the coefficients exhibit temporal (seasonal variations) and spatial (dif-
ferences between units) heterogeneity, which justifies the need for unit-specific and time-
varying coefficient calibration.
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Figure 2. The distribution of electricity consumption coefficients across different operation areas and
months during 2023.

2.3.2. Machine Learning-Based Production Prediction

To accurately quantify the nonlinear relationship between decomposed electricity
consumption and production output, the LGBM [27] algorithm is selected as the prediction
model. It is widely recognized for its high efficiency, accuracy, and ability to handle
time-series data with seasonal variations, making it suitable for industrial production
prediction scenarios.

(1) Model Input and Output

The input variables of the LGBM prediction model are designed to fully leverage
the differentiated contributions of different electricity consumption components to pro-
duction output, incorporating the decomposed three functional electricity consumption
components (core production electricity E1, auxiliary production electricity E, and product
transportation electricity Es3) as well as temporal feature of month; this variable selection
abandons the over-reliance on single total electricity consumption data and effectively
captures the intrinsic link between refined electricity utilization and production.

The unique output variable of the model is defined as the monthly liquid production of
each individual production unit, which is the core indicator to reflect the actual production
output level in oilfield daily operation and management, and the direct matching of the
output with the key production indicator ensures the model’s practical guiding significance
for subsequent electricity allocation optimization.

(2) Model Training and Evaluation

The field dataset (2021-2024) is split into a training set (80%, 245 samples) and a test
set (20%, 49 samples) using a random stratified sampling method (preserving the temporal
and spatial distribution characteristics of the original data). Four evaluation metrics are
adopted to assess model performance: Mean Absolute Error (MAE), Root Mean Square
Error (RMSE), Coefficient of Determination (R?), and Relative Error (RE), as defined in
Equations (5)-(8):

- )
MAE ==} 0 |yi = 3l ®)
T o
RMSE =/} 1 (vi = i) ©
R2 — 1 _ Z?Zl(yi - ]?l')z (7)
Yy — )
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1 o

RE = ;Zizl

where y; is the actual production value, ; is the predicted value, ¥ is the average of actual
values, and 7 is the number of samples.

Yi— 7

x 100% 8)

1

For comparison, other mainstream machine learning algorithms (e.g., XGBoost, Ex-
tremely Randomized Trees, Linear Regression) are also trained under the same data
conditions. Table 1 presents the performance comparison results, showing that the
LGBM model achieves the optimal performance: R? = 0.9933, MAE = 0.6091 x 10 tons,
RMSE = 0.7435 x 10* tons, and RE = 3.59%. This confirms that the LGBM model can accu-
rately capture the nonlinear relationship between electricity consumption and production,
providing reliable prediction support for the subsequent optimization module.

Table 1. Performance comparison of production prediction models.

MODEL MAE RMSE R2 Relative Error
LGBM [27] 0.6091 0.7435 0.9933 0.0359
SVM [28] 3.3754 4.2059 0.7856 0.2165
ET [29] 0.6043 0.8382 0.9915 0.038
XGB [30] 1.0244 1.5052 0.9805 0.0693
LR [31] 2.1538 2.5868 0.9189 0.1466
SVR [32] 3.3754 4.2059 0.7856 0.2165
RIDG [33] 2.154 2.5863 0.9189 0.1466
DT [34] 0.9406 1.2587 0.9808 0.0626
LASSO [35] 2.1623 2.5896 0.9187 0.1472

LGBM is a gradient boosting framework that employs two novel techniques, namely
Gradient-based One-Side Sampling and Exclusive Feature Bundling. These techniques
significantly reduce computational cost while maintaining high accuracy, making LGBM
particularly suitable for industrial time-series data with seasonal and spatial heterogeneity.
In this study, the LGBM model was configured to predict monthly liquid production per
operation area using the decomposed electricity components along with the month index
as input features.

To achieve this performance, we employed the Optuna framework to automatically
optimize the LGBM hyperparameters. A total of 30 trials were conducted with the fol-
lowing search space: learning rate (log uniform, [0.01, 0.1]), maximum tree depth (integer,
[4, 12]), number of leaves (integer, [31, 128]), subsample ratio (uniform, [0.5, 1.0]), column
subsampling ratio per tree (uniform, [0.5, 1.0]), L1 regularization coefficient (log uniform,
[1 x 10%, 1.0]), L2 regularization coefficient (log uniform, [1 X 104, 1.0]), and minimum
number of child samples (integer, [10, 100]). The number of trees was fixed at 1000, with an
early stopping of 50 rounds based on validation MAE. The objective function was set to
L1 regression loss (i.e., MAE). The optimal hyperparameter combination was selected by
minimizing the validation MAE over the 30 trials. All other parameters were left at their
default values as implemented in the LGBM library.

In addition to quantitative metric evaluation, we incorporate a qualitative assess-
ment through visual comparison of prediction outcomes from three representative models:
LGBM, DT, and LASSO. As illustrated in Figure 3, the observed liquid production values
are denoted by a black dotted line, while the predictions from LGBM, DT, and LASSO
are shown as solid red, dashed blue, and dot-dash green lines, respectively. The LGBM
predictions demonstrate the closest alignment with the ground truth values shown as a
dotted black line. This visual analysis confirms the superior performance of the LGBM
framework in liquid production forecasting, thereby corroborating the quantitative find-
ings presented in Table 1. Conversely, the LASSO model exhibits comparatively reduced
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predictive accuracy, which can be attributed to its inherent limitations in capturing complex

nonlinear relationships due to its linear formulation.
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Figure 3. Comparative visualization of prediction performance across the evaluated models.

To further verify the model’s robustness in practical applications, the prediction per-
formance is tested using estimated decomposition coefficients (instead of true coefficients).
The results (Table 2) show that the LGBM model still maintains high accuracy (R? = 0.9649,
RE = 6.82%), indicating its strong anti-interference ability to data uncertainties (e.g., slight
deviations in decomposition coefficients), which fully meets the requirements of industrial
engineering applications.

Table 2. Robustness test of the LGBM model with estimated decomposition coefficients.

K Value MAE RMSE R? RE
True K 0.6091 0.7435 0.9933 0.0359
Estimated K 1.0636 1.7024 0.9649 0.0682

Note: We used LGBM version 4.6.0, XGBoost version 3.0.5, scikit-learn version 1.7.1
for SVM, ET, LR, SVR, RIDG, DT, and LASSO, and Optuna version 4.5.0 in this study.

2.4. Multi-Objective Spatiotemporal Optimization Model
2.4.1. Problem Definition

In this study, the three objectives are combined into a scalarized single-objective func-
tion using a weighted sum approach. The optimization problem is defined as follows:
Given that the cumulative electricity consumption of production units exceeds the planned
target in the early months (AE denotes the excess electricity), how to dynamically allo-
cate electricity reduction tasks across production units (spatial dimension) and remaining
months (temporal dimension) to ensure the annual electricity target is met, while maximiz-
ing electricity utilization efficiency, minimizing production fluctuations, and protecting key
production units.
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(1) Decision Variables

Define x;, as the optimized monthly electricity allocation for production unit n in
month t (where t € [t;5,12], 1, is the adjustment start month; n € [1, N], N is the total number
of production units). The decision variable directly determines the spatial and temporal
distribution of electricity resources.

(2) Objective Function

The total objective function f(x¢,) is a weighted combination of three sub-objective
functions, namely the efficiency term f;(x¢,), stability term f,(x¢,) and priority term
f3(x¢,n), with weighted combination to reflect their relative importance in industrial practice.
The function is formulated as a minimization problem (Equation (9)):

12 ZN <Pff" - yA(t,n)(xf,n)Y

2
. ot
minf (xeu) =) ,Z, ) 1 |01 o + wy (xt,n - Et,,1g> + w3Cn|xtn — Etpn
s n —
—_—

©)

Efficiency Term f;(x;,)  StabilityTermfy(x,) PriorityTerm fs(x:,,)
where

o W wy, wy are weighting coefficients (wy + wyp + w; = 1), determined based on indus-
trial expert experience and production requirements (set as 0.5, 0.3, 0.2 in this study,
prioritizing efficiency while ensuring stability and priority);

e P, is the planned production target of unit # in month ¢;

®  U(tn)(x,,) 1s the predicted production output of unit n in month f (derived from the
LGBM model, with x; , decomposed into Eq, E,, E; as input);

e  uy,is the inverse efficiency coefficient of unit n (x, = 1/mean (production/electricity
consumption)), reflecting operational efficiency: higher efficiency leads to smaller «;,
imposing stronger penalties for production deviations;

. Ef{;g is the original planned electricity allocation of unit # in month ¢ (before optimization);

o (, is the priority coefficient of unit #, integrated by strategic importance, operational
stability, and production urgency (normalized to [0, 1], higher values indicate higher
priority, requiring stricter protection against excessive electricity adjustments).

The objective function is composed of three distinct terms, each designed to address a
specific aspect of the optimization—mnamely, efficiency, stability, and priority—thereby en-
suring a balanced and coordinated resolution between energy conservation and production
requirements; these terms are explained as follows:

e  Efficiency term ( fi(xt,)): Minimizes the quadratic deviation between predicted and
planned production, weighted by the inverse efficiency coefficient. This ensures that
high-efficiency units (with smaller «,,) have smaller production deviations, achieving
“energy saving without production loss”.

e  Stability term ( f2(xt,)): Constrains the quadratic deviation between optimized and
original planned electricity allocation, avoiding drastic monthly adjustments that
disrupt production stability.

e  Priority term (f3(x¢,,)): Applies linear penalties for electricity adjustments based on
unit priority, protecting key units from excessive reductions.

(3) Constraints

To ensure the feasibility, practicality, and industrial applicability of the spatiotemporal
electricity allocation scheme, three types of constraints are formulated based on the actual
characteristics of oilfield production operations and management requirements:

e  Total balance constraint: The cumulative electricity reduction across all units and
remaining months must exactly offset the early excess electricity consumption (AE),
ensuring compliance with the annual electricity target (Equation (10)):

https:/ /doi.org/10.3390/a19050401
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AE=Y2 Vo (B — ) (10)

e  Monthly adjustment limit constraint: The total monthly electricity allocation of all
units shall not deviate excessively from the original plan (set as +=20% based on
industrial practice), preventing production disruptions caused by extreme adjustments
(Equation (11)):

N org N N org
(1=0))  E< Y xtn< (146)) E Vte [t 12] (11)

n=1

where 6 = 0.2 (monthly adjustment coefficient).

e Key unit protection constraint: The optimized electricity allocation of the key unit
shall not be less than 85% of the original plan, ensuring the stability of core production
capacity (Equation (12)).

Xpn > T-ES, Wn € Key Units, Vt € [ts, 12] (12)

tn’

Here, T = 0.85 (minimum protection coefficient for key units).
Note: These threshold values are derived from Daging Oilfield’s practical experience.
Users of the framework may modify them to suit their own operational contexts.

2.4.2. Model Solution Algorithm

The proposed optimization model is a constrained nonlinear programming problem,
where the objective function contains nonlinear terms from the efficiency term and the
LGBM prediction model, while the constraints are linear. The SLSQP algorithm is therefore
selected for solution in this study, as it is highly efficient in solving smooth nonlinear
optimization problems with linear constraints [36] and widely validated in industrial
engineering applications.

The SLSQP algorithm iteratively constructs quadratic approximations of the La-
grangian function and linearizes constraints to solve subproblems, updating the solu-
tion through line search until convergence. The algorithm is implemented in Python
(version 3.10.0) using the scipy.optimize.minimize function [37] with method = ‘SLSQP".
The solver was configured with maxiter = 1000 (maximum number of iterations) and
fior =1 x 107° (function tolerance). Convergence is declared when both the maximum
absolute change in the objective function value between iterations falls below f;,; and the
maximum constraint violation is less than 1 x 10~%. All other parameters were left at their
default values as provided by SciPy (version 1.15.3).

3. Results and Analysis

This chapter validates the effectiveness and superiority of the proposed spatiotempo-
ral electricity allocation method through two sequential validation stages: simulated data
verification (for preliminary methodological feasibility) and field data validation (for prac-
tical industrial applicability). Comparative analysis is conducted against the conventional
ton-per-kWh method, with all core indicators derived directly from the study’s simulated
scenarios and Daging Oilfield field data. The validation process adheres to the principles
of scientific rigor, ensuring all results are traceable, quantifiable, and consistent with the
methodological framework outlined in Section 2.

3.1. Simulated Data Validation
3.1.1. Simulation Scenario Setup

To isolate the impact of allocation logic and avoid interference from complex real-
world factors (e.g., equipment failures, geological variability), a controlled simulation
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scenario was designed. The scenario included 3 production units (Area 0, Area 1, Area 2)
with distinct operational scales and efficiency levels, covering a 12-month production cycle.
Key simulation parameters and scenario settings are summarized in Table 3. We note that
this simulated scenario is intentionally simplified and does not incorporate probabilistic
uncertainties or Monte Carlo repetitions; its purpose is solely to illustrate the optimization
logic under controlled conditions. Quantitative conclusions are primarily drawn from the
field data validation in Section 3.2, which captures the true complexity and heterogeneity
of oilfield operations.

Table 3. Basic parameters of simulated production units.

Unit Baseline Electricity Efficiency Coefficient Planned Annual Prioritv Weight
Consumption (10> kWh) (Tons/kWh) Production (10° Tons) y 8
Area 0 5000 0.03 1800 0.9 (High)
Areal 4000 0.01 1440 0.6 (Medium)
Area 2 2000 0.02 864 0.7 (Medium)

A realistic electricity overconsumption event was simulated: in the 6th month, actual
electricity consumption exceeded the planned target by 30% (Area 0), 50% (Area 1), and 50%
(Area 2), resulting in a total excess electricity consumption of AE = 13,444 kWh (consistent
with the target reduction requirement). The core task was to allocate electricity reduction
tasks across the remaining 6 months (July-December) to offset the excess consumption,
while minimizing production loss and ensuring operational rationality.

To approximate real-world data characteristics, 1% random noise was added to both
electricity consumption and liquid production data during scenario construction. Linear
regression was used to recalibrate efficiency coefficients, ensuring the simulation data re-
flected practical production variability without losing methodological verification validity.

Both the proposed multi-objective optimization method and the conventional ton-per-
kWh method satisfied all core constraints of the designed simulation scenario, with three
key compliance results achieved. Specifically, both methods completed the target electricity
reduction of 13,444 kWh, which fully offset the cumulative electricity overconsumption
in the early production stage. In addition, all electricity adjustments under both methods
were implemented as downward reductions without any unreasonable electricity increases
for individual production units, thus avoiding secondary energy waste caused by irrational
allocation. Furthermore, both methods met the basic protection requirements for high-
efficiency production units, while the proposed optimization method realized a more
precise and scientific protection effect for core high-efficiency units (the detailed comparison
is presented in Section 3.1.2).

3.1.2. Production Impact Minimization

The most prominent advantage of the optimization method is its ability to mini-
mize production loss while achieving the predetermined energy conservation target. As
shown in Table 4, quantitative analysis of the simulated output data shows that during
the July-December adjustment period, the optimization method led to a cumulative pro-
duction reduction of 275.57 x 10° tons, whereas the ton-per-kWh method caused a loss of
336.07 x 10 tons, representing an 18.0% reduction in production loss for the optimized
approach. In terms of the production reduction ratio, the optimization method achieved a
ratio of 7.74%, which was 1.69 percentage points lower than the 9.43% of the ton-per-kWh
method, demonstrating a more efficient electricity-to-production conversion efficiency
under the same energy-saving pressure.
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Table 4. Production loss comparison.

Method Total (10% Tons) Ratio (%) Area 0 (10° Tons) Areal (10° Tons) Area 2 (103 Tons)
Optimization 275.57 7.74 164.82 25.90 84.85
Ton-per-kWh 336.07 9.43 290.61 3.75 41.72

comparison 60.50 (18.0%) 1.69 125.79 (43.3%) —22.15 —43.13

The optimization method also realizes precise protection of high-efficiency and high-
priority core production units. As the core unit with the highest efficiency and a priority
coefficient of 0.9, Area 0 experienced a production loss of 164.82 x 103 tons under the
optimization method, a 43.3% decrease compared with the 290.61 x 103 tons loss caused
by the ton-per-kWh method. The traditional method imposed an excessive monthly
electricity reduction of 11.1-11.5% on Area 0, leading to a severe monthly production
drop of 11.4-14.3%, while the optimization method controlled Area 0’s monthly electricity
reduction within 4.9-7.5%, limiting its monthly production loss to a moderate range of
5.6-8.4% and effectively safeguarding the core production capacity of the oilfield.

For low-efficiency production units, the optimization method makes a scientific and
rational trade-off in electricity reduction allocation. Taking Area 2 with an efficiency
coefficient of 0.02 tons/kWh as an example, the optimization method allocated a higher
monthly electricity reduction ratio of 12.4-18.5% to this unit, resulting in a cumulative
production loss of 84.85 x 10° tons, which was higher than the 41.72 x 10° tons loss from
the ton-per-kWh method. This differentiated allocation strategy concentrates energy-saving
tasks on units with greater energy waste potential, avoiding the unnecessary sacrifice of
production capacity in high-efficiency units and ultimately improving the overall electricity
utilization efficiency of the entire production system.

3.1.3. Allocation Fairness

The optimization method breaks the rigid “one-size-fits-all” proportional allocation
logic of the ton-per-kWh method by integrating the operational efficiency and prior-
ity weights of each production unit, thus achieving a more equitable and scientifically
grounded electricity resource allocation scheme. The reduction ratios assigned by the
optimization method are fully aligned with the inherent characteristics of each unit: the
high-efficiency and high-priority Area 0 bears a reduction ratio of 5.77%, the medium-
efficiency and medium-priority Area 1 has a ratio of 7.24%, and the low-efficiency Area 2
with medium priority is allocated a 14.43% reduction ratio, as shown in Figure 4. This allo-
cation mechanism follows the core principle of “rewarding high efficiency and constraining
low efficiency”, which ensures that energy-saving tasks are precisely targeted at units with
greater potential for energy waste, and avoids imposing unreasonable reduction burdens
on the core production units that are critical to the overall output.

In contrast, the ton-per-kWh method distributes electricity reduction tasks solely based
on the production share of each unit, completely ignoring the significant differences in
operational efficiency and production priority among units, leading to highly irrational
allocation results. The most counterintuitive outcome is that the high-efficiency core Area
0, which should be protected, bears the highest reduction ratio of 11.27%, while the low-
efficiency Area 2, which has greater energy-saving potential, is only assigned a reduction
ratio of 7.59%. This unreasonable allocation not only fails to tap into the energy-saving
potential of low-efficiency units but also unnecessarily sacrifices the production capacity of
high-efficiency core units, resulting in suboptimal overall operational performance of the
entire production system and a significant waste of electricity resources.
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Figure 4. Comparative visualization of allocation adjustments employing both methodologies based
on simulated data.

3.2. Oilfield Data Validation
3.2.1. Field Data Overview

Actual data were collected from seven operation areas within Daqing Oilfield Pro-
duction Plant 7, as previously outlined in Section 2.3. A comparative analysis of planned
versus actual electricity consumption was conducted across a three-year observation period
spanning 2022 to 2024. Subsequently, the year 2022 was selected for empirical validation
within this study. The corresponding statistical characteristics of the dataset are systemati-
cally presented in Tables 5 and 6, which respectively organize the information according
to spatial distribution across operation areas and temporal progression throughout the
annual cycle.

Table 5. Basic production and efficiency parameters of seven operation areas in 2022.

Area Normalized Priority Weight Planned
Efficiency (o) (Cn) Production (10° Tons)
Area 0 1.00 0.9 2577.0
Area 1l 0.89 0.6 3838.2
Area 2 0.80 0.7 3820.5
Area 3 0.46 0.8 1105.5
Area 4 0.67 0.75 2441.1
Area 5 0.62 0.85 1895.3
Area 6 0.37 0.65 625.3

Table 6. Monthly production data for 2022.

Planned Actual Planned Actual Electricity
Month Production  Production  Electricity Electricity Deviation
(10° Tons)  (10°Tons)  (10°kWh)  (10°kWh)  (10° kWh)
1 1307.6 1469.0 44,703.0 45,877.2 1174.2
2 1185.1 1308.6 38,465.4 38,670.5 205.1
3 1319.8 1448.0 38,502.3 38,569.5 67.2
4 1300.2 1403.4 32,276.5 32,712.7 436.2
5 1374.9 1435.5 30,770.4 31,044.1 273.7

https://doi.org/10.3390/a19050401


https://doi.org/10.3390/a19050401

Algorithms 2026, 19, 401

14 of 18

Table 5 presents the basic production and efficiency parameters of the seven opera-
tion areas in 2022, among which the normalized efficiency («,) and priority weight (C;)
are reference values comprehensively determined by oilfield management officials. The
officials integrated multiple core factors, including reservoir development conditions, ac-
tual production operational efficiency, equipment configuration level, and the strategic
importance of each unit in the overall production layout of the oilfield, to assign the values,
ensuring the parameters are highly consistent with the actual production management
requirements of the oilfield. Calculated from the above parameters, the normalized effi-
ciency coefficients of each operation area exhibit a wide range of values from 1.0 to 0.37,
corresponding to a maximum standardized efficiency of 1.00 in Area 0 and a minimum of
0.37 in Area 6, reflecting significant heterogeneity in operational efficiency among different
areas. Similarly, production capacity also shows obvious divergence across the seven areas,
with Area 1 achieving the highest liquid production output of 3838.2 x 103 tons while Area
6 records the minimum output of 625.3 x 10° tons. The weighting scheme applied to the
optimization framework in this study allocates relative importance of 0.5, 0.3, and 0.2 to
the efficiency, stability, and priority components in Equation (9), respectively, matching the
parameter setting logic of &), and C,.

Annual data in Table 6 reveals consistent overconsumption during the January—-May
period of 2022, with cumulative electricity usage exceeding planned consumption by May,
resulting in a maximum deviation of AE = 2156.4 x 10° kWh. This deviation led to the
designation of May as the baseline for implementing electricity adjustments. Following this
point, corrective measures were observed across all operational areas, which resulted in
reduced electricity usage in the subsequent months. However, these reductions appeared
less systematic, as the cumulative savings from June to December exceeded the initial
overconsumption from January to May. Although this responsive approach successfully
brought the annual electricity consumption within the planned indicators, its uncoordinated
nature may have led to suboptimal operational disruptions and production inefficiencies.

3.2.2. Core Constraint Compliance

Both the proposed multi-objective optimization method and the conventional ton-per-
kWh method strictly complied with all core constraints of the electricity allocation scheme
in the field validation. The two methods both accurately achieved the target electricity
reduction of 2156.4 x 10°> kWh with zero balance error, fully offsetting the cumulative
electricity overconsumption in the early stage. Meanwhile, all electricity adjustments
under both methods were implemented as strict downward reductions without any reverse
increments for individual operation areas, avoiding secondary energy waste caused by
irrational allocation. In addition, both methods abided by the basic protection principle
for high-efficiency and high-priority production areas, ensuring that the core production
capacity of the oilfield was not excessively restricted by the electricity reduction tasks.

3.2.3. Field Production Impact Minimization

Under the identical electricity-saving target, the proposed optimization method
achieves a remarkable reduction in actual production loss compared with the conven-
tional ton-per-kWh method, demonstrating superior economic performance in practical
oilfield scenarios. As shown in Table 7, during the June-December adjustment period, the
optimization method results in a total production reduction of 11.40 x 103 tons, while
the ton-per-kWh method leads to a production loss of 16.88 x 10 tons. This means the
proposed method cuts down the actual production loss by 32.5%, fully embodying its
core advantage of balancing energy conservation goals and production stability in real
industrial applications.
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Table 7. Performance comparison between two methods.
Total Electricity . Electricity Production
Indicator Reduction 'lfszls I(’lr:));i 1;:)’:111:;1 Reduction Ratio Reduction Ratio

(10° kWh) (%) (%)
Optimization 2160.0 11.40 0.90 0.11
Ton-per-kWh 2160.0 16.88 0.90 0.17
Improvement / 32.5% / 0.06

3.2.4. Practical Allocation Rationality

In actual oilfield production management, the rationality of spatial electricity allocation
directly determines the practicability and acceptance of the allocation scheme by on-site
production units. Combined with the normalized inverse efficiency coefficient «, and
priority coefficient C,, of each operation area (Table 5), the proposed optimization method
implements a differentiated allocation strategy that is highly consistent with the actual
production characteristics and management requirements of the oilfield. Its formulated
electricity reduction ratios strictly align with the efficiency and priority attributes of each
area: the high-priority and high-efficiency Area 0 bears a reduction ratio of 1.10%, medium-
priority and medium-efficiency Areas 1-5 have reduction ratios ranging from 0.60% to
1.24%, and the low-efficiency and low-priority Area 6 is assigned the highest reduction
ratio of 1.73%, as shown in Figure 5. This allocation fully follows the core principle of
“protecting high efficiency and restraining low efficiency”, which is also highly matched
with the weighting scheme of the optimization model that prioritizes electricity utilization
efficiency with a weight coefficient of 0.5.

Comparison of Reduction Ratios by Two Methods
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Figure 5. Comparative visualization of electricity allocation adjustments employing both methodolo-
gies with actual operational data.

By contrast, the conventional ton-per-kWh method distributes electricity reduction
tasks solely based on the production share of each operation area, completely ignoring the
significant heterogeneity in operational efficiency and production priority among different
areas, resulting in an unreasonable and non-targeted allocation scheme. The high-quality
Area 0, with the highest normalized efficiency of 1.00 and a top priority coefficient of 0.9, is
burdened with an excessive reduction ratio of 1.30% under this method, while Area 6, the
lowest-efficiency unit with a normalized efficiency of only 0.37, is allocated a mere 0.47%
reduction ratio. Such an allocation not only excessively restricts the production capacity of
core high-efficiency units but also fails to effectively tap into the energy-saving potential of
low-efficiency units, which is the fundamental reason for the larger overall production loss
caused by the ton-per-kWh method in field validation.
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This contrast in allocation rationality further verifies the practical value of the proposed
spatiotemporal optimization method. The differentiated allocation based on efficiency and
priority not only ensures the scientificity and fairness of electricity resource distribution but
also enhances the operability and acceptability of the allocation scheme in actual oilfield
management. Unlike the rigid “one-size-fits-all” proportional allocation of the traditional
method, the optimization method’s allocation strategy is more in line with the actual
operational logic of oilfield production, providing a feasible and targeted decision-making
basis for on-site production managers to implement electricity conservation and emission
reduction measures.

4. Conclusions

This study proposes a dynamic spatiotemporal electricity allocation framework that
decomposes industrial electricity consumption into three functional components (core
production, auxiliary production, and product transportation) and employs an LGBM
model to capture the nonlinear relationship between electricity use and liquid production.
A multi-objective optimization model is formulated to balance electricity efficiency, op-
erational stability, and priority protection of key units, solved via SLSQP under practical
constraints derived from Dagqing Oilfield’s practice.

Validation using simulated and field data from seven operation areas of Daqing Oil-
field (2022) shows that, while both the proposed method and the conventional ton-per-kWh
method achieve the same total electricity reduction target, the proposed method reduces
liquid production loss by 18.0% in simulation and by 32.5% in the field. This improvement
stems from a differentiated allocation strategy that protects high-efficiency, high-priority
areas while directing larger reductions to low-efficiency units, thereby minimizing overall
production loss.

The framework relies only on routinely available production and electricity data,
offering a scalable decision support tool for refined electricity management. Future work
will incorporate real-time data for dynamic updating of decomposition coefficients, in-
troduce uncertainty analysis for extreme events, extend validation to other oilfield types,
and move from the current scalarized approach to a full Pareto-based multi-objective opti-
mization framework (e.g., using NSGA-II) to provide decision-makers with a richer set of
trade-off solutions.
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