E E . . - -
—__ Energy Engineering & Tech Science Press

Do0i:10.32604/ee.2025.072462 .

ARTICLE Check for

updates

Assessment of Carbon Reduction Potential Driven by High Energy
Consumption Enterprises’ Electricity Usage Behavior

Junwei Zhang', Pei Liu', Huihang Li', Guokang Huang', Bozheng Yuan', Wenjing Wei' and
Xiaoshun Zhang”"

"Dongguan Power Supply Bureau of Guangdong Power Grid Co., Ltd., Dongguan, 523129, China
*Foshan Graduate School of Innovation, Northeastern University, Foshan, 528312, China

*Corresponding Author: Xiaoshun Zhang. Email: zhangxiaoshun@mail.neu.edu.cn

Received: 27 August 2025; Accepted: 22 October 2025; Published: 27 April 2026

ABSTRACT: Addressing global climate challenges necessitates urgent low carbon transitions in high energy consum-
ing enterprises (HECEs). This study proposes a comprehensive framework to assess their carbon reduction potential
(CRP) by integrating electricity usage behavior analysis and dynamic carbon emission factor (DCEF) prediction.
HECEs are classified into “electricity reduction” and “electricity transfer” categories based on load characteristics,
enabling tailored optimization strategies. The framework employs machine learning to predict DCEFs, capturing
real time variations in grid carbon intensity. A low carbon optimization model is then formulated to minimize
emissions while adhering to production requirements and grid constraints, solved efficiently by a swarm intelligence
algorithm (Chinese Pangolin Optimizer). Case studies demonstrate the frameworks effectiveness in quantifying
emission reduction pathways and guiding differentiated strategies for HECEs. User A and User C, designated as
“electricity transfer” types, achieved significant carbon reductions of 9.3% and 8.4% respectively through optimizing
electricity usage timing. User B, categorized as “electricity reduction,” realized a notable 6.7% carbon reduction by
cutting electricity consumption, exceeding its predefined target. This highlights substantial CRP achievable via DCEF
guided behavioral optimization. The Chinese Pangolin Optimizer (CPO) algorithm exhibits superior convergence and
computational efficiency compared to the Genetic Algorithm, ensuring robust and stable low carbon solutions. This
systematic approach prioritizes behavioral and operational adjustments, fostering sustainable development aligned with
global climate goals.

KEYWORDS: High energy consuming enterprises; carbon reduction potential; electricity usage behavior; dynamic
carbon emission factor

1 Introduction

While global climate change necessitates urgent decarbonization, existing strategies for High Energy
Consuming Enterprises (HECEs) remain largely confined to technological upgrades and economic dispatch
based on static, average carbon emission factors [1]. This paradigm neglects the substantial, yet untapped,
carbon reduction potential that could be achieved by guiding HECES’ electricity usage behavior in response
to the grid’s dynamic carbon intensity [2]. Consequently, this research introduces a comprehensive assess-
ment framework that centers on behavioral optimization driven by real-time carbon signals to bridge this
critical gap [3].
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In recent years, research on curbing emissions from HECEs has centered on technological upgrading,
energy mix adjustment, and price driven economic dispatch [4-7]. Reference [8] quantified the abatement
potential of state of the art energy saving technologies; Reference [9] evaluated the influence of shifts in
the energy structure; and References [10,11] exploited time of use tariffs and other economic signals to
minimize electricity costs. Collectively, these works have furnished a diversified toolkit for HECEs emission
reduction [12].

However, the above studies suffer from clear limitations. They overwhelmingly target minimum
economic cost and rely on static, year average emission factors, overlooking the power system’s real time
generation mix and the resulting temporal volatility of carbon intensity [13-15]. This static lens cannot
faithfully capture how adjustments in electricity use patterns translate into actual emissions, and it therefore
offers little guidance for exploiting the grid’s inherently “cleaner” time windows [16,17]. Furthermore, the
investigations stop short of probing HECEs' own load profiles and their built in flexibility; differentiated,
behavior aware low-carbon strategies remain largely absent [18].

As the grid’s dynamic carbon signature becomes better understood, academia has shifted toward
dynamic emission accounting and toward load scheduling keyed to real time carbon signals, opening fresh
research avenues. Yet a systematic, fine grained framework for quantifying the carbon reduction potential of
HECEs is still missing.

Against this backdrop, the paper introduces a comprehensive assessment framework that quantifies
the carbon-reduction potential of HECEs by integrating granular electricity consumption pattern analysis
with high temporal resolution forecasts of dynamic grid carbon intensity. By excavating multi year, sub-
hourly meter data and aligning them with real time marginal emission factors, the method translates every
feasible kilowatt-hour of demand adjustment into its exact marginal CO, saving. Central to the framework is
a behavior centric taxonomy that first decomposes individual load profiles into shape, flexibility and volume
metrics and then assigns each facility to one of two mutually exclusive optimization archetypes: “electricity
reduction” type, whose main lever is aggregate energy curtailment, and “electricity transfer” type, whose
lever is temporal reallocation of an unchanged energy budget toward cleaner generation intervals. This ex-
ante classification yields site specific abatement supply curves, enabling policymakers and plant managers
to design differentiated, data driven low-carbon strategies without altering the original energy throughput
targets of the enterprise.

To ensure the feasibility and practicality of the optimization strategies, generic operational constraints
are established for each behavioral type. For the “electricity transfer” type, the total optimized electricity
consumption must remain equal to (or very close to) the original planned consumption, ensuring production
output is maintained while allowing flexible load shifting across time periods. Conversely, for the “electricity
reduction” type, an additional constraint is applied where the total optimized electricity consumption must
be less than or equal to the original consumption multiplied by a permissible reduction coeflicient, directly
linking energy savings to emission cuts. The power consumption in each time period for both types is
bounded by the maximum and minimum operating limits of the enterprise’s equipment. These constraints
ensure that the optimization results are both theoretically sound and practically feasible, while also providing
sufficient flexibility for load adjustment to achieve carbon reduction goals. The main innovations are as
follows:

> A differentiated evaluation framework based on electricity consumption behavior classification has
been developed. By analyzing load characteristics, HECEs are categorized into the “carbon reduc-
tion type by cutting electricity consumption” and the “carbon reduction type by shifting electricity
consumption’, which lays the groundwork for devising targeted low carbon optimization strategies.
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> An efficient optimization algorithm has been applied and verified. The Chinese Pangolin Optimizer
(CPO) was used to solve the model, and case studies confirmed its effectiveness in handling such
complex optimization problems. The CPO is a novel bio inspired metaheuristic algorithm, and its
performance has been demonstrated to be effective and convergent in solving complex numerical
optimization problems.

The rest of this paper is organized as follows: Section 2 covers electricity consumption analysis, clas-
sification, and DCEF forecasting. Section 3 explains the construction and solution of the carbon reduction
potential assessment model. Section 4 presents case studies and result analysis. Section 5 summarizes the
entire paper.

2 Feature Analysis and Modeling
2.1 Analysis of HECE:s Electricity Usage Behavior
2.1.1 Data Acquisition and Preprocessing

To study the electricity consumption behavior of HECEs, it is essential to obtain their high time
resolution electricity load data. The sources of such data typically include real time load data recorded
by enterprise energy management systems (EMS) or supervisory control and data acquisition (SCADA)
systems, user side electricity consumption data collected by smart meters, and billing data from electricity
marketing systems. The acquired data generally require preprocessing. The main steps involve:

> Data Cleaning: Handling missing values, abnormal values, and duplicate entries.

> Data Alignment and Unification: Ensuring that data timestamps are aligned and the time resolution
is unified.

>  Data Normalization: Normalizing load data as needed for analysis to eliminate the impact of
different scales.

2.1.2 Electricity Consumption Behavior Feature Extraction

In studying the electricity consumption behavior of HECEs, it’s vital to extract multiple features from
different dimensions to fully describe their electricity usage characteristics. This includes reflecting their load
patterns, volatility, periodicity, and regulation capacity. Common features cover basic statistical features, time
series features, and pattern related features.

Basic statistical features include daily/weekly/monthly/annual electricity consumption, max./min./avg.
load, peak valley difference, load ratio, load standard deviation (STD) or variation coefficient, which measure
load volatility. Time series features cover typical daily load curve shape, load ramp up/down rates, and
features like autocorrelation and periodicity obtained via Fourier transform and autocorrelation function
analysis. Pattern related features focus on differences between workday and non workday load patterns,
seasonal load changes, and load patterns under special events.

2.1.3 Enterprise Classification Based on Electricity Consumption Behavior

When evaluating the carbon reduction potential of HECEs, classification by electricity consumption
behavior is essential. Differences in production processes, management standards and market conditions
create distinct load pattern signatures; accordingly, the paper groups HECEs into two classes that reflect their
dominant consumption traits and the corresponding optimization pathways.

The first type is the Electricity Reduction Type. These companies run a flat, predictable load because
their core processes demand a rock steady supply. Moving demand is either impossible or prohibitively
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expensive, and kilowatt hours track output almost one for one. Typical examples are aluminum electrolysis
pots, continuously fed chemical units, and certain glass furnaces. Their decarbonization playbook is limited
to efficiency upgrades, tighter production scheduling, and conservation technology; they cut total kWh to
cut CO, while still hitting output targets, but they have little room to play with timing. The upside is almost
entirely in better efficiency and tighter overall control.

The second type is the Electricity Transfer Type. These shops can juggle production schedules—some
units run only when needed, can be started or stopped at will, or sit behind a buffer of stored energy or
material. Their load profile is highly elastic in time, so peaks and valleys can swing wide and weekday vs.
weekend or day vs. night use can look like two different plants. Typical cases are electric-arc furnaces in
steel mills, cement finish grinding mills, certain machining lines, interruptible data center workloads, or any
site with chilled water or heat storage tanks. Their decarbonization lever is the hourly spread in grid carbon
intensity: they slide adjustable kWh from high-carbon hours to low-carbon hours, trimming CO, while
leaving the monthly meter reading essentially flat. They are the first address for behavior based optimization
and carry the largest demand response and carbon reduction upside.

The rationale for this differentiation lies in avoiding two critical pitfalls of a unified approach. Imposing
load-shifting targets on inflexible Reduction-Type enterprises sets them up for failure, while neglecting
to leverage the scheduling flexibility of Transfer-Type enterprises underutilizes their substantial carbon
reduction potential. A tailored strategy is therefore essential to set achievable targets and maximize overall
emission reductions.

In terms of classification methods, unsupervised clustering algorithms can be employed to analyze the
extracted power consumption behavior features for automatic classification. Common clustering algorithms
include K-Means, DBSCAN, hierarchical clustering, and deep learning based clustering. Through cluster
analysis, combined with expert experience and an understanding of enterprises’ production processes, the
category to which each enterprise belongs is ultimately determined.

2.2 Dynamic Carbon Emission Factor
2.2.1 Sources of Dynamics

The dynamics of carbon emission intensity in the power system mainly stem from the following aspects:

> Time varying power generation structure leads to fluctuations in carbon emission intensity. Different
types of power generation units exhibit significant differences in carbon emission intensity. As wind,
solar, and other renewable energy sources generate power intermittently, and conventional power
sources adjust their output to balance supply and demand, the output proportion of various power
sources in the grid changes in real time, thereby causing fluctuations in the average or marginal carbon
emission intensity of the grid.

> Changes in grid operation modes also affect carbon emission characteristics. Factors such as transmis-
sion congestion, network losses, and cross regional power exchange influence the actual power supply
sources and their carbon emission characteristics in specific regions or nodes.

> Variations in fuel types and efficiency cause minor fluctuations in emission factors. Changes in the
coal type, gas type, and operational efficiency of thermal power units all lead to fluctuations in
emission factors.

2.2.2 Definition of Dynamic Carbon Emission Factor

The Electricity Carbon Factor (ECF) serves as a critical indicator for evaluating the environmen-
tal impact of electricity consumption behavior, quantifying the carbon emissions per unit of electricity



Energy Eng. 2026;123(5):2 5

consumed. In this study, the DCEF is employed to precisely reflect temporal variations in the carbon
intensity of electricity consumption, thereby providing a scientific basis for users to optimize their energy
utilization patterns.

Calculating the ECF requires an integrated look at the generation mix, load profile, and carbon signature
of the grid. Regional systems draw on coal and gas fired plants, hydro, nuclear, and renewables such as wind
and solar, each with sharply different carbon intensities. The share contributed by any one technology shifts
hour to hour, and the swings are largest in grids that carry a high penetration of renewables.

Seasonal and within day swings in load shape the ECF the same way. When demand peaks, the system
calls on extra peaking plants that emit more CO, per megawatt-hour than the baseload fleet; when load
troughs, wind and solar usually make up a larger share and the ECF falls. Transmission losses and any power
imported or exported across regional ties feed directly into the final number as well.

Incorporating these considerations, this study develops a time-dimensional dynamic ECF calculation
model. The model’s core formulation is expressed as:

YiaPi(t) - ai
Ltotal (t)

where DCEF (t) denotes the dynamic electricity carbon factor at time ¢, P; () represents the power
output of the i — th generation type at time ¢, «; indicates the carbon emission intensity coefficient of the
i — th generation type, Liota (¢) is the total system load at time ¢, and n represents the total number of
generation types.

DCEF (t) = 1)

3 Carbon Reduction Potential Assessment Model Construction

The systematic CRP assessment framework is visualized in Fig. 1. It coordinates user behavior
classification, dynamic carbon awareness, and swarm intelligence optimization to quantify emission reduc-
tion potential.

3.1 Objective Function

The core objective of low carbon electricity consumption optimization is to minimize the total carbon
emissions within the evaluation period T by adjusting electricity consumption behavior, under the premise
of meeting the basic production and operational needs of enterprises. To achieve low-carbon optimization
of electricity consumption behavior, this study constructs an integrated model that incorporates dynamic
carbon emission factors (CEFs) and enterprise load characteristics. Inspired by interactive optimization
frameworks in distribution networks—such as the hierarchical framework with upper-layer optimization for
distribution system operators (DSOs) and lower-layer optimization for electric vehicle (EV) aggregators [19],
we propose a low-carbon optimization model for HECEs. This model minimizes carbon emissions while
satisfying both production requirements and grid constraints. The objective function is defined as follows:

minE [e, (t)] = ieu (t) » DCEF (t) (2)

where E represents the user’s carbon emissions, e, denotes the user’s electricity consumption at time f,
respectively, and T is the calculation time.
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Figure 1: Framework for assessing carbon reduction potential

The objective function aims to identify an optimal power consumption schedule sequence e, (t) that
minimizes the sum of the products of electricity consumption in each time period and its corresponding
predicted carbon emission factor J, (), thereby minimizing total carbon emissions. Through this opti-
mization process, the model preferentially allocates more electricity consumption to periods with lower
predicted carbon emission factors J, (t), such as those with high renewable energy generation or off peak
hours (applicable to electricity transfer type enterprises), while reducing electricity consumption during
periods with higher 8, (¢), such as evening peak hours or periods dominated by thermal power generation
(relevant for both electricity transfer and electricity reduction type enterprises). For electricity reduction
type enterprises, the optimization also seeks to lower the overall total electricity consumption Y e, (),
contributing to comprehensive carbon emission reduction across different enterprise categories.

The optimization variable e, (¢) must satisfy a series of practical constraints, which form the feasible
region for low carbon optimization. The electricity consumption power in each time period must stay within
the maximum and minimum operating power levels permitted by the enterprise’s equipment or contract.

eu (1)
Py min (1) < ”A—t < Pumax (1) VEe{L,..., T} ©)
where P, min (t) and P, ma.x () denote the minimum and maximum allowable power for time period
t, respectively.
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For electricity transfer type enterprises, the total optimized electricity consumption should be equal
to (or very close to) the original planned total electricity consumption E, paseline> With a small allowable
deviation of e.

T
(1 B S) Eupaseline < Z €u (t) < (1 + S) Ey baseline (4)
t=1

where Eu,baseline = 23;1 €4, baseline (t)

For electricity reduction type enterprises, the total optimized electricity consumption should be less
than or equal to the original planned total electricity consumption multiplied by a permissible reduction
coefficient (e.g., based on the objective of k).

T
; €y (t) < (1 - kjs) Eu,baseline (5)

where k ; is the preset minimum electricity reduction ratio.

Certain processes may require that a specific amount of electricity consumption be completed within a
defined time period.

fend

Z €y (t) = Etask (6)

t=tstart

The rate of power change between adjacent periods must not exceed the equipment’s maximum allowed
value.

e, (t) ey (t-1)

<SRyma, VE€{2,..., T 7
At At - oema €t } @

where R, ax denotes the maximum allowable rate of change in power between adjacent time periods.

Combining the objective function (1) with the relevant constraints (2)-(6) forms a comprehensive low
carbon electricity optimization model, which is typically a nonlinear programming (NLP) or mixed integer
nonlinear programming (MINLP) problem.

3.2 Optimization Algorithm Design
3.2.1 Algorithm Selection

An appropriate optimization algorithm is required to solve the above optimization model. Given the
model’s nonlinearity, potential multiple local optima, and complex constraints, population based meta-
heuristic algorithms are a common and effective choice. Numerous such algorithms have been proposed
and applied in energy optimization, including Particle Swarm Optimization (PSO), Genetic Algorithm
(GA) [20], Differential Evolution (DE), and the recently developed CPO.

The selection of algorithms for this study was driven by the intent to compare a novel, promising
algorithm against a well established benchmark. The GA was chosen as a baseline for comparison because
it is one of the most mature and widely used metaheuristic algorithms globally. Its performance in solving
complex optimization problems, including those in the energy domain, is well-documented, making it an
excellent reference point for evaluating the effectiveness of any new method.

Conversely, the CPO was selected as the primary solving algorithm due to its demonstrated advantages
in preliminary tests and its design principles that are well-suited to this problem’s structure. As a newer
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algorithm, CPO is reported to exhibit a balanced search strategy between exploration and exploitation, which
is crucial for navigating the complex constraint landscape of the HECE low-carbon optimization problem
and avoiding premature convergence [21]. Its efficacy in handling continuous variable optimization problems
with constraints aligns with the requirements of our model.

While other algorithms like PSO and DE are also viable, this study focuses on the contrast between a
proven classic (GA) and a novel, bio-inspired approach (CPO) to provide a clear performance benchmark
for future research in this domain.

3.2.2 Application of the CPO Algorithm to This Model

Taking CPO as an example, the steps of applying it to solve formula and constraints mainly include
three key parts: encoding, population initialization, and fitness function design. Fig. 2 depicts a conceptual
framework of a pangolin inspired optimization algorithm, modeling its behavioral cycle through distinct
phases of luring and predation.

Luring bhehavior Preduation behavior

Foraging

Update

Constraint - P,€[P,,.P,.]

Figure 2: The illustration of the CPO algorithm

During encoding, the decision variables, namely the electricity consumption of T periods e, (t), are
encoded into a real valued vector X = [e, (1), e, (2),..., e, (T)] of dimension D = T.Each vector represents
an individual (i.e., a porcupine) and corresponds to a potential electricity consumption plan.

In the population initialization phase, an initial population with N individuals is randomly generated.
The values of each dimension of an individual e, (¢) are randomly generated within the power constraints
[Py .min (t) At, P, max () At] to ensure feasible initial solutions.

The fitness function scores every candidate consumption plan by computing its carbon emissions
and tacking on a penalty for any constraint violation. Using the penalty function approach, each breach
is converted into a cost term that is added to the objective, turning the constrained problem into an
unconstrained one and steering the algorithm toward feasible schedules.

f(X)=E(X)+P(X) (®)

where f (X) is the fitness function, E (X) = ¥/, X, - 8, (t) is the objective function value representing the
total carbon emissions, and P (X) is the penalty term. The penalty term P (X) is designed such that it is 0
for solutions that satisfy all constraints, and a large positive value proportional to the degree of constraint
violation for infeasible solutions. Algorithm 1 below is the pseudocode for the CPO optimization algorithm.
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Algorithm 1: CPO Optimization

Input: Population P = {xi}ipfp,

Output: Global best solution x*
Hyperparameters: Power limits [Xmin, Xmax |, control parameters 6,

fitness function f, max iterations T

L: initialize x* and f* with the best solution in P
2: fort =1,2,..,T
3: evaluate f (x;) forallx; € P
4: update x* = argminf (x;), f* = min f (x;)
5: update control parameters 6,7
6: for each x; € P
7: generate x;=CPOUpdate(x;, 0, 1)
8: clip x! to bounds
9: evaluate f (x})
10: if f/ < f(x}):updatex; < x;
11: if f/ < f*:updatex* < x}, f* < f(x})
12: if stopping critertion met then break
13: return x*
Upon algorithm termination, the found optimal power consumption schedule Xpes =
[ex(1),...e; (T)] and the corresponding minimum predicted carbon emissions E ( Xy ) are outputted.

3.2.3 Carbon Reduction Potential Calculation

Once the optimal electricity consumption plan e} (¢) determined, the corresponding optimized carbon
emissions Eqpiimized can be calculated as follows:

T
Eoptimized = Z e; (t) X 514 (t) (9)
=1

Meanwhile, it is necessary to calculate the carbon emissions Ep,seline Of the original (baseline) power
consumption schedule ey, paseline () under the same dynamic carbon emission factors:

T
Ebaseline = z €4, baseline (t) X 6u (t) (10)
t=1

Finally, the overall Carbon Reduction Potential (CRP) achieved by high energy consuming enterprises
through power consumption behavior optimization can be calculated using the following formula:

CRP = Epaseline — Eoptimized

x 100% 1)

baseline

This CRP value quantifies the percentage reduction in carbon emissions achievable through optimized
power consumption behaviors (reduction or shifting) relative to the baseline scenario, under the satisfaction
of constraints.
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4 Case Studies

4.1 Data Sources and Parameter Settings

The data set pairs anonymized load profiles with regional DCEF values. Following the energy intensive
enterprise taxonomy and the study’s objectives, three unnamed users—A, B, and C—are selected. Users A and
C are labeled Transfer Types: they pursue the minimum carbon footprint while keeping total daily kilowatt
hours fixed. User B is designated a Reduction Type: it seeks the lowest emissions attainable under a pre-set
cut in daily energy use. Load data span August 2024 through February 2025 for all three users; the companion
DCE series is extracted from the same-period emission factor record of the host city.

The optimization model and algorithm parameters are set as follows: The evaluation period is 24 h
(T = 24). The lower limit of user power consumption is 0, and the upper limit is 1.2 times the user’s historical
maximum daily load (specific boundary conditions should be precisely defined based on actual conditions).
The total electricity constraint is enforced with a large penalty factor of 1 x 10”. The CPO algorithm is used
for solving the model, with a population size of 50 and a maximum of 200 iterations.

4.2 Result Analysis
4.2.1 Classification Result Validation

In the computational part of this case study, we predefined Users A and C as transfer type and User
B as reduction type. This was to apply different optimization constraints and evaluate their potential. The
predefinition is based on general typical energy intensive user behavior patterns.

In a full scale research framework, validating the classification is a must. The standard route is to pull
statistical and time series features out of historical load data, run a clustering algorithm, and assign labels [22].
After that, a typical day curve is plotted for each class and within group similarity and between group
separation are scored to see whether the clusters line up with both the actual production process and the
predefined types: reduction type users usually show a smooth, flat profile, whereas transfer type users exhibit
pronounced peaks and valleys or clear operational cycles.

However, because this calculation is intended to showcase the carbon reduction potential assessment
process and its results under the given labels, the implementation and validation of a user classifica-
tion algorithm are outside the scope; the predefined categories are taken as the starting point for all
subsequent evaluation.

4.2.2 Carbon Reduction Potential Assessment

Based on the user classification and parameters set in advance, the CPO algorithm was utilized to
optimize the low carbon electricity consumption strategies for the three users. The key optimization results,
including the baseline carbon emissions, optimized carbon emissions, and CRP, are summarized in Table 1
and visually compared in Fig. 3.

Table 1: Summary table of key results for each User

Baseline Optimized Reduction
User Type CRP
P (kg CO,) (kg CO,) (kg CO,)
User A Transfer 3.2 x 1010 2.9 x 10'° 0.3 x 10'° 9.3%
User B Reduction 6.2 x 10! 5.8 x 10! 0.4 x 10" 6.7%

User C  Transfer 8.9 x 108 8.1 x 108 0.8 x 108 8.4%
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Figure 3: Bar chart of the comparison of carbon reduction potential assessment results for each User

The evaluation confirms that carbon reduction potential is type dependent. User A (transfer) posted a
9.3% drop by rescheduling demand, underscoring the payoft from load shifting. User B (reduction) delivered
a 6.7% cut by trimming overall use, matching the preset target. User C (transfer) recorded 8.4%, again
through timing tweaks. Both routes work, yet transfer type users, thanks to their load shifting headroom,
usually post the larger gain. The spread among them also shows that the size of the timing bonus hinges on
individual load signatures and the contemporaneous DCE pattern [23].

To deeply analyze the optimization behavior, Fig. 4 shows the pre and post optimization load curves
and DCE curves for each user over approximately 30 days. The optimization model operates on an hourly
resolution (T = 24) to generate optimal load schedules for each hour. To visualize the long-term effectiveness
and trends of the optimization strategy, the results are aggregated and presented on a daily basis in Fig. 4.
The daily load values represent the sum of the optimized hourly consumption for each day, offering a clear
overview of the overall impact over the approximately 30-day period. The DCE curves are also aligned with
this daily perspective for consistency.

The subplots for Users A and C make the time shift explicit. As intended for transfer type accounts, the
solver trims demand whenever the DCE spikes and pushes the same energy back into low DCE windows.
User C’s optimized curve spikes precisely when carbon intensity bottoms out, locking in the cleanest power.
User A follows the same rule, but the upward bumps are flatter and more spread out, so the low-carbon
capture is visibly weaker. That difference in how each load hugs the DCE trough explains why their carbon
savings diverge. User B’s plot shows the contrasting reduction strategy: the whole profile drops, with extra
cuts timed for the highest DCE hours, so the savings come from both fewer kilowatt hours and cleaner
kilowatt hours [24].
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Figure 4: Comparison chart of load curves before and after optimization with DCE

The superior performance of the CPO algorithm, as evidenced in Table 2, can be attributed to its
balanced exploration and exploitation capabilities, which are particularly well-suited for the complex low-
carbon optimization problem at hand. The search space is highly constrained by operational limits and
is non-linear due to the time-varying carbon emission factors. While traditional algorithms like GA can
struggle with premature convergence in such landscapes, CPO’s bio-inspired triple behavior strategy enables
it to dynamically navigate this complexity. It effectively explores broad regions of the solution space to avoid
local optima while precisely exploiting promising areas, which is crucial for identifying robust schedules that
minimize emissions without violating production constraints. This inherent advantage translates into faster
convergence, higher solution quality, and greater constraint satisfaction compared to the GA baseline.

Table 2: Performance comparison of CPO vs. GA

Dimension CPO GA Superiority
Evoluti Triple-behavi
Optimization mechanism  Bio-inspired strategy votonary Hip e-benavior
operators adaptation
Converges in 75 Converges in 98 30% faster
Convergence performance ) .
generations generations convergence
Computational efficiency 12.7 + 0.8 s/case 18.9 + 1.2 s/case 34% time reduction
Constraint satisfaction rate 98.6% 92.1% 6.5% higher feasibility
Parameter sensitivity Low sensitivity High sensitivity Enhanced robustness

Fig. 5 tracks the convergence of CPO and GA for all three users. Each curve plunges in the first iterations
and then flattens out. Across the board, CPO bottoms out at a lower final emission figure than GA, confirming
its stronger search capability. User B opens with a high fitness value caused by an early constraint violation
that the algorithm repairs almost immediately. Users A and C start from lower initial fitness levels and

converge just as reliably.
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Figure 5: CPO and GA convergence curve comparison

4.2.3 The Necessity of a Differentiated Framework

13

To explicitly contrast our differentiated framework with previous monolithic approaches, we conducted
a counterfactual analysis by applying mismatched optimization strategies to the enterprises. This analysis
demonstrates the pitfalls of applying a single, uniform optimization logic to all HECEs. The results are

summarized in Table 3.

Table 3: Performance comparison of correct vs. mismatched optimization strategies

Mi h
User Type CRP ismatched CRP change
strategy
User A Transfer 9.3% Forced reduction -4.1%
User B Reduction 6.7% Forced transfer ~4.4%
User C Transfer 8.4% Forced reduction -3.6%

This counterfactual analysis reveals the critical limitations of a monolithic approach through two
distinct failure modes: when forcibly implementing a transfer type on emission reducing enterprises (User
B), only 2.3% carbon reduction potential (CRP) can be achieved, while enforcing a reduction strategy
on transfer type enterprises (Users A & C) yields suboptimal results (5.2% and 4.8% CRP), which are
both technically and economically inferior to their load shifting potential. Consequently, our differentiated
framework, by tailoring strategies to inherent enterprise archetypes, provides more realistic, actionable, and
economically viable carbon reduction pathways, effectively overcoming the constraints of prior one size fits

all methodologies.

4.3 Discussion and Limitations

The specific CRP values are contingent on the local grid’s generation mix, which dictates the volatility
of the DCEE Consequently, the reported CRP percentages may not directly transfer to regions with stable,



14 Energy Eng. 2026;123(5):2

low-carbon grids (e.g., hydro or nuclear dominated), where load shifting potential for “transfer type” users
is diminished. Nevertheless, the differentiated evaluation framework itself remains universally applicable
and valid, providing a robust methodological approach for assessing enterprise level CRP across diverse
energy contexts.

Furthermore, the transferability of our findings differs significantly between the two enterprise
archetypes. For “reduction type” enterprises, the core strategy of lowering aggregate electricity consumption
remains a universally viable and effective carbon reduction pathway. This is because it directly decouples
emissions from production activity, regardless of the grid’s carbon intensity profile, making it applicable
even in stable, low-carbon grids. In contrast, the efficacy of strategies for “transfer type” enterprises is highly
context-dependent. Their potential is intrinsically linked to the temporal volatility of the grid’s DCEE. In
systems with minimal carbon intensity variations (e.g., hydro or nuclear dominated grids), the marginal
benefit of load shifting diminishes. Therefore, the primary strength of our proposed framework lies in its
ability to diagnose this very distinction, ensuring that realistic and economically rational strategies are
applied to each enterprise type based on the local energy context.

5 Conclusion

This paper proposes a novel evaluation framework to assess the CRP driven by the unique power
consumption behaviors of HECEs. The core strength of this framework lies in its departure from one size
fits all optimization models. Unlike prior studies that often employ a monolithic strategy, our approach
explicitly differentiates between “transfer” and “reduction” archetypes. This differentiation is critical, as it
provides more realistic and actionable carbon reduction pathways by aligning optimization objectives with
the inherent flexibility or lack thereof in an enterprise’s production processes. Based on case studies of
three HECE user groups classified by behavior (transfer type/reduction type), three conclusions can be
summarized as follows:

> The framework successfully quantifies the CRP achievable through DCEF guided behavioral opti-
mization. Transfer type users (Users A and C) demonstrated significant emission reduction potential
via load shifting, achieving CRPs of 9.3% and 8.4% respectively. This highlights the effectiveness of
adjusting electricity usage timing based on DCEFE. The “reduction type” user (User B) achieved a
notable CRP of 6.7%. This outcome exceeds their base 5% power reduction target and is primarily
attributed to the strategy of prioritizing load cuts during high DCEF periods while meeting the overall
reduction constraint;

> The effectiveness of the proposed framework relies on a robust optimization algorithm. The Chinese
Pangolin Optimization algorithm adopted in this study is proven effective, exhibiting good conver-
gence performance and efficiently determining stable low carbon operation strategies under complex
constraints. Comparative analysis with the Genetic Algorithm demonstrated that CPO consistently
achieved better optimization results (lower final carbon emissions) across all user types within the
same number of iterations;

> The results highlight that the effectiveness of emission reduction potential via load shifting (as
seen in Users A and C) hinges on the volatility of DCEF and users’ specific load characteristics
and operational flexibility. Differences in their shifting patterns relative to the DCE curve lead to
variations in achievable CRP. The findings also confirm that even targeted power reduction (User B)
can significantly benefit from time-aware scheduling based on dynamic carbon intensity, leading to
CRP exceeding the simple volume-based reduction target.

Furthermore, the behavioral and operational focus of our framework constitutes a major practical
advantage. It offers alow-cost and readily implementable alternative to capital intensive technology upgrades.
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For many HECEs, particularly those facing financial or technical constraints, optimizing electricity usage
patterns represents an accessible and effective first step toward reducing their carbon footprint, potentially
unlocking capital for deeper, long-term technological investments later.

6 Future Work

This study lays the groundwork for assessing the carbon reduction potential of HECEs through
behavioral optimization. Several promising directions emerge for future research to extend and enhance the
proposed framework:

> Advanced Optimization with Reinforcement Learning: The current model utilizes a metaheuristic
approach for deterministic optimization. Future work will explore the application of Reinforcement
Learning (RL) methods to develop more adaptive and intelligent decision-making systems. RL is
particularly suited for sequential decision-making in uncertain environments, such as the power grid.
Following the paradigm demonstrated in [25] for offshore wind farms, an RL based agent could
be trained to continuously learn and refine HECEs’ load shifting strategies in real-time, directly
interacting with a simulated or actual grid environment to maximize long term carbon reduction
rewards;

> Robust Optimization under Uncertainty: A key limitation to address is the inherent uncertainty in
predicting DCEFs. To enhance the robustness and reliability of the optimization results, our future
models will incorporate these uncertainties explicitly. We plan to adopt a stochastic optimization
framework that distinguishes between exogenous uncertainty (e.g., from renewable generation and
fuel prices) and endogenous uncertainty (e.g., from the evolution of grid infrastructure and market
rules), as conceptualized in [26]. This approach will yield optimization strategies that are resilient to a
wide range of possible future carbon intensity scenarios, ensuring more dependable carbon savings;

> Linking Operational Flexibility to Strategic Grid Planning: Finally, we intend to investigate how
the quantified demand side flexibility from HECEs can inform long-term, strategic grid investment
planning. The methodological framework presented in [27] for differentiating between strategic and
incremental grid investments provides a powerful lens for this analysis. By modeling the collective
carbon reduction potential and load-shifting capacity of HECEs, our future research will explore how
this flexible demand can defer or reduce the need for costly grid reinforcement, thereby optimizing
infrastructure investments and accelerating the transition to a low-carbon power system.
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