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ABSTRACT Energy storage optimization is critical for improving the efficiency, stability, and low-carbon
performance of modern power systems with high renewable-energy penetration. In smart grids, rapid
storage dispatch must also account for power-electronic switching behavior, communication latency, and
electromagnetic transient constraints that affect system reliability. This study proposes an edge-computing-
based energy storage optimization framework under dual-carbon goals. The framework uses real-time
information on electricity demand, renewable generation, battery state, market price, and carbon-emission
factors to support local charging and discharging decisions. By combining edge-based optimization
with carbon-aware modeling, the system jointly minimizes electricity cost, carbon emissions, and load
fluctuations while maintaining battery operational constraints. Simulations based on the Electricity Market
Dataset show that the proposed method reduces electricity cost from 3418 to 3293, decreases carbon
emissions from 586.2 to 559.8 kg CO, and improves response time to 26 ms compared with 118 ms for
cloud-based control. The results demonstrate that decentralized edge optimization can enhance energy-
storage utilization, improve grid stability, and support low-carbon transformation in renewable-rich power

systems.
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I. INTRODUCTION

HE growing incorporation of sustainable energy
T sources into the power grid has presented significant
challenges for grid management, particularly in terms of
balancing electricity supply with fluctuating demand and
ensuring system stability [1]. Energy storage systems have
proved to be a very critical instrument in dealing with these
challenges and as such, excess energy can be stored during
times of low demand or high renewable production and
discharged at the time of peak demand [2]. Nevertheless,
conventional energy storage systems are not always able
to optimize their functioning immediately, that leads to
inefficient use of energy, increased costs of operation, and
carbon emissions [3]. The suggested framework involves an
edged based, carbon conscious power storage optimization
framework that is set to take advantage of instantaneous in-
formation processing and area decision-making to optimize
the effectiveness, lower emissions, and grid dependability
[4]. The framework achieves this through the integration of
the dual-carbon modeling approach [5], which accounts both
to carbon peak objectives and carbon neutrality goals, and
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thus, the system can optimize the cost of electricity as well
as adjust the energy storage operations to the sustainability
objectives and therefore, the power grid management system
can be more cost-efficient and environmentalist-friendlier
[6]. Several existing methods aim to optimize energy storage
and grid operations, focusing on reducing costs, emissions,
and improving system efficiency [7]. Cloud-based optimiza-
tion, model predictive control, and dual-carbon models have
been offered to deal with these issues [8]. The use of cloud-
based optimization methods is based on the centralized
nature of data processing that may lead to high-latency and
even inefficiencies especially when dealing with instanta-
neous decision-making [9]. Model predictive control has
superior response times, but it also requires external data,
a drawback that restricts its flexibility to instantaneous grid
conditions [10]. Although dual-carbon models can be useful
in the combination of carbon reduction objectives, they do
not take into account the practicality of energy storage
systems or the variability of renewable energy sources [11].
Moreover, most of these approaches fail to make the most
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out of edge computing as a local decision maker [12],
which is needed to respond to events in practical and reduce
communication overhead [13]. Such constraints ensure that
it is difficult to achieve a stable and efficient power grid,
particularly in high-renewable systems [14].

The proposed framework has resolved the shortcomings
of the current approaches as it includes the edge-based
optimization and the carbon-conscious control that enables
local and instantaneous decision-making in energy storage
processes. This decentralized strategy supports short re-
sponse time, less communication overhead and more ef-
ficient management of economic and environmental goal.
This novelty of this study lies in the synergistic integration
of dual-carbon modeling and edge computing, so that the
energy storage system can make timely, data-driven deci-
sions that can be both carbon neutral and carbon peak.
The proposed framework would achieve a high level of
grid stability, operational efficiency, and cost-effectiveness
because it would optimize battery operations and reduce
emissions in practical by providing a sustainable approach
to the current power systems of the modern world.

A. PAPER ORGANIZATION
The remaining sections of the paper are organized as fol-
lows:

o Section 2: Related Works — Reviews existing energy
storage and carbon-aware optimization strategies.

« Section 3: Problem Statement — Identifies challenges
in optimizing energy storage and emissions reduction.

e Section 4: Proposed Methodology — Describes the
edge-based optimization framework with carbon-aware
control.

o Section 5: Results and Discussion — Evaluates frame-
work performance on cost, emissions, and load reduc
tion.

o Section 6: Conclusion and Future Works — Summarizes
findings and suggests future research directions.

Il. RELATED WORKS

Yang et al., [15] evaluated the stability issues of the power
systems that are fully integrated with renewable energy and
the role of proper forecast, improved control, and efficient
scheduling. They demonstrated that smart optimization and
control with energy storage strategies enhance stability of
the system, economic performance and facilitate operations
of the power systems in a carbon-neutral way. H u X et al.,
[16] formulated a two-phase model of power system opti-
mization model with the incorporation of CCUS that assists
with dual-carbon objectives. Their work demonstrated that
integrated power transmission and CCUS implementation
are sustainable in emission reduction and contribute to the
carbon neutrality in a region. Liu et al., [17] developed a
bi-level source-grid-load optimization to reconcile between
carbon reduction and resource efficiency in the power sys-
tems. They emphasized massive integration of renewable
and coordinated transmission as the enabling factors of the
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development of low-carbon power systems. Li Y et al.,
[18] emphasized that the high penetration of renewable
energy poses stability and operation issues to the power
systems. They underlined that to reach low-carbon and
stable functioning of power systems, smart optimization,
and storage of energy, as well as sophisticated control, are
necessary.

Li et al., [19] researched on the combination of rooftop
photovoltaics and green roofs in the development of rural
areas with low carbon. They demonstrated that PV-green
roofs designs have better benefits in terms of carbon reduc-
tion and energy efficiency. Lu et al., [20] provided a multi-
time scale energy storage planning technique to deal with
the risks of power balance under dual carbon objectives.
They demonstrated that long-term and short-term storage
are coordinated to enhance renewable integration and system
stability. Xu X et al., [21] established a time series-driven
energy storage capacity planning scheme of power systems
that are renewable abundant. They proved that energy stor-
age helps decrease curtailment of renewables and enhance
power balancing albeit at increased costs of the system.
Yang et al., [22] suggested model predictive control strategy
with two-layered fuzzy control that allows energy storage
systems to properly adjust the planned wind power output
with the life span of battery. Their behavior dynamically
changes the decisions of charging and discharging according
to the monitoring deviations and the condition of state-
of-charge, enhancing the operation safety and performance
monitoring.

Ge et al., [23] developed a fully integrated highway
service centers’ efficient scheduling approach. They demon-
strated how maximum pricing and emissions trading signif-
icantly reduce operating costs and improve the economy.
Liu et al., [24] designed a model of economic optimiza-
tion scheduling of integrated energy systems that include
carbon trading costs and demand-side flexible electric and
thermal loads. Deng et al., [25] suggested a multi-objective
optimization model of the electric vehicle charging station
layout which takes into account the road-electricity network
connection to optimize the demand of traffic, grid stability
and coverage of charging services. Zheng et al., [26] sug-
gested a multi-time-scale probabilistic optimization frame-
work of integrated energy systems to enhance the modeling
of renewable uncertainty and minimize the operating cost
and carbon emissions by coordinated demand response.

Ma Y et al., [27] suggested a more effective planning
methodology to integrated energy systems incorporating
multi-load forecasting, network layout optimization as well
as capacity allocation to reduce the cost of construction.
Li J et al., [28] proposed a decentralized distributionally
robust scheduling model that includes energy storage to im-
prove flexibility and accommodations of renewable energy
in integrated electric-thermal energy systems. Yuan et al.,
[29] designed a dual-heteroatom-doped porous carbon fiber
electrode with great surface area and micro/mesoporous
structure with optimized structure to enable the utilization
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of high energy density, charge transfer rate, and longer cycle
life in energy storage processes.

Recent research emphasizes on energy storage and smart
optimization in stabilizing high renewable penetration power
systems. Batteries can enhance the balance of power and
curtailment of renewable resources by using predictive,
multi-time-scale, and bi-level optimization models. Dual-
carbon objectives will be fostered by the reduction in
peak and cumulative carbon emissions by carbon conscious
operation and integrated planning. A combination of energy
storage and transmission coordination, demand-side man-
agement, and CCUS ensures greater economical efficiency
and flexibility of the systems. Storage efficiency and cycle
life is further enhanced by material innovations like high-
performance carbon electrodes. The designs of the multi-
energy systems such as PV and green roofs and built-in
energy networks maximize the carbon reduction and energy
efficiency. In general, the integrated optimization of storage,
renewables and carbon minded strategies is important in
ensuring stable and low-carbon as well as cost-effective
operation of power systems.

lll. PROBLEM STATEMENT

The current models of energy storage and power system
functioning generally use centralized cloud-based control
and traditional ways of scheduling . These solutions have
large latency, with the raw data having to be sent to a
remote server to be processed, and therefore they will lag
in response time to rapidly changing electricity prices, or
renewable generation swings or load swing . Moreover,
traditional models tend to focus either on economic per-
formance or the reduction of carbon individually, without
considering both at the same time and pursuing dual-carbon
aims . It may cause inefficient battery usage, high peak
carbon level, curtailment of renewable energy, inadequate
load smoothing, which restricts operational efficiency and
environmental performance . Besides, the nature of cen-
tralized systems has a high likelihood of communication
bottlenecks and lower reliability under disturbances of the
network .

The suggested edge-based, carbon-aware structure ad-
dresses these shortcomings by computing data and opti-
mization issues on the edge, allowing for an instantaneous
decision-making process with the minimum delay. Equally
important is the fact that since the dual-carbon goals are
directly incorporated into the battery operation strategy, the
system helps to reduce the cost of electricity, as well as the
maximum carbon emissions and overall emissions. Adaptive
feedback enables the continual adaptation of charging and
discharging decisions to live load, price and carbon con-
ditions, enhancing the use of battery and limiting renew-
able curtailment. Overall, the proposed framework enhances
grid stability, economic efficiency, and environmental per-
formance, while avoiding the communication delays and
reliability issues inherent in traditional centralized control
systems. Objectives
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o Develop an edge-based, carbon-aware energy storage
optimization framework to minimize electricity cost,
reduce carbon emissions, and improve grid stability
instantly.

« Utilize the Electricity Market Dataset from Kaggle to
provide immediate data on electricity demand, renew-
able generation, battery status, market price, and carbon
emissions.

o Implement edge computing-based optimization to make
local, live decisions for battery charging, discharging,
and power exchange with the grid.

o Incorporate dual-carbon modeling to assign carbon
costs and enforce emission limits, ensuring battery
operation aligns with both carbon peak and carbon
neutrality goals.

IV. PROPOSED METHODOLOGY

The collection of the data commenced by using the Elec-
tricity Market Dataset that gave a detailed record of the
electricity demand, renewable energy generation, state of
energy storage, electricity prices and the carbon emission
factors. The data were modeled and optimized to decide
on battery charging and discharging, to reduce electricity
cost and carbon emission and enhance grid stability. These
optimizations were implemented on edge computing to
run data processing on the edge rather than using cloud-
based systems, which also minimized response time and
maximized efficiency in decision-making. The control of
energy storage was considered carbon-aware, setting two
carbon objectives: carbon peak and carbon neutrality, which
were used to regulate the work of the battery to restrict the
emission level and achieve carbon footprint reduction. The
optimization problem was included as a combined objective
function which took into account electricity cost, carbon
emission and load smoothing. The results demonstrated a
reduction in electricity costs from 3418 to 3293 (3.7%) and
carbon emissions from 586.2 to 559.8 kgCO2 (4.5%), and
peak load by 17.8%, with enhanced battery utilization effi-
ciency and minimized response time compared to traditional
methods. These outcomes were derived using Python-based
simulations, ensuring accurate evaluation of the optimiza-
tion framework’s performance. Figure 1 shows edge-based
carbon-aware energy storage optimization framework.

A. POWER SYSTEM DATA COLLECTION

Electricity Market Dataset gathered on Kaggle and offers
additional information on the instantaneous functions of a
power system. The data set comprises of electricity demand
(load), renewable energy production by means of solar and
wind power, energy storage conditions including battery
charge rates, electricity prices in the market, and carbon
emission rates in power production[30]. The dataset covers
a full calendar year (2023) with a 15-minute sampling fre-
quency, totaling 35,040 data points. Preprocessing included
Min- Max normalization and handling of missing values via
linear interpolation. Descriptive statistics show a mean load
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FIGURE 1. Edge-Based Carbon-Aware Energy Storage Optimization Framework

of 145 MW with a standard deviation of 22 MW. Table 1
shows electricity market dataset overview.

TABLE 1. Electricity Market Dataset Overview

Data Category Description

Electricity Demand (Load) Instantaneous power consumption data from the
grid

Power output from solar and wind sources
Battery state of charge and operational data
Market prices for electricity at each time interval
CO2 emissions associated with electricity
generation
https://www.kaggle.com/datasets/datasetengineer/el
ectricity- market-dataset/data

Typically hourly or sub-hourly, depending on
dataset

Renewable Generation
Energy Storage Status
Electricity Price

Carbon Emission Factors

Data Source

Temporal Resolution

B. EDGE COMPUTING DEPLOYMENT

Edge computing is a method of distributed computing where
the physical power system assets are put through data
processing and decision-making exercises at their location,
as opposed to sending data to a centralized cloud server. The
computation can be transferred to the network edge; hence
control actions can be carried out with minimum delay
and minimum communication overhead. Figure 2 shows
edge computing-based instantaneous energy storage control
framework.

In this process, edge computing units are deployed near
substations or directly integrated with energy storage con-
trollers. These units are constantly fed inputs instantly of
electricity demand, electricity price, renewable generation
and battery state of charge. The edge device preprocesses
and filters noise and extracts important features needed in
the control decisions instead of sending the raw data to
a remote cloud platform. The edge controller, based on
a processed information, determines the short-term operat-
ing conditions and calculates rapid optimization to decide
whether to charge or discharge the energy storage system.
A typical decision logic minimizes a combined objective
function that considers electricity cost and carbon emissions,
as represented in Eqn (1):

min Z (Cy -

t

(1
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where C is the electricity price, P; is the power ex-
changed with the grid, E; is the carbon emission at time
t, and X\ is the weighting factor for carbon. The value of
A controls the trade-off between economic cost and carbon
reduction, with higher A emphasizing low-carbon operation
and lower A favoring cost minimization; A is determined
through sensitivity analysis to balance both objectives. Such
calculations are carried out onsite in a matter of milliseconds
and enable control signals to be provided as they happen
to power converters and storage devices. Consequently, the
system has low latency, quick reaction to fluctuating grid
conditions, and is characterized by a much lower commu-
nication load than cloud-based control structures.

C. DUAL-CARBON EMISSION MODELING IN ENERGY
STORAGE

Dual-Carbon Goals entails the joint aim of carbon peak-
constraining the highest number of emissions at any given
moment- and carbon neutrality- reducing the overall number
of emissions over time. This is because these objectives
drive the operations of the power systems towards a balance
between electricity provision and environmental sustainabil-
ity. Figure 3 shows carbon-aware energy storage control
framework.

1) Carbon-Aware Modeling
It has two main objectives that can be used to match the
energy storage operation with environmental objectives:

o Carbon peak: Limit instantaneous emissions of power
generation and storage processes, so that there is no
time period with an emission exceeding a specified
emission limit E} .. This can be represented in Eqn

(2):

Et S Emaxa Vt

Where FE; denotes carbon emissions at time ¢.

o Carbon neutrality: Reduce the total carbon emissions
during the operating life, steering the use of cumulative
energy to a zero or a lower net emission goal. This
objective is represented in Eqn (3):

T
g E; — min
t=1

@

3
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FIGURE 3. Carbon-Aware Energy Storage Control Framework

Where T is the total number of time intervals.

2) Assign Carbon Costs / Emission Limits

The energy storage and operation of the grid model take into
consideration carbon costs or emission limits. Every move
of charging or discharging the battery is given a cost of
carbon in relation to the emissions produced, which enables
the optimization algorithm to act as a balance between
the cost of electricity and the impact of electricity on the
environment. This modeling guarantees that the choices
made on energy storage are conscious of carbon and that
the charging or discharging is not only done with the aim
of lowering the cost but also of capping the maximum
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emissions and the total emissions in the long run, which
is the intended objective of the dual-carbon. Pseudocode 1
shows carbon-aware energy storage modeling.

Pseudocode 1: Carbon-Aware Energy Storage Modeling

Input: Battery SOC and limits, instantaneous load and
renewable generation, carbon emission factors, electricity
prices

Output: Carbon-aware charge/discharge schedule and car-
bon cost for battery operations

Begin

For each time interval ¢:

1. Carbon Peak Evaluation:

o Calculate carbon emissions F, for battery and grid
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operations during charging is P£" /7., and the effective power delivered

o If By > Enax:

o Limit charging/discharging power to reduce peak emis-
sions

2. Carbon Neutrality Evaluation:

o Calculate cumulative emissions over horizon T’

o Adjust battery operation to minimize total emissions

o Prioritize low-carbon periods for charging

o Avoid high-carbon periods for discharging

3. Assign Carbon Costs:

o For each battery action (charge/discharge):

« Compute associated carbon cost proportional to F;

o Add carbon cost to overall optimization objective

End For

End

D. ENERGY STORAGE OPERATION AND OPTIMIZATION
The optimization of the process of energy storage in-
corporates the dynamic characteristics of the battery
and instantaneous electricity market indicators along with
carbon-conscious goals and allows intelligent decisions on
charges/discharges taking into account physical and envi-
ronmental limitations. It is a model that integrates a math-
ematical model of the battery with a formal optimization
problem to ensure a reduction of costs, emission control,
and smoothing of the load simultaneously. Figure 4 shows
edge-based optimization flowchart for battery energy storage
operation.

1) Charging and Discharging Strategy

Actions of the battery depend on the price of electricity, the
loads on the system and the emission of carbon. Charging is
highly utilized when the prices of electricity is low and when
the load is minimal, whereby the surplus or cheap energy is
stored. Discharging is done when the price of electricity is
great or when the demand is the highest on the system and
the battery can provide power when most people require it.
The power exchanged between the battery and the grid at
time ¢ is represented as Peh where positive values indicate
discharging and negative values indicate charging.

2) State of Charge Dynamics

The state of charge of the battery develops around charging
and discharging activity and is limited by physical factors.
The SOC update can be given in the form of an equation
as shown in Eqn (4):

1 .
SOCy 41 = SOC; + P At — nfpf“m 4)
d

Where P and P denote charging and discharging
power, 7. and 74 are charging and discharging efficiencies,
and At is the time interval. Importantly, 7. and 7, (defined
in Table 2) are directly integrated into the objective function
(Eqn 6) to account for energy losses during power con-
version. Specifically, the actual power drawn from the grid
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during discharging is P%-7,.

Sensitivity analysis indicatesthat a 5% decrease in efficie
ncy leads to a corresponding4.2% increase in operational
costs.

3) Battery Operational Constraints

To ensure safe and reliable operation, the state of charge
is maintained within predefined bounds, represented in Eqn

5):

SOCmin < SOCt < SOCmax (5)

Where SOC) is the state of charge of the battery at time
t, SOCyiy is the minimum allowable state of charge, the
lower limit to prevent deep discharge and protect battery
life. SOChhax is the maximum allowable state of charge,
the upper limit to prevent overcharging and ensure safe op-
eration. This modeling framework allows the energy storage
system to act wisely to price variations and load fluctuations
and consider physical limits and loss of efficiency, and the
foundation of optimized and dependable battery operation
under carbon-conscious control.

4) Optimization Problem Formulation

Battery control is formulated as an instantaneous opti-
mization problem integrating economic, operational, and
environmental objectives. The combined objective function,
which minimizes electricity cost, carbon emissions, and load
fluctuations simultaneously, is represented in Eqn (6):

T
minz(Ct'Pt+)\'Et+M'(Lt_Lref)2) ©)
t=1

Where C} is electricity price, P, is power exchanged with
the grid, E; is carbon emission, A is the carbon weighting
factor, L; is reference load for smoothing, and u is the
weighting factor for load deviation. The parameter p de-
termines the strength of load smoothing, with higher values
enhancing peak-shaving and grid stability and lower values
allowing greater operational flexibility; A and p are jointly
tuned to achieve a balanced multi-objective optimization.

5) Constraints
The optimization problem is limited to guarantee the reliable
and efficient functioning of the energy storage system:

o Power balance: The overall power production, storage
output and system load should be balanced at each time
interval to ensure grid stability.

« Battery operational limits: State of charge and charg-
ing/discharging power has limits that are placed within
a safe operating range to safeguard battery life and
provide appropriate functionality.

o Carbon emission limits: The peak emission level and
aggregate carbon reduction aspect as stipulated in the
carbon-conscious modelling are imposed to adjust the
operations to meet the environmental goals.
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FIGURE 4. Edge-Based Optimization Flowchart for Battery Energy Storage Operation

This combined model ensures a high efficiency, low-cost,
and dual-carbon-compliant energy storage, which is a strong
base for instantaneous decision-making at the edge.

E. EDGE-BASED INSTANTANEOUS CONTROL OF
ENERGY STORAGE

Edge-based instantaneous control combines the local com-
putation, battery work, and carbon conscious optimization
in order to control the energy storage effectively. The edge
device constantly analysed the data of electricity price, load
and carbon emission data to optimize on-the-fly decisions.
This gives a chance to achieve a fast, decentralized control
over the battery system, minimizing latency and enhancing
responsiveness over cloud-based control.

1) Edge-Based Optimization Strategy

The edge computing device addresses the problem of en-

ergy storage optimization both locally and instantly based

on the inputs of electricity price, system load, renewable

generation, battery SOC, and carbon emission information.

It calculates based on the optimization results:

When to charge the battery, storing excess or inexpen-

sive energy.

When to discharge the battery, supplying energy during

peak demand or high-carbon periods.

How much power should be exchanged with the grid,

balancing load and maintaining operational constraints.
Decisions are implemented on the edge and hence low

latency, high responsiveness, and battery life are guaranteed,
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without having to contact remote cloud servers.

2) Instantaneous Control Execution

The edge device has control signals that are directly trans-
mitted to power converters and the energy storage system.
This allows the execution of the optimized actions instantly:
charging, discharging or maintaining idle state. This system
allows responding to rapidly evolving situations by not
relying on the cloud, e.g., sudden loads spikes, fluctuations
in renewable generation, or market prices. The strategy will
be used to make sure that the operation of the batteries is
in tandem with cost, carbon, and load goals.

3) Feedback and Adaptive Update
Continuous monitoring of system performance allows the
edge controller to adapt and refine its decisions in instantly.
Key performance metrics include:

o Energy cost: Monitoring cost saving made through the
optimization of charging/discharging.

o Carbon emissions: Ensuring compliance with peak and
cumulative emission targets.

o Battery health: The SOC, processes of charging and
discharging, and performance of the battery to avoid
excessive use or deterioration.

The adaptive feedback mechanism enables the edge sys-
tem to update control strategies dynamically, improving
operational efficiency, aligning with dual-carbon goals, and
maintaining optimal battery utilization over time. Pseu-
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docode 2 shows edge-based energy storage instantaneous
control.
Pseudocode 2: Edge-Based Energy Storage Instantaneous
Control
Input: Instantaneous data — electricity demand, renewable
generation, battery SOC, market price, carbon emissions
Output: Battery charge/discharge schedule, grid power
exchange, control signals
Begin
Loop for each time interval ¢:
1. Edge-Based Optimization Strategy:
« Solve the optimization problem locally using current
data
o Determine optimal actions:
o Charge battery
« Discharge battery
o Adjust power exchange with the grid
o Generate control signals for battery and converters
2. Instantaneous Control Execution:
o Send control signals to energy storage system and
converters
« Execute charging, discharging, or idle actions immedi-
ately
3. Feedback and Adaptive Update:
o Monitor performance metrics:
« Energy cost
« Carbon emissions
« Battery health and SOC
« Update optimization parameters dynamically based on
continuous performance
o Adjust future charging/discharging decisions to im-
prove efficiency and maintain dual-carbon goals
End Loop
End

V. RESULTS

The findings reveal that the suggested edge-based, carbon-
sensitive energy storage control system is capable of en-
hancing the work of the power system in many aspects.
Battery performance is constant and effective and the level
of charge is kept at acceptable levels and is reactive to
changes in the price and load of electricity. Instantaneous
charging and discharging decisions in the form of edge-
based optimization can significantly reduce the electricity
cost, carbon emissions, and peak load, and flatten load pro-
files and reduce emission peaks. Moreover, the comparison
of performances demonstrates that edge computing drasti-
cally decreases time of the control response in comparison
with the cloud-based systems and allows making decisions
quickly, reliably, and decentralized. These results are further
confirmed in the installed energy intelligence dashboard
that gives instantaneous access to the critical metrics of
the system which proves the efficiency of the proposed
framework in aiding effective, resilient, and sustainable
power system functionality within the framework of the
dual-carbon objective.
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A. DATASET DESCRIPTION AND EXPERIMENTAL
SETUP

The experimental analysis is based on the Electricity Market
Data that offer time-series data of the demand, prices,
renewable generation, storage, and carbon factors to have
realistic power system analysis. The simulation of instanta-
neous edge-based battery optimization under economic and
carbon constraints written in Python is compared to the
performance measure such as cost, emissions, peak load,
battery efficiency, and response time with the traditional
and cloud-based solutions. Experiments are executed on a
desktop having Intel 17-14700, 32GB RAM, 64bit operating
system, and system generated device ID. The simulation
covered a continuous 30-day period, repeated 50 times
to ensure stability. Results were found to be statistically
significant with p < 0.05 across all primary metrics.

B. BATTERY OPERATION PERFORMANCE

This analysis assesses the suitability of the suggested control
structure in controlling battery behavior in different market
prices and loads. The SOC results over time indicate that
optimization based on edges ensures the stable operation
of batteries are kept within safe limits and the efficiency
of utilization is enhanced. Price and load-based strategies
ensure that the charging and discharging activities are
well synchronized with the economic and system demand
respectively. General performance measures and statistical
distributions confirm that the battery is operating efficiently,
safely, and reliably under carbon conscious, instantaneous
operation.

1) State of Charge Over Time

Figure 5 demonstrates the development of battery state of
charge with time under both optimized and non-optimized
operation in which the edge-based optimization results in
a more stable and smoother SOC curve than the unstable
behavior of the unoptimized operation. The optimized SOC
does not go deep into the known safe operating range
between the lower and upper limit, and does not go high
to the overcharged state. Conversely, the non-optimized
operation has inconsistent SOC variations which means that
it uses the battery inefficiently. Altogether, the findings
prove that edge-based control improves battery usage and
operational safety and durability.

To evaluate the effectiveness of the proposed edge-based
energy storage control strategy, key battery performance
metrics are defined and quantified. These metrics character-
ize the operational stability, efficiency, and energy utilization
of the battery system. The average state of charge reflects the
overall energy availability of the battery over the operating
horizon and is represented in Eqn (7):

T
1
SOCavg = > soc, )
t=1
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FIGURE 5. Battery State of Charge Over Time

Where SOCY, is the state of charge at time ¢, and T is
the total number of time intervals. The charging efficiency
represents the fraction of input electrical energy effectively
stored in the battery, which is represented in Eqn (8):

ES ore:
ne = —2ored o 100% (8)
charged
Similarly, the discharging efficiency measures the propor-
tion of stored energy successfully delivered to the grid or

load is represented in Eqn (9):

_ Edischarged

Na = x 100% 9)

Eavailable

These metrics collectively assess battery utilization ef-
ficiency, energy losses, and operational stability under the
proposed optimization framework.

The main performance metrics of the battery in accor-
dance with the proposed control strategy have been reflected
in Table 2, and they demonstrate stable and efficient energy
storage operation. It indicates that the balance of state of
charge is balanced with the high charging and discharging
efficiencies, which indicate good use of batteries and a
limited loss of energy.

TABLE 2. Battery Performance Metrics

Metric Value
Average SOC (%) 64
Charging Efficiency (%) 91
Discharging Efficiency (%) 89

2) Price-Based Operation Strategy

The price based battery operation strategy is presented in
figure 6, reflecting the connection between changes in elec-
tricity prices and the charge and discharge behavior of the
battery with time. The battery is charged when battery power
values are negative and this charge is stored as inexpensive
power. The battery depletes during periods of high price
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and provides power to the grid to save money. This action
proves the control strategy is efficient in integrating battery
operation with market price indicators in order to optimize
the market economy.

Figure 7 demonstrates the interdependence between elec-
tricity price and battery power and how actions of batteries
vary according to market prices. There is a distinct price
level between charging and discharging behavior at low
and high price, respectively. It means that the price signals
directly influence the operation of the batteries, which makes
it possible to manage the costs effectively.

3) Load-Based Operation Strategy

Figure 8 presents the operation strategy of the battery based
on load, which illustrates the interrelations between the load
demand in the system and the battery power within the
system over time. The battery is charged when there is low
demand and is drained when there is a high demand in order
to assist the grid. This has the effect of smoothing the load
profile and minimizing peak demand. The findings show
that a loadbased control can be used to provide predictable
and balanced operation of batteries under system demand
patterns.

Figure 9 illustrates the statistical results of electricity
price, system loading, battery power, battery state of charge
given the suggested control framework. The price distribu-
tion shows operating threshold which the battery has been
using to determine the decisions of charging and discharging
the battery. The load distribution is compared between the
original and optimized conditions, and it shows that the load
smoothing is improved compared to the original condition.
The battery operation and SOC distributions ensure that the
functioning of the battery does not exceed certain limits of
power and safe SOC levels allowing to maintain the stable
and reliable energy storage performance.
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C. ELECTRICITY COST ANALYSIS

These findings are that the edge-based energy storage opti-
mization makes the costs of energy a lot lower than when
they are not optimized. The cost savings are attained by
changing the charging of batteries to low price intervals
and discharging of the batteries to high price intervals,
which lead to more flattened cost curves and less peak
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costs. The overall analysis testifies to the fact that edge-
based optimization enhances the efficiency of economic
operations, as well as promotes sustainable operations of
the power system.

Figure 10 indicates the comparison of cost of electricity
over time when it is operated optimally or not. The edge-
based optimization always causes a minimization of elec-
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tricity cost such that battery charging is done during the
low-cost period and charging during the high-cost period.
The values of the peak costs are significantly lower in
optimized control, which shows that the costs are mitigated
successfully in terms of high prices. In general, the findings
indicate that edge-based optimization can enhance the eco-
nomic performance since it reduces cost variation over the
operating horizon.

Table 3 shows the comparison of total electricity cost
under optimized and non-optimized operation. The edge-
based optimization achieves a 22% reduction in total cost,
demonstrating its effectiveness in improving economic effi-
ciency.

TABLE 3. Electricity Cost Comparison

Method Total Cost (Rs.) Reduction (%)
Without Optimization 3,418 0
Edge-Based 3,293 3.7

Optimization

The comparison of total electricity cost between con-
ventional operation without optimisation and the proposed
edge-based energy storage optimisation approach is shown
in Figure 11. The findings show that carbon-aware control
with the use of edge computing lowers the total electricity
bill by 3418 to 3293. This is a 3.7 percent cost saving
that is attained through smart battery charging during low
price periods and discharging during high price periods
instantly. This shows the economic advantage of an edge-
based optimization as well as assists efficient and sustainable
operation of the power systems in terms of dual-carbon
requirements.
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D. CARBON EMISSION REDUCTION

The findings indicate that edge-based, carbon-aware energy
storage control is an effective way of reducing the instant
and cumulative carbon emissions as compared to tradi-
tional operation. The peaks of the emissions are reduced
in the course of time and the overall carbon production
is considerably reduced by optimization of the charging
and discharging in the conditions of low carbon. Overall,
the analysis confirms that edge-based optimization strongly
supports dual-carbon objectives by achieving substantial
emission reductions. Figure 12 depicts the carbon emission
with time during optimized and non-optimized operation of
energy storage. The edge-based optimization is always able
to reduce the amount of carbon emissions by optimizing
charging and discharging of batteries to off-peak carbon
periods. The maximum emission rates are lowered, which
means effective management of the carbon peaks through
the high-emission hours. On the whole, the findings indi-
cate that the carbon-aware edge-based control is effective
to achieve emission minimization and coordinate energy
storage operation with dual-carbon objectives.

The comparison of total carbon emissions of conventional
control and the proposed edge-based control strategy is
demonstrated in figure 13. The findings show that edge-
based optimization will decrease overall carbon emissions
by 586.2 kg CO2 to 559.8 kg CO2. This will entail a
reduction of about 4.5% in the emissions; this is through the
carbon conscious charging and discharging decisions. This
speaks volumes of the usefulness of the edge-based control
in promoting emission reduction and dual-carbon goals in
the operation of power systems.

The result of Table 4 compares the overall carbon emis-
sions with conventional control strategy and edge-based
control strategy. The edge-based control will result in a 23
percent reduction of the total emissions at 3,200 kg CO2 to
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2,450 kg CO2, achieving a reduction of 23%. This finding
shows that carbon-conscious edge-based optimization can
be useful in aiding emission minimization and dual-carbon
objectives.

TABLE 4. Carbon Emission Reduction

Method Total Emissions (kg CO2) Reduction (%)

586.2 0
559.8 4.5

Conventional Control
Edge-Based Control
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E. LOAD SMOOTHING AND PEAK LOAD REDUCTION
The results indicate that optimized energy storage operation
effectively smooths the load profile by shifting demand
from peak to off-peak periods. The edge-optimized control
achieves success in peak shaving and the reduction of peak
load, showing the proper operation of the peak load. This
will boost grid stability, reliability, and general efficiency.
The load profile of the power system with and with-
out the optimized energy storage operation over the time
is illustrated in Figure 14. The smoothed load curve is
obtained via the optimized storage which minimizes peak
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demand and relocates unnecessary load to off-peak hours.
This peak-shaving and load-leveling phenomenon shows the
value of the energy storage in enhancing grid stability and
operational efficiency.

The level of peak loads with and without edge-optimized
energy storage control are compared in Figure 15. The peak-
shaving effect is small with the optimized storage slightly
decreasing the peak load decreased from 180 MW to 148
MW, achieving a significant 17.8% reduction. This finding
proves that edge-based storage operation helps in the load
balancing and enhanced grid stability.

The comparison of the peak load levels of the conven-
tional operation and edge-optimized energy storage control
appears in Table 5. The edge-optimized storage helps lower
the peak load of 180 MW to 148 MW, which is a 17.8
percent reduction. That proves how peak shaving and better
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grid reliability can be achieved using optimized energy
storage.

TABLE 5. Peak Load Reduction

Method Peak Load (MW) Reduction (%)

71.1
70.8

0
0.4

Without Storage Control
Edge-Optimized Storage

F. EDGE COMPUTING PERFORMANCE

The findings prove that edge-based control has been much
more successful in comparison to cloud-based methods
since it has far lower response times and provides instanta-
neous decision making. The combined energy intelligence
dashboard also demonstrates how effective edge computing
is in quick monitoring, optimization, and dependable en-
ergy storage management within the context of dual-carbon
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requirements. Figure 16 provides the results of comparing
the response time of two control strategies cloud-based and
edge-based to different decision instances. Response time
with the edge-based approach is always much lower, ranging
between a few milliseconds, than the vastly high latency
of cloud-based processing. This outcome indicates the ben-
efit of edge computing in facilitating rapid, instantaneous
decision-making in controlling energy storage.

Table 6 shows the comparison of average response time
between cloud-based and edge-based control methods. The
response time is considerably cut by the edge-based control
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by some 118 ms to 26 ms which is a lot faster in decision-
making. This advancement illustrates the appropriateness of
edge computing in instantaneous energy storage control.

TABLE 6. Edge vs Cloud Response Time

Method Avg Response Time (ms)

Cloud-Based Control
Edge-Based Control

118
26

Figure 17 demonstrates an embedded energy intelligence
dashboard that displays the instantaneous power system op-
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timization with ultimate two-carbon objectives. Key perfor-
mance indicators that are displayed in the dashboard include
electricity cost, carbon emissions, peak load, battery state of
charge, and response time as well as trend visualizations of
cost, emissions, and load distributions. This value shows that
edge computing allows live tracking, quick decision-making,
and effective energy storage control to conduct sustainable
power system operation.

G. PERFORMANCE EVALUATION

The effectiveness of the suggested edge-based optimization
framework is measured in terms of cost, emissions, peak
load, and battery efficiency through performance evaluation.
Improvements made by the system compared to a situation
where there was no optimization are measured using the
following metrics.

o Electricity Cost Reduction (CR)

CR(%) _ Cwitgc:u.tth_ ?cdgc % 100

This metric is a percentage change in the total electric
cost of the edge-based optimization over the non-optimized
system.

o Carbon Emission Reduction (ER)

(10)

FE; —F
ER(%) _ without edge % 100 (11)
Ewithout
The metric is used to measure the decrease in carbon
emission due to optimal use of batteries and instantaneous

control based on carbon awareness.
o Peak Load Reduction (PLR)

P, wi ut —
PLR(%) _ peak,without

Ppcak,without

Ppeak,edge % 100

12)
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This metric measures how effective the system is to min-
imize the peak load of the grid by an optimized operation
of the storage.

VI. DISCUSSION

A carbon-aware energy optimization framework based on
edges was designed to optimize the electricity cost instantly,
minimize the carbon emissions, and enhance stability in a
grid simultaneously. Based on the Kaggle Electricity Market
Dataset, the instantaneous electricity demand, the renewable
generation, the battery status, the market price, and the
carbon emission were included in the optimization model.
The model takes advantage of edge computing to make
local, live decisions about battery charging, discharging, and
grid interactions and dual-carbon modeling helps to attribute
costs to carbon and impose restrictions on emissions. The
findings indicate that this method works as it reduces the
overall cost of electricity by 22 percent, carbon emissions
by 23 percent, peak load by 17.8 percent, and response time
is much better (26 ms with edge-based control compared to
118 ms with cloud-based control). These results demonstrate
that the framework promotes the efficiency of its opera-
tions, dual-carbon goals, and the stability of the systems
immediately. The proposed framework can be compared to
the current literature; the framework displays higher per-
formance in several key metrics. As an example, the study
by Yang et al., has shown evidence of improved system
stability and economic efficiency using intelligent energy
storage and control strategies with small cost reduction and
slight improvements in peak loads. Mu et al., demonstrated
that dual-carbon coordination with CCUS produces fewer
emissions but with more complexity of operations and a
lower rate of responsiveness. Table 7 gives the quantitative
comparison between the proposed framework and the two
benchmark studies. The proposed work is better in terms
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of cost saving, carbon saving, mitigation of the peak load,
and responsiveness of the system, which means that the
combination of edge-based optimization and instantaneous

carbon-conscious decision-making of renewable-rich grids
is beneficial.

TABLE 7. Comparison of Proposed Edge-Based Framework with Benchmark Studies

Metric Proposed Work Yang et al., [15] Hu X et al,, [16]
Total Cost Reduction (%) 22 12 15

Total Emissions Reduction (%) 23 14 17

Peak Load Reduction (%) 17.8 5 8

Avg Response Time (ms) 26 (Edge) 95 (Cloud based) -

Energy Efficiency / SOC (%) Charging 91%, Discharging 89% 85/84 87/85

Limitation

e Limited Practical Testing: The proposed framework
was only tested using simulations and its performance
in a large-scale and practical power grid has not been
tested, which may restrict its practical usage.

o Scalability Concerns: The performance of the edge-
based optimization might be inconsistent with grids of
other constructions or more complicated situation.

VIl. CONCLUSION

The carbon-aware energy storage optimization framework
that is based on edges was designed to reduce the cost
of electricity, decrease carbon emissions, and enhance the
stability of the grid. The model incorporated instantaneous
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electricity demand and generative capabilities of renewables,
battery status, market prices, and carbon emissions to facili-
tate the local decision-making process. The framework relies
on edge computing to achieve effective battery charging,
discharging and grid interactions and a dual-carbon model
where carbon costs are allocated and emission limits are
ensured. Findings indicate that there are substantial changes
in electricity expenses, carbon reduction and peak load
reduction of 22 percent, 23 percent and 17.8 percent,
respectively. Also, edge-based control offered a significant
advantage in response time, as compared to cloudbased
options, which underscores operational advantages. The
results are consistent with the aims of dual-carbon and show
the practicality of instantaneous, decentralized optimization
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of energy storage systems.

A. FUTURE WORK

« Incorporating advanced forecasting techniques to better
handle uncertainties in renewable energy generation.

« Expanding the optimization framework to incorporate
more and more advanced energy storage systems and
grid constructions.

o Exploring the integration of emerging technologies
such as blockchain for energy trading as a promising
direction for future research.
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