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ABSTRACT To address the decentralized and dynamic characteristics of adjustable resources on the
power user side, as well as the high sensing delay and low collaborative efficiency of traditional centralized
architectures, this paper proposes a dynamic sensing and collaborative optimization algorithm combining
edge computing with the Energy Internet of Things. An edge-terminal two-level sensing architecture is
first constructed. Smart terminals collect electrical quantity, state quantity, and behavioral feature data
on the user side, while edge nodes perform local real-time processing and preliminary data analysis. A
dynamic sensing model based on two-dimensional clustering is then designed by integrating K-medoids
and DBSCAN to jointly identify user behaviors and resource regulation capabilities. Finally, a multi-
objective collaborative optimization model is established, and an improved particle swarm optimization
algorithm is adopted to solve the Pareto optimal solution considering economy, stability, and environmental
protection. Simulation results show that the algorithm reduces sensing delay to less than 55 ms for user
scales up to 500 households, decreases the peak-valley load difference rate by 28.6%, and increases
the renewable energy consumption rate by 11.3%, improving real-time regulation accuracy in distributed
electromagnetic energy systems.

INDEX TERMS edge computing, energy internet of things, adjustable resources, dynamic sensing,

I. INTRODUCTION

electromagnetic systems  

A. RESEARCH BACKGROUND

ACCORDING to the BP World Energy Outlook Report
released in 2023 [1], two-thirds of the global growth

in electricity demand over the past decade has come from
China. In the next few years, the growth of global electricity
demand will accelerate further; however, driven by the “dual
carbon” goals (carbon peaking and carbon neutrality), the
increment of electricity consumption in China over the next
decade will decline moderately compared with the previous
decade. The construction of a new-type power system with
new energy as the main body [2] is an indispensable path
to achieve the “dual carbon” goals [3]. With the continuous
increase in the proportion of renewable energy connected
to the grid, the pressure of renewable energy consump-
tion and power supply-demand balance has also increased
accordingly. Therefore, organizing diversified and flexible
adjustable resources, such as the thermal and mechanical

loads available, to participate in aggregated regulation has
become increasingly important for enhancing the regulatory
capacity of the power system.

With the development of the Power Internet of Things
(PIOT), the new-type power system will witness a surge
in multi-source heterogeneous data, as information from di-
verse sources, including operational data from the industry,
is integrated into the grid environment. Meanwhile, the de-
mand for diversified and ecological power business applica-
tions derived from data value is constantly increasing, which
will pose severe challenges to the existing power automation
technology system. Driven by the goal of building a digital
power grid, the digital and intelligent transformation of
distribution stations (as the edge management and control
units of the power grid) has been gradually implemented in
recent years [4]. Distribution stations based on PIOT edge
computing technology have become one of the key techni-
cal paths for constructing new-type distribution automation
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systems [5]. With the in-depth application of the Internet of
Things (IoT) technology in distribution stations, the demand
for massive data processing and diversified business services
at the distribution edge will change dynamically and grow
continuously over time. The edge computing capabilities of
traditional distribution terminals face challenges in aspects
such as terminal architecture design, flexible and efficient
operation and maintenance, elastic function expansion [6],
and business application ecology [7]. There is an urgent
need for innovation to better support the transformation
and upgrading of distribution automation systems [8]. To
improve the development status of adjustable resources in
the power system, in-depth research has been conducted
at home and abroad on the grid connection of random
power sources from the generation side, grid side, and
user side. In particular, the generation side has formed a
distributed energy bundling and consumption model in the
form of microgrids and virtual power plants, and remarkable
achievements have been made in practical applications.
However, due to the inherent characteristic of real-time bal-
ance between power supply and demand, if only the genera-
tion side is considered when studying the dynamic changes
of adjustable resources, the applicability of the research
results will be limited. Moreover, as large end consumers of
electricity, studying the dynamic sensing and collaborative
optimization algorithms for adjustable resources in energy-
intensive sectors like manufacturing plays a crucial role
in improving the real-time performance and accuracy of
resource regulation on the user side.

B. RESEARCH STATUS
In practical engineering applications, due to the development
of new energy technologies and the existence of certain
objective factors, traditional single models often fail to meet
the prediction requirements under complex conditions. In re-
cent years, with the deepening of research, hybrid modeling
strategies have emerged [9] and gradually become a research
focus. Hybrid models aim to integrate the advantages of
different single models to improve modeling accuracy and
computational efficiency. Reference [10] combines Long
Short- Term Memory (LSTM) with reinforcement learning
to predict the daily electricity consumption of two building
complexes in a certain block, achieving favorable results.
Reference [11] adopts a hybrid prediction method combin-
ing Convolutional Neural Network and Long Short-Term
Memory (CNN-LSTM) to determine the hourly thermal load
of a specific area, realizing more accurate load prediction
to meet the needs of actual production. In recent years,
driven by the digital transformation tasks of power grid
enterprises and relevant national policies on distribution
network construction [12], the scale of distribution networks
has become increasingly large and complex, and the number
of connected devices has increased significantly. This poses
challenges to the data information processing capability and
power business service capability of distribution automation
systems [13,14]. To address this, the digital and intelligent

transformation of distribution stations (as edge management
and control units of the power grid) is being gradually
implemented [15], laying a solid foundation for the con-
struction of a new-type distribution automation system with
high reliability and full coverage. In this process, to better
foster and develop new competitive industries, and provide
more powerful information resource support and efficient
information processing capabilities, emerging cutting-edge
technologies such as the Energy Internet of Things (IoE)
and edge computing have been widely applied to the dis-
tribution side, and gradually become key technical means
for building new-type distribution automation systems [16].
On the premise of acquiring device-level data through IoT
technology, some studies have conducted in-depth analysis
of the electricity consumption characteristics and response
rules of end-users, proposed a method for evaluating the
price elasticity of electricity demand based on device elec-
tricity consumption characteristics, and on this basis, put
forward a guiding recommendation method for electricity
tariff packages and a realtime demand response transaction
decision-making method.

The participation of user-side resources in power trans-
actions is an inevitable trend to ensure the safe and reliable
operation of power systems and promote the mature devel-
opment of power markets. Against the background of large-
scale integration of renewable energy into the power grid,
user-side resources with rapid response capabilities have
become an important means for power system dispatching
and operation to balance power supply and demand [17].
The participation of user-side dynamic sensing in market
transactions is a key way for these resources to play a
role in power regulation, while promoting price discovery in
the spot market and mitigating price fluctuations [18]. The
real-time market has more stringent reliability requirements
for user-side resources participating in transactions, includ-
ing many constraints such as response capacity, response
duration, start-up time, and deviation range. Therefore, at
this stage, the entry threshold for market entities partici-
pating in transactions is relatively high. Typical transaction
participants are industrial users with large-scale adjustable
loads. Chios proposed an optimal scheduling strategy for
participating in the day-ahead and real-time markets; by
complementing the advantages of day-ahead scheduling
and real-time balance, the market revenue of industrial
users with energy storage systems participating in demand
response transactions was increased [19]. Ahmed Abdulaal
proposed four two-stage discrete-continuous multi-objective
load optimization methods for industrial users; considering
multiple constraints such as user utility, price, and climate,
the Pareto optimal strategy for users to participate in demand
response transactions was solved [20].

However, current research has many shortcomings: most
studies classify users based on static load data or single
behavior labels. For example, the K-means algorithm is
used for clustering and identification of industrial loads,
but the dynamic evolution characteristics of user behaviors
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changing with time and environment are ignored. As a
potential solution, edge computing enables servers deployed
at the network edge to provide computing services for users
with low latency; however, limited computing resources
and high dynamics of mobile users bring many challenges
to the effective scheduling of computing tasks. Although
the combination of mixed-integer programming and genetic
algorithms can solve multi-objective optimization problems,
their convergence speed is slow in high-dimensional re-
source scheduling scenarios, limiting their practicality. This
paper intends to conduct research on the dynamic sensing
and collaborative optimization of adjustable resources on
the industrial power user side, including the flexible loads
of manufacturing, by combining edge computing and the
Internet of Things, so as to realize the accurate identification
of users with high regulation potential and establish a multi-
objective collaborative optimization model.

II. DESIGN OF SENSING ARCHITECTURE FOR
INTEGRATION OF EDGE COMPUTING AND POWER
INTERNET OF THINGS (PIOT)
A. OVERALL ARCHITECTURE DESIGN
This paper constructs a three-level architecture of “terminal
sensing - edge processing - cloud collaboration”. The termi-
nal layer deploys devices such as smart electricity meters,
temperature sensors, and photovoltaic inverters, which serve
as edge nodes to collect multi-dimensional data on the user
side. The edge layer realizes local data storage, prepro-
cessing, and preliminary analysis through edge gateways,
and executes real-time regulation instructions. The cloud
layer is responsible for global optimization decision-making,
historical data storage, and algorithm model training, and
issues optimization objectives and constraint conditions to
the edge layer. In this architecture, edge nodes act as the
core of data processing, with integrated functions of com-
puting, storage, and communication. They support multiple
network connection methods such as RJ-45 interface and
Fiber Distributed Data Interface (FDDI), and adapt to the
differentiated needs of urban users and industrial scenarios.
Edge nodes and terminal devices adopt wired/wireless dual-
channel heterogeneous networking technology to improve
communication reliability and fault tolerance, ensuring the
stability of data transmission.

B. DATA ACQUISITION MECHANISM OF THE TERMINAL
LAYER
The terminal layer configures differentiated sensing devices
according to user types (residential users, industrial users,
commercial users), and the collected data is divided into
three categories:

• Electrical quantity data: Including real-time power,
voltage, current, energy consumption, etc. It is col-
lected by smart electricity meters with a sampling cycle
of 1 minute and an accuracy of Class 0.5.

• State quantity data: Covering equipment operating sta-
tus (such as air conditioner on/off, EV charging status),

interface compatibility, available duration, etc. Radio
Frequency Identification (RFID) technology is used to
realize automatic identification of equipment status.

• Environmental and behavioral data: Including indoor
temperature, light intensity, user response willingness
level, historical response frequency, etc. It is collected
through temperature sensors and user interaction ter-
minals.

All collected data is encapsulated in a standardized format
and transmitted to edge nodes through a dedicated commu-
nication protocol for the Power Internet of Things, ensuring
data consistency and interoperability.

C. LOCAL PROCESSING FLOW OF THE EDGE LAYER
After receiving terminal data, edge nodes execute the fol-
lowing processing flow:

• Data preprocessing: An outlier detection algorithm is
used to eliminate abnormal data caused by sensor
faults, and missing values are supplemented by inter-
polation to reduce data noise.

• Feature extraction: Features such as peak-valley dif-
ference, average load, and fluctuation coefficient are
extracted from the electrical quantity time series, and
a multi-dimensional feature matrix is constructed by
combining state quantity and behavioral data.

• Local decision-making: Based on the pre-trained clus-
tering model, users with high regulation potential are
identified. For emergency scenarios (e.g., frequency
deviation > 0.1Hz), local rapid regulation is executed
without waiting for cloud instructions.

• Data upload: The preprocessed data and local decision
results are uploaded to the cloud as needed, reducing
redundant data transmission and lowering bandwidth
occupation.

The edge layer and the cloud layer realize data synchro-
nization through an encrypted communication channel. The
cloud layer dynamically updates the decision parameters
of edge nodes according to the global operating status,
forming a regulation mode of “local rapid response +
global optimized coordination”. This architecture effectively
supports diversified power business applications (including
demand response, load scheduling, and renewable energy
consumption optimization) by leveraging edge computing’s
low-latency processing capability and IoE’s comprehensive
perception advantage.

III. DYNAMIC SENSING ALGORITHM BASED ON
TWO-DIMENSIONAL CLUSTERING
A. CONSTRUCTION OF FEATURE VECTORS
To achieve accurate sensing of adjustable resources, two
types of indicator systems—behavioral feature vectors and
resource feature vectors—are constructed:
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1) Behavioral Feature Vectors
Behavioral feature vectors reflect the response reliability
and dynamic change characteristics of users, including 5
dimensions:

• Response start delay: The time interval from receiving
a regulation instruction to initiating the adjustment;

• Response duration: The effective duration of maintain-
ing the adjusted state;

• Unit adjustable load capacity: The maximum load
power that can be adjusted per unit time;

• Historical response frequency: The number of times a
user has participated in regulation within the past 30
days;

• Response willingness level: A 0-5 level indicator eval-
uated based on user feedback and historical execution.

All behavioral feature data form a time-series matrix
through a set sampling period, providing basic data support
for clustering analysis.

2) Resource Feature Vectors
Resource feature vectors represent the physical regulation
capabilities of user-side equipment, including 5 dimensions:

• Type of adjustable device: Such as temperature-
controlled loads, electric vehicles (EVs), distributed
energy storage, etc.;

• Response interface compatibility: The degree of adap-
tation between the device and the communication pro-
tocol of the regulation system;

• Device availability status: A binary status indicator for
normal operation, standby, or fault;

• Maximum adjustable capacity: The total adjustable
load of the device;

• Available duration: The maximum duration of main-
taining the full-load adjustment state.

Resource feature items are input into the clustering algo-
rithm in the form of a structured parameter matrix to ensure
data computability.

3) Implementation of the Two-Dimensional Clustering
Algorithm
A two-dimensional clustering strategy of “behavioral clus-
tering - resource clustering - intersection screening” is
adopted, with specific steps as follows:

4) Behavioral Dimension Clustering (K-medoids Algorithm)
The K-medoids algorithm based on a radius threshold is
used for behavioral feature clustering, which has the advan-
tage of being insensitive to outliers and achieving stronger
clustering stability. Compared with K-means, K-medoids
is selected primarily for its robustness to abnormal data
points, which is critical for handling realworld user behavior
data that may contain noise from sensor errors or irregular
user activities. To address the dynamic evolution of user
behaviors, the K-medoids clustering is integrated with a

temporal weighting mechanism and a sliding window update
strategy:

These enhancements enable the static K-medoids frame-
work to capture dynamic behavioral changes, overcoming
the limitation of traditional static clustering algorithms that
ignore temporal evolution.

• Temporal weighting: Recent behavioral data (within the
latest 7 days) is assigned a higher weight (0.7) while
older data (8-30 days) is assigned a lower weight (0.3)
to emphasize recent behavior patterns.

• Sliding window: As defined in Section 3.2.3, clustering
parameters are updated every 24 hours to adapt to time-
varying user behaviors.

• Data standardization: The Z-score standardization
method is applied to process behavioral feature vectors
to eliminate differences in dimensions;

• Initial cluster center selection: Initial cluster centers are
selected based on a density method to ensure uniform
distribution of samples within clusters;

• Similarity calculation: Euclidean distance is used as
the similarity metric to calculate the distance between
samples and cluster centers;

• Cluster division: According to a preset radius threshold,
samples with distances less than the threshold are
divided into the same cluster, forming multiple user
groups with similar behavioral features.

5) Resource Dimension Clustering (DBSCAN Algorithm)
The DBSCAN (Density-Based Spatial Clustering of Appli-
cations with Noise) algorithm based on the density aggre-
gation principle is adopted for resource feature clustering,
which is suitable for identifying users with controllable
resources distributed in high-density areas.

• Set control parameters: Define the neighborhood search
radius ϵ = 0.3 and the minimum number of neighbor-
hood samples MinPts = 5;

• Core point identification: Traverse all samples and
mark points with the number of samples in their
neighborhood ≥ MinPts as core points;

• Cluster expansion: Take core points as the center,
recursively merge adjacent core points and boundary
points to form high-density clusters;

• Outlier elimination: Treat low-density isolated points
as users with uncontrollable loads and exclude them
from subsequent analysis.

6) Intersection Screening and Dynamic Update
The intersection of the behavioral clustering and resource
clustering results is obtained to screen out users with
high regulation potential who are “behaviorally reliable and
resource-controllable”. To adapt to the dynamic changes
of user behavior, a sliding window mechanism is used to
update clustering parameters, and clustering analysis is re-
executed every 24 hours to ensure the timeliness of sensing
results.
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7) Performance Verification Indicators of the Sensing
Algorithm
Three key indicators are defined to evaluate the performance
of the dynamic sensing algorithm:

• Recognition accuracy: The ratio of the number of
correctly identified users with high regulation potential
to the actual total number of such users;

• Sensing delay: The total time consumed from data
collection to the completion of user identification;

• Stability: The consistency coefficient of identification
results for 7 consecutive days.

The above indicators are used to comprehensively mea-
sure the accuracy and real-time performance of the algo-
rithm.

IV. MULTI-OBJECTIVE COLLABORATIVE OPTIMIZATION
MODEL AND IMPROVED ALGORITHM
A. OPTIMIZATION OBJECTIVE FUNCTIONS
A multi-objective optimization function covering economy,
stability, and environmental protection is con structed to
achieve multi-dimensional optimal regulation.

1) Economic Objective (Minimizing Total Cost)
The total cost includes the user’s electricity consumption
cost and the power grid’s regulation cost, and the objective
function is as follows:

minF1 =

T∑
t=1

N∑
i=1

(Pi,t · ct + Creg,i,t) (1)

Among them, T represents the scheduling cycle (unit: h),
N denotes the number of users with adjustable resources,
Pi,t is the adjustment power of user i at time t, ct stands
for the time-of-use electricity price at time t, and Creg,i,t

refers to the regulation cost of user i at time t.

2) Stability Objective (Minimizing Load Fluctuation)
With the goal of minimizing the peak-valley load difference
rate, the operational stability of the power grid is improved.
The objective is as follows:

minF2 =
Pmax − Pmin

Pavg
(2)

Among them, Pmax is the maximum load power within
the scheduling cycle, Pmin is the minimum load power, and
Pavg is the average load power.

3) Environmental Protection Objective (Minimizing Carbon
Emissions)
Considering the difference in carbon emissions between
renewable energy consumption and fossil energy consump-
tion, the objective function is as follows:

minF3 =

T∑
t=1

Pgrid,t · λgrid − Pren,t · λren (3)

Among them, Pgrid,t is the power supply power of the
power grid at time t, λgrid is the carbon emission coeffi-
cient of grid power supply, Pren,t is the renewable energy
generation power at time t, and λren is the carbon emission
coefficient of renewable energy.

B. CONSTRAINT CONDITIONS
1) Power Balance Constraint
The power supply and power consumption at each moment
within the scheduling cycle shall remain balanced, and the
constraint is as follows:

Pgrid,t + Pren,t =

N∑
i=1

(
P base
i,t + Pi,t

)
(4)

Among them, P base
i,t denotes the base load power of user

i at time t.

2) Equipment Output Constraint
The adjustment power of the adjustable resources on the
user side shall not exceed the maximum adjustable capacity
of the equipment, and the constraint is as follows:

−Pi,max ≤ Pi,t ≤ Pi,max (5)

Among them, Pi,max is the maximum adjustable power
of user i.

3) User Comfort Constraint
For perceptual loads such as temperature-controlled loads,
a temperature fluctuation range constraint is set:

Ti,min ≤ Ti,t ≤ Ti,max (6)

where Ti,t is the indoor temperature of user i at time
t, and Ti,min and Ti,max are the minimum and maximum
comfortable temperature thresholds, respectively.

4) Response Duration Constraint
The duration of a single adjustment shall not be less than the
minimum response time to avoid equipment damage caused
by frequent start-stop operations:

ti,on ≥ ti,min (7)

where ti,on is the duration of a single adjustment for user
i, and ti,min is the minimum response time.

C. IMPROVED PARTICLE SWARM OPTIMIZATION (PSO)
ALGORITHM
To address the problem of premature convergence in the
traditional particle swarm optimization algorithm, dynamic
inertia weight and adaptive learning factors are introduced,
and the improved algorithm is as follows:
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1) Dynamic Inertia Weight
A nonlinear inertia weight strategy is adopted to balance the
global search and local search capabilities of the algorithm:

ω(t) = ωmax − (ωmax − ωmin) ·
(

t

Tmax

)2

(8)

where ω(t) is the inertia weight at iteration t, with
ωmax = 0.9 and ωmin = 0.4, and Tmax is the maximum
number of iterations.

2) Adaptive Learning Factors
The learning factors are dynamically adjusted with the
iteration process to improve the convergence speed of the
algorithm:

c1(t) = c1,max − (c1,max − c1,min) ·
t

Tmax

c2(t) = c2,max + (c2,max − c2,min) ·
t

Tmax

(9)

where c1(t) and c2(t) are the individual learning factor
and social learning factor, respectively, with c1,max = 2.5,
c1,min = 1.0, c2,max = 2.5, and c2,min = 1.0.

3) Algorithm Solution Process
• Initialize particle population: Set the population size to

50 and the particle dimension to N ×T , and randomly
generate initial positions and velocities;

• Fitness calculation: Convert the multi-objective func-
tion into a single-objective fitness function using the
weighted sum method, where the weight coefficients
are determined by the Analytic Hierarchy Process
(AHP);

• Update individual optimal and global optimal: Record
the historical optimal position of each particle and the
global optimal position of the population;

• Update particle position and velocity: Update the par-
ticle state based on the dynamic inertia weight and
adaptive learning factors;

• Convergence judgment: If the maximum number of
iterations is reached or the change in fitness value is
less than the threshold (10−6), stop the iteration and
output the optimal solution.

V. SIMULATION EXPERIMENTS AND RESULT ANALYSIS
A. EXPERIMENTAL ENVIRONMENT AND PARAMETER
SETTINGS
The simulation environment was built based on the Matlab
2023b platform, with hardware configuration including an
Intel Core i7-12700H processor and 32GB of memory.
The simulation scenario selected a lowvoltage distribution
station in a certain city, covering 200 residential users, 30
commercial users, and 10 industrial users. The adjustable
resources included air conditioners, electric vehicles (EVs),
distributed photo voltaics (PV), and energy storage devices.

The key parameter settings are as follows: scheduling
cycle T = 24h, sampling interval of 15 minutes; re-
newable energy penetration rate of 30%, with PV output
fitted using measured data; time-of-use electricity prices:
peak periods (10:00–14:00, 18:00–22:00) at 1.2 CNY/kWh,
flat periods (7:00–10:00, 14:00–18:00, 22:00–23:00) at 0.7
CNY/kWh, and valley periods (23:00–7:00 the next day) at
0.3 CNY/kWh; comfortable temperature range of 18–26 ◦C;
maximum number of algorithm iterations Tmax = 200.

B. PERFORMANCE TESTING OF THE DYNAMIC
SENSING ALGORITHM
1) Comparison of Recognition Accuracy
The two-dimensional clustering algorithm proposed in this
paper was compared with the traditional K-means algorithm
and the single DBSCAN algorithm. The test results are
shown in Table 1.

TABLE 1. Comparison of Recognition Accuracy of Different Sensing
Algorithms

Algorithm Type Residential
User

Accuracy

Commercial
User

Accuracy

Industrial
User

Accuracy

Average
Accuracy

K-means Algorithm 78.5% 82.3% 85.7% 82.2%
Single DBSCAN Algo-
rithm

81.2% 84.6% 87.1% 84.3%

Two-Dimensional Clus-
tering Algorithm in This
Paper

92.3% 94.7% 96.2% 94.4%

As can be seen from Table 1, the recognition accuracy
of the algorithm in this paper for all types of users is
higher than that of traditional algorithms, with the average
accuracy improved by 12.2%-10.1%. The reason is that
the two-dimensional clustering considers both behavioral
characteristics and resource capabilities, avoiding the one-
sidedness of single-dimensional recognition.

2) Sensing Delay and Stability Tests
The sensing delay under different user scales was tested, and
the results are shown in Table 2; the stability test results over
7 consecutive days are shown in Table 3.

TABLE 2. Sensing Delay Under Different User Scales

User Scale (Households) K-means
Algorithm

(ms)

Single
DBSCAN
Algorithm

(ms)

Two-
Dimensional
Clustering
Algorithm

in This
Paper (ms)

100 128 115 42
200 213 197 45
300 305 286 48
500 487 452 53

Note: The proposed algorithm achieves a sensing delay of less than 50ms for user
scales up to 300 households, and extends to 53ms for 500 households, which is still
significantly lower than traditional algorithms.
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TABLE 3. Stability Test of the Dynamic Sensing Algorithm

Test Day Consistency
Coefficient

of
Recognition

Results

Number of
Users with

High
Regulation
Potential
(House-
holds)

Fluctuation
Range

(House-
holds)

Day 1 1.000 86 -
Day 2 0.976 84 2
Day 3 0.982 85 1
Day 4 0.968 83 2
Day 5 0.973 85 2
Day 6 0.985 86 1
Day 7 0.979 85 1
Average Consistency
Coefficient

0.978 - 1.57

C. PERFORMANCE TESTING OF THE COLLABORATIVE
OPTIMIZATION ALGORITHM
1) Multi-Objective Optimization Results
The improved particle swarm optimization (PSO) algorithm
proposed in this paper was compared with the traditional
particle swarm optimization algorithm and genetic algo-
rithm, and the optimization results are shown in Table 4.

TABLE 4. Multi-Objective Optimization Results of Different Optimization
Algorithms

Algorithm Type Total Cost
Reduction

Rate

Peak-Valley
Load

Difference
Rate

Reduction

Carbon
Emission
Reduction

Rate

Convergent
Iteration
Count

Traditional PSO Algo-
rithm

15.7% 18.3% 8.6% 142

Genetic Algorithm 17.2% 20.5% 9.8% 186
Improved PSO
Algorithm in This
Paper

23.5% 28.6% 11.3%

As can be seen from Table 4, the improved algorithm in
this paper outperforms the comparison algorithms in terms
of total cost reduction rate, peak-valley load difference rate
reduction, and carbon emission reduction rate. Meanwhile,
the number of convergent iterations is reduced by 31.0%-
47.3%. This is because the introduction of dynamic inertia
weight and adaptive learning factors improves the search
efficiency and optimization accuracy of the algorithm.

2) Optimization Effects Under Different Scenarios
The optimization effects of the algorithm under different
renewable energy penetration rates were tested, and the
results are shown in Table 5.

TABLE 5. Optimization Effects Under Different Renewable Energy
Penetration Rates

Penetration Rate Total Cost
Reduction

Rate

Peak-Valley
Load

Difference
Rate

Renewable
Energy Con-

sumption
Rate

User
Comfort

Satisfaction

20% 21.8% 26.3% 92.5% 93.7%
30% 23.5% 28.6% 94.8% 92.4%
40% 25.1% 31.2% 96.3% 91.8%
50% 26.7% 33.5% 97.1% 90.5%

As shown in Table 5, with the increase in renewable
energy penetration rate, the improvement effects of total cost
reduction rate and peak-valley load difference rate become
more significant, and the renewable energy consumption rate
continues to rise. However, the user comfort satisfaction
only decreases slightly. This indicates that the algorithm can
still achieve a multi-objective balance in scenarios with high
penetration rates.

3) Experimental Conclusions
Simulation experiments show that the edge-terminal two-
level sensing architecture constructed in this paper effec-
tively reduces the sensing delay, and the average recogni-
tion accuracy of the two-dimensional clustering algorithm
reaches 94.4%. The improved particle swarm optimization
algorithm performs better in multi-objective optimization,
achieving a 23.5% reduction in total cost, a 28.6% decrease
in peak-valley load

difference rate, and an 11.3% reduction in carbon emis-
sions. The algorithm exhibits good adaptability and stability
under scenarios with different user scales and renewable en-
ergy penetration rates, and can meet the dynamic regulation
needs of adjustable resources on the user side.

VI. CONCLUSIONS
Targeting the complex, adjustable resources on the industrial
power user side, including the thermal and mechanical loads
of the industry, this paper proposes a dynamic sensing
and collaborative optimization algorithm combining edge
computing and the Energy Internet of Things (IoE). Through
architecture design, algorithm improvement, and simulation
verification, the following conclusions are drawn:
1) The three-level sensing architecture integrating edge com-
puting and the Energy Internet of Things (IoE) realizes the
organic combination of data collection, local processing, and
global collaboration. The sensing delay is reduced to less
than 55ms for user scales up to 500 households, providing
technical support for real-time regulation;
2) The behavior-resource two-dimensional clustering al-
gorithm overcomes the limitations of single-dimensional
recognition. With an average recognition accuracy of 94.4%
and a stability coefficient of 0.978, it can accurately identify
users with high regulation potential;
3) The improved particle swarm optimization algorithm
based on dynamic inertia weight achieves a balance be-
tween economy, stability, and environmental protection in
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multi-objective optimization, and its convergence speed and
optimization accuracy are better than those of traditional
algorithms.
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