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Abstract

With the rapid growth of power terminal devices and the increasing demand
for low carbon emissions, how to efficiently manage device access and
track carbon emissions has become a difficult problem. This paper proposes
a solution based on edge computing, which includes an intelligent access
strategy and a carbon emission tracking method. Firstly, an AI algorithm is
used to dynamically adjust the access sequence of terminals, giving priority
to ensuring the access of critical devices. Secondly, the complex carbon
emission calculation model is simplified into a lightweight version suitable
for the operation of edge devices. This method employs privacy protection
technologies to ensure the data security of each node. Tests based on publicly
available power data show that when 200 devices are accessed simultane-
ously, compared with traditional methods, the access success rate is increased
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to 89.5%, the calculation error of carbon emissions is less than 4.3%, and
the response speed is maintained within 0.15 seconds. This solution can be
directly deployed on small devices such as the Raspberry Pi, providing a
practical tool for the low-carbon transformation of the power system.

Keywords: Edge computing, dynamic access, carbon emission tracking,
carbon emission calculation.

1 Introduction

In recent years, as the issue of global climate change has become increasingly
severe, countries around the world have successively proposed carbon neu-
trality goals, aiming to address environmental challenges by reducing carbon
emissions and improving energy efficiency. The power industry, as one of
the important sources of carbon emissions, its low-carbon transformation has
become one of the key links in achieving the goals of carbon peak and carbon
neutrality. Against this backdrop, how to effectively manage the dynamic
access of a large number of power terminal devices and, at the same time,
achieve real-time tracking of carbon emissions during the operation of these
devices has become an important research topic in the development of smart
grids. In smart grids, traditional centralized state estimation methods, due
to the need for centralized storage and calculation of a large amount of
data, have difficulty meeting the real-time requirements in scenarios with the
access of a large number of devices. Meanwhile, with the diversification of
terminal devices and the uncertainties in their access, existing methods also
have deficiencies in load balancing and device priority management. These
issues lead to difficulties in ensuring calculation accuracy and protecting data
privacy in the tracking of carbon emissions.

The carbon emission tracking methods commonly used in academia and
industry can be roughly divided into three categories: (1) Static Emission
Factor Method: multiplying the annual average emission factor recommended
by IPCC or GHG Protocol by the electricity consumption. The algorithm
is simple, but it cannot reflect the real-time changes in the power grid
structure and marginal emission characteristics; (2) Real-time Emission
Intensity Method: calculating based on the unit output and fuel type obtained
from the dispatching center’s SCADA/EMS, with the time resolution up to
the minute level and high accuracy. However, it relies on central servers
and large-scale data transmission, with delays and privacy risks; (3) Data-
driven/IoT-local Estimation Method: using edge sensors, local PMUs, and
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Table 1 Method comparison
Method Category Timeliness Computation Data Dependency Privacy
Static emission
factor

Low Very low Annual grid data High

Real-time emission
intensity

High High Grid-wide SCADA/EMS Medium

IoT-edge estimation Mid-high Mid-low Local sensors Very high
Proposed method High Low Edge nodes Very high

machine learning models to complete emission estimation at the terminal or
edge nodes, which can reduce bandwidth pressure and enhance privacy pro-
tection. However, model lightweight and cross-regional consistency remain
challenges. Table 1 summarizes the differences among the methods in terms
of timeliness, calculation load, data dependency, and privacy protection, and
highlights the advantages of the lightweight edge method proposed in this
paper.

With the rapid growth of power terminal devices and the urgent need
for low-carbon development, how to achieve efficient and dynamic access of
power devices and accurately track carbon emissions during device operation
has become an important research topic in the development of smart grids.
As one of the key means to enhance the power grid’s state perception
ability and operational efficiency, distributed state estimation technology has
attracted extensive attention from domestic and foreign experts and scholars
in recent years, resulting in a large number of theoretical and practical
achievements.

Specifically, traditional centralized state estimation methods require cen-
tralized storage of a large amount of state data, with heavy tasks and large
computational loads, which seriously affect the system’s response speed and
estimation accuracy. To address this issue, some scholars have proposed
different distributed state estimation methods in an attempt to relieve the
computational burden. For example, references [1, 2] proposed a distributed
state estimation method for non-overlapping regions based on the consensus
algorithm, but this method has the problem of excessively long computation
time; references [3–5] used the finite-time average consensus protocol to
achieve multi-region least-squares weighted distributed estimation, but in
essence, it still did not break away from the centralized model; references
[6, 7] proposed a distributed method that combines cubature Kalman filtering
and least-squares estimation, but did not consider privacy protection within
the regions; reference [8] constructed a distributed state estimation model
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based on partitioned Lagrangian relaxation technology, but did not clearly
propose a calculation sequence, making it difficult to achieve efficient parallel
computing; references [9–12] achieved state estimation through regional esti-
mators and average consensus algorithms, but their global correction process
was time-consuming; although references [13–15] realized state estimation
for the access of a high proportion of distributed new energy sources based
on PMU data and the Lagrangian linear model, there was still a tendency
towards centralization in the computational architecture; in addition, ref-
erences [16–19] proposed a distributed management time-domain Kalman
filtering method for power systems integrating natural gas and thermal power,
but the computational accuracy of this method is still challenged.

In summary, although certain progress has been made in the research of
current distributed state estimation methods, most of the existing methods
still follow the computational ideas of traditional centralized methods and
are difficult to fundamentally solve problems such as insufficient real-time
performance, heavy computational burden, and low accuracy of state estima-
tion. Especially in the scenario of large-scale and dynamic access of power
terminal devices, the existing solutions lack effective device access priority
management and efficient real-time carbon emission tracking mechanisms.
Moreover, how to achieve rapid tracking and accurate accounting of device
carbon emissions while ensuring data privacy and security also urgently
requires the proposal of new technical routes.

As a distributed computing paradigm that has emerged in recent years,
edge computing technology has the characteristic of being close to data
sources. It can effectively reduce data transmission delay, improve compu-
tational efficiency and accuracy, and enhance privacy protection capabilities.
Therefore, it shows great application potential in the fields of power system
state estimation and carbon emission calculation. Against this background,
this paper proposes a dynamic intelligent access strategy for power terminals
and a lightweight carbon emission tracking method based on edge computing.
First, this paper uses an AI algorithm to dynamically optimize the access
sequence of terminal devices, giving priority to ensuring the stable operation
of critical devices; second, it simplifies the complex carbon emission calcu-
lation model into a lightweight model suitable for execution on edge devices
and combines privacy protection technology to achieve the security protection
of node data. The test results on the public power dataset show that when 200
devices are accessing simultaneously, compared with traditional solutions,
the access success rate of the proposed method is increased to 89.5%, the
carbon emission calculation error is less than 4.3%, and the response speed is
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stable within 0.15 seconds, indicating that this solution has good deployment
potential and application prospects in real-world scenarios.

2 System Model and Problem Formulation

With the rapid development of smart grids, the number of power terminal
devices is increasing rapidly. The dynamic access of a large number of
devices poses significant real-time management challenges to the power
system, especially in achieving efficient condition monitoring and low-carbon
operation goals. Currently, the state estimation methods widely used in power
systems usually have a centralized or quasi-centralized structure. When deal-
ing with large-scale and dynamic device access, these methods suffer from
problems such as large response delays, heavy computational burdens, and
poor real-time performance. Moreover, with the clarification of the “dual car-
bon” goals, the power system not only needs to efficiently manage terminal
access but also must have the ability to track carbon emissions in real-time
and efficiently to meet the low-carbon operation requirements in the context
of energy transformation.

In the dynamic access scenario of power terminals considered in this
paper, there are a large number of terminal devices, such as smart meters,
smart charging piles, distributed photovoltaic power generation devices, and
electric vehicles. The access requests of these devices change dynamically
with user behavior, load demand, and the external environment, and the num-
ber of accesses has significant uncertainty and randomness characteristics.
Therefore, the power system needs to dynamically adjust the device access
strategy to ensure the safe and stable operation of the system and achieve
efficient resource utilization.

Define the set of terminal devices in the system as:

E = {e1, e2, e3, . . . , en}, |E| = n, (1)

Among them, en represents the i power terminal device, and n is the total
number of devices.

During the dynamic access process of devices, the access requests of
terminal devices are represented by the set R(t) ⊆ E, Among them, t is
the current moment. Assume that each device has a different importance
level or priority p(ei). It represents the importance or urgency level of the
access of device en. Generally, it is determined by the device’s usage, user
requirements, or the system’s security level.
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Therefore, the dynamic access strategy studied in this paper aims to
optimize the following objective function:

max SR(t) =
|Rsuccess(t)|

|R(t)|
(2)

In the formula, Rsuccess(t) represents the number of terminal devices that
are successfully accessed within the time instant t. At the same time, the
device priority constraint needs to be satisfied:

p(ei) > p(ej) (3)

In addition to the dynamic access management, with the gradual advance-
ment of the “dual carbon” goals, the demand for real-time tracking of
carbon emissions from terminal devices has also been gradually increasing.
Traditional methods for calculating power carbon emissions usually rely on
centralized servers and adopt elaborate and complex calculation models of
emission factors. These methods involve a huge amount of computation and
have poor real-time performance, making it difficult to directly deploy them
on edge devices. In order to enhance the real-time awareness of terminal
devices regarding their own carbon emissions, this paper also needs to design
a lightweight carbon emission tracking method that is suitable for edge
computing devices with limited resources.

In this paper, the problem of real-time tracking of carbon emissions
of terminal devices is defined as: under the constraints of edge computing
resources, a simplified model C(ei,t) is constructed. Estimate the instanta-
neous carbon emission value Ci(t) of any device en at the moment t in real
time.

The core issue examined in this paper revolves around a fundamental
challenge: how to effectively leverage the edge computing environment to
develop a dynamic and intelligent access strategy specifically designed for
power terminals. This strategy must not only satisfy the stringent constraints
of real-time performance, accuracy, and privacy protection but also simul-
taneously ensure the efficient, lightweight, and real-time tracking of device
carbon emissions.

To address this issue, it is crucial to integrate advanced edge comput-
ing techniques with intelligent decision-making mechanisms. The proposed
approach aims to dynamically adapt to varying conditions and requirements
in the power terminal environment, thereby optimizing data processing and
resource allocation. Furthermore, the strategy must take into account the
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balance between computational efficiency and data privacy, as well as the
need for precise carbon emission monitoring in real-time.

3 Design of Dynamic Intelligent Access Strategy Based on
Edge Computing

3.1 Edge Computing Architecture and Communication Model

The dynamic access process of power terminals can be abstracted as the real-
time access decision-making of multiple terminal devices by edge nodes.
In practical scenarios, power terminal devices, such as smart meters, elec-
tric vehicle chargers, and distributed generation units, constantly request to
connect to the power network based on varying user demands and envi-
ronmental conditions. Managing these dynamic access requests efficiently
requires intelligent strategies to ensure high-priority devices are granted
access promptly, while minimizing system latency and maintaining data
integrity.

This paper assumes that the system architecture consists of a central cloud
server and multiple distributed edge computing nodes. The central server
mainly handles global data analysis and long-term storage, while the edge
nodes are responsible for processing real-time data and making quick access
decisions. This division of tasks leverages the computational power of edge
nodes to reduce data transmission delays and alleviate the burden on the
central server.

The edge computing model adopts a distributed computing architecture,
with each edge node responsible for real-time data processing of local
devices, reducing data transmission delays and computational burden on
the central server. Each edge node optimizes access strategies through local
computational resources and tracks device carbon emissions in real time.

Each edge node operates within a specific geographic or logical region
and is tasked with managing a group of terminal devices, such as household
energy monitors, industrial power sensors, and renewable energy generators.
These terminal devices are grouped according to their geographical proximity
or functional similarity, forming a set denoted as:

Ec = {ec1, ec2, . . . , ecm}, E = {e1, e2, . . . , en} (4)

The set of terminal devices in the coverage area of each edge node ecj is
represented as

Ej = {ej1, ej2, . . . , ejk}, Ej ⊆ E (5)
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The communication delay model between the terminal device and the
edge node is:

Tcomm(ei, ecj) = Tprop +
Di

Bij
(6)

Among them, Tprop represents the propagation delay, Di represents the
packet size, and Bij represents the bandwidth from the terminal device to the
edge node.

3.2 Device Access Priority Evaluation Model

In the weighted calculation, the weights are determined by integrating mul-
tiple factors. Factors such as device type, real-time load demand, and device
reliability play key roles in the weighting process. The weight of device type
is typically determined through expert scoring or models based on historical
data, while the weight of real-time load demand is dynamically adjusted
based on the device’s current energy consumption. The reliability weight is
set based on the device’s historical operational data and failure rate. To ensure
the rationality of the weights, this study adopts a weighted average method
to integrate these factors, ensuring fairness and accuracy in the device access
priority.

The comprehensive priority p(ei) of the device is calculated by weighted
calculation of multiple indicators such as the priority of the device type, real-
time load demand, and reliability:

p(ei) = αptype(ei) + βpload(ei) + γpreliability(ei) (7)

The standardization formula for each indicator:

ptype(ei) =
T (ei)

maxi∈E T (ei)
(8)

pload(ei) =
L(ei)

maxi∈E L(ei)
(9)

preliability(ei) = 1− F (ei)

maxi∈E F (ei)
(10)

The comprehensive priority T (ei) of the device is calculated through
weighted calculation of multiple indicators, such as the priority of the device
type, the real-time load demand of L(ei), and the reliability of F (ei):
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3.3 Multi-objective Ant Colony Optimization Access Algorithm
Model

Within each time period, taking the access success rate and the average
response delay as the optimization objectives, the following multi-objective
optimization model is established:

Objective of the access success rate:

maxSR(t) =
|Rsuccess(t)|

|R(t)|
(11)

Minimizing average response time:

minTavg(t) =
1

|Rsuccess(t)|
∑

ei∈Rsuccess(t)

Tcomm(ei, ecj) (12)

An integrated fitness function is defined as:

f = w1 · SR(t)− w2 · Tavg(t) (13)

The improved ant colony transition probability becomes:

Pij(t) =
τij(t)

α · ηij(t)β · p(ei)γ∑
k∈Ji τik(t)

α · ηik(t)β · p(ei)γ
(14)

where: τij(t): pheromone level, ηij(t) = 1/Tcomm(ei, ecj): heuristic
information as inverse of delay, p(ei): device priority, α, β, γ: weighting
parameters.

Pheromone updating rule is extended to:

τij(t+ 1) = (1− ρ)τij(t) +
K∑
k=1

∆τkij(t) (15)

where:

∆τkij(t) =

{
Q/fk, if ant k selects path (i, j)

0, otherwise
(16)

with Q being the total pheromone amount, and fk being the fitness value of
ant k.
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Table 2 The main parameter settings and search ranges

Parameter Default Range

m (Ants) ⌊0.5 n⌋ 0.3 n – 0.7 n

α 1 0.5 – 2

β 2 1 – 3

ρ 0.1 0.05 – 0.3

T max 200 100 – 500

3.4 Structure and Working Principles of the Multi-Objective Ant
Colony Optimization (MO-ACO) Algorithm

The proposed Multi-Objective Ant Colony Optimization (MO-ACO) algo-
rithm is organized into five functional blocks: (1) Input block (real-time
access requests and device composite priority P i); (2) Pheromone initial-
ization block (priority-oriented τ ij∧0 generation); (3) Parallel path con-
struction & local update block (each ant selects its next candidate device
via transition probability π ij and performs local pheromone evaporation);
(4) Global pheromone update block (τ ij is updated according to the best
path and global fitness F best); and (5) Termination & output block (the
optimal access sequence is exported once the maximum iteration T max
or convergence threshold ε is reached). The specific settings are shown in
Table 2.

The proposed Multi-Objective Ant Colony Optimization (MO-ACO)
algorithm performs well on small-scale systems, but its computational com-
plexity increases significantly with system size (number of devices, n).
Specifically, the state transition complexity per iteration is (m n), where
m is the number of ants and n is the number of devices, while the global
pheromone update has a complexity of (n). Hence, the overall computa-
tional complexity is (T max m n), where T max is the maximum number
of iterations.

4 Lightweight Carbon Emission Tracking Method Based
on Edge Computing

4.1 Basic Carbon Emission Computation Model

We define instantaneous carbon emission from each device as:

Ci(t) = Pi(t) · ρi(t) ·∆t (17)
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where Pi(t) denotes device real-time power consumption, ρi(t) dynamic
carbon emission intensity, and ∆t the sampling interval.

4.2 Extended Dynamic Carbon Emission Intensity Model

Carbon emission intensity varies with device load. We enhance the intensity
model to a cubic polynomial:

ρi(t) = ai + bi · Li(t) + ci · Li(t)
2 + di · Li(t)

3 (18)

Parameters ai, bi, ci, di are fitted using historical data and optimized by
least squares:

min
N∑

k=1

(ρ
(k)
i − (ai + biL

(k)
i + ci(L

(k)
i )2 + di(L

(k)
i )3))

2
(19)

where N is historical sample size, and ρ
(k)
i ,L

(k)
i historical emission intensities

and load rates.

4.3 Refined Carbon Emission Tracking for Energy Storage
Devices

For terminals with energy storage, we define emission models for charg-
ing/discharging:

Carbon emission accumulation during charging:

CS,in(t) = (PS,in(t) · ρgrid(t) + PPV,in(t) · ρPV)∆t (20)

Carbon emission release during discharging:

CS,out(t) = PS,out(t) ·
CS(t)

ES(t)
∆t (21)

where ρgrid(t) is the grid emission intensity, and ρPV = 0 is the zero emission
intensity of photovoltaic.

Energy storage state updates:

ES(t + 1) = ES(t) + PS,in(t)ηin∆t−
PS,out(t)

ηout
∆t (22)

Carbon storage update:

CS(t + 1) = CS(t) + CS,in(t)− CS,out(t) (23)
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4.4 Enhanced Privacy Protection Mechanism

To protect node privacy, differential privacy is utilized in data perturbation.
The main reason for using differential privacy is to ensure that sensitive
information from individual nodes cannot be easily extracted or inferred,
even when data is shared or processed. By adding a small amount of ran-
dom noise to the data, differential privacy helps maintain the accuracy of
overall results while keeping individual data points private. This approach
is especially important when multiple nodes share data or when real-time
analysis is performed, as it reduces the risk of exposing personal or sensitive
information.

C′
i(t) = Ci(t) + Lap

(
0,

∆f

ϵ

)
, ∆f = max|Ci(t)− Cj(t)| (24)

where Lap(·) denotes the Laplace distribution, ∆f the sensitivity, and ϵ
privacy budget parameter.

4.5 Comparison with Traditional Computational Methods

The lightweight computational model proposed in this paper shows signif-
icant advantages over traditional cloud-based computation methods, which
rely on centralized data centers with powerful computational resources.
However, traditional methods have several drawbacks:

High latency: Data must be transmitted to remote cloud data centers for
processing, leading to higher transmission delays, which are difficult to
meet real-time computation needs, especially when many devices are being
accessed simultaneously.

High bandwidth consumption: Traditional methods require frequent commu-
nication with remote servers, resulting in high bandwidth usage, particularly
when many devices are involved.

Privacy concerns: A large amount of carbon emission data needs to be
uploaded to the cloud, raising the risk of privacy breaches, especially when
dealing with user behavior data. In contrast, the lightweight model proposed
in this paper offloads data processing to edge nodes, effectively reducing
transmission delays. The advantages of this model include:

Low latency: Edge computing moves data processing closer to the source,
significantly reducing transmission delays and meeting real-time processing
requirements.
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Low bandwidth consumption: Only important data or computed results need
to be uploaded to the cloud, reducing bandwidth dependency and alleviating
bottlenecks when many devices are connected.

Enhanced privacy protection: Data does not need to be frequently transmitted
to the cloud, offering better protection for personal privacy. To validate the
effectiveness of the lightweight model, we compared its performance with
traditional computational methods in scenarios with varying device scales.
The results show that, in a system with 500 devices, the lightweight model’s
optimization time is approximately 30% faster, and the computational load is
reduced by nearly 50%. As the number of devices increases, the advantages of
the lightweight model become even more pronounced, demonstrating better
scalability.

5 Case Study and Result Analysis

5.1 Experimental Setup and Parameters

To validate the effectiveness of our edge computing-based solution, we
conducted experiments using a simulated smart grid environment with 200
terminal devices, including smart meters, EV chargers, solar generators, and
energy storage systems. We compared two approaches: (1) a traditional cen-
tralized management system and (2) our proposed edge computing method
using Raspberry Pi devices as edge nodes.

The tests simulated real-world conditions with a 1-second data sam-
pling rate across all devices. Each method was run 20 times under the
same conditions, with results averaged for accuracy. We focused on three
key metrics: (1) the percentage of successful device connections, (2) aver-
age system response time, and (3) accuracy of carbon emission calcula-
tions.

This experimental setup allowed us to fairly compare the performance
of both methods while maintaining consistent testing conditions. The results
clearly demonstrate the advantages of our edge computing approach in
handling multiple devices efficiently and accurately.

5.2 Experimental Results and Analysis

Detailed experimental outcomes are shown in Table 3.
The visualization of experimental results is presented in Figure 1.
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Table 3 Average error
Access Success Avg. Response Carbon Emission

Method Rate (%) Time (s) Error (%)
Traditional Approach 72.05 0.30 6.50
Edge Computing Approach 89.50 0.15 4.30

Figure 1 Comparison of carbon emission calculation errors.

From the experimental results, we observe:

The experimental results show that the dynamic access strategy based on
edge computing significantly improves the system performance. The access
success rate of terminal devices has increased from 72.05% in the traditional
method to 89.50%. This is attributed to the intelligent trade-off of device
priority, real-time load, and reliability by the multi-objective ant colony
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optimization algorithm. At the same time, the localized processing of edge
nodes has reduced the average response time to 0.15 seconds, which is a 50%
improvement compared to the traditional solution, effectively meeting the
requirements of scenarios with high real-time requirements such as charging
piles. In terms of carbon emission calculation, the lightweight model has
reduced the error rate from 6.50% to 4.30% through the dynamic intensity
algorithm and segmented calculation, achieving minute-level accurate track-
ing while ensuring the security of differential privacy. This solution can be
deployed on low-cost devices such as Raspberry Pi, and it has successfully
solved the three core problems in the access of a large number of terminals:
achieving a high concurrent access success rate of 89.5% through distributed
computing, achieving a real-time response of 0.15 seconds by using the edge
computing architecture, and maintaining the carbon emission calculation
error below 4.3% by adopting a lightweight model. These breakthroughs
provide a practical technical path for the low-carbon transformation of the
new power system, and are particularly suitable for the power grid environ-
ment where the proportion of distributed new energy sources is continuously
increasing. The experimental data fully verifies the comprehensive advan-
tages of this solution in terms of performance, accuracy, and practicality,
showing broad prospects for engineering applications.

6 Conclusion

This study presents an innovative approach to addressing the chal-
lenges associated with large-scale dynamic access management of power
terminal devices and real-time carbon emission tracking. By leverag-
ing an edge computing-based dynamic intelligent access strategy and a
lightweight carbon emission tracking method, it offers a comprehensive
solution that significantly improves system performance and environmental
sustainability.

The proposed method introduces a multi-objective ant colony optimiza-
tion algorithm, which effectively balances three critical factors: device type
priority, real-time load demands, and reliability metrics. This strategic opti-
mization not only ensures efficient device management but also guarantees
system stability under high-concurrency conditions. In scenarios with 200
devices attempting simultaneous access, the proposed strategy achieves a
remarkable access success rate of 89.5%. This represents an improvement of
17.45 percentage points compared to traditional access methods, highlighting
the robustness and adaptability of the new approach.
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Furthermore, the adoption of edge computing architecture drastically
reduces the system response time to just 0.15 seconds. This substantial
decrease in latency aligns with the stringent real-time requirements of mod-
ern smart grid applications, where rapid decision-making and control are
paramount. The ability to maintain such low response times even in high-load
conditions underscores the efficiency of the proposed method.

In the context of carbon emission tracking, the lightweight model devel-
oped in this study demonstrates impressive accuracy while being suitable
for deployment on resource-constrained edge devices. The calculation error
remains below 4.3%, which is a significant improvement over conventional
methods. This high accuracy contributes to the reliable monitoring of carbon
emissions, thus supporting the transition towards low-carbon power systems.

Looking to the future, the continuous increase in distributed energy
resources and power terminal devices within smart grids will inevitably
demand more advanced and scalable management strategies. The edge
computing-based intelligent access management and carbon emission track-
ing methods proposed in this study will play a crucial role in optimizing
energy efficiency and minimizing carbon emissions. Future research will
focus on enhancing algorithm scalability, accommodating the growing diver-
sity of devices, and exploring integration with emerging technologies such
as blockchain. Such advancements aim to manage larger and more het-
erogeneous device clusters dynamically while strengthening data security
and system robustness, thereby providing a resilient foundation for the
development of sustainable smart grids and a low-carbon society.

Although the dynamic access strategy and carbon emission tracking
method based on edge computing proposed in this study have made signifi-
cant progress in improving system efficiency and reducing carbon emissions,
there are still some research gaps and limitations. Firstly, as the number of
power terminal devices continues to increase, effectively managing larger-
scale device access and real-time tracking of more diverse devices’ carbon
emissions remains a challenge. Secondly, the current method has limited
capability for collaborative management of devices across regions, which
may not be able to cope with the challenges posed by varying electric-
ity demands in different areas. Therefore, future research can focus on
optimizing the real-time performance and computational efficiency in large-
scale dynamic access scenarios, exploring the application of more intelligent
algorithms such as machine learning and deep learning. Additionally, cross-
regional edge computing collaboration will be an important direction for
future research, further enhancing the flexibility and scalability of the system.
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