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ABSTRACT Accurate user-side load modeling is fundamental for virtual power plants (VPPs) to achieve
coordinated scheduling and intelligent energy management, where reliable communication infrastructures
and distributed information exchange play a critical role in supporting large-scale resource aggregation.
To address the limitations of conventional load modeling methods in handling multi-factor coupling,
heterogeneous load characteristics, and dynamic operating conditions, this study proposes a fine-grained
modeling framework based on a Particle Swarm Optimization (PSO)- AdaBoost ensemble strategy.
A multidimensional feature engineering scheme is established by integrating historical load patterns,
meteorological variables, user behavior, and production process information, while PSO is employed to
optimize weak classifier weights and adaptive iteration parameters within the AdaBoost framework. The
proposed method enables differentiated modeling for industrial, commercial, and residential loads and
improves robustness under dynamic operating scenarios. Furthermore, the framework is compatible with
communication-enabled VPP architectures that rely on real-time sensing and distributed data transmis-
sion, providing efficient support for coordinated energy dispatch. Experimental validation demonstrates
enhanced modeling accuracy, adaptability, and computational efficiency compared with conventional
approaches, offering a practical solution for intelligent load characterization in advanced energy systems
and communication-assisted smart grid applications.

INDEX TERMS virtual power plant, user-side load modeling, PSO-AdaBoost, multidimensional feature
engineering, communication-assisted smart grid

I. INTRODUCTION
A. RESEARCH BACKGROUND

DRIVEN by the dual carbon goals, the large-scale grid
integration of distributed energy resources (DERs),

represented by wind and solar power, is transforming tra-
ditional power systems from a "generation follows load"
model to a new "generation-load interaction" power system.
This shift is particularly impactful for high- energy-demand
sectors like the industry, compelling large manufacturing
facilities to transition from passive consumers to active
participants in this generation-load interaction to achieve
deep decarbonization. The transition to a new power system
characterized by “source-load interaction” [1-3]. Virtual
power plants (VPPs) leverage advanced communication
technologies and intelligent control methods to aggregate
distributed power sources, energy storage systems, and user-
side adjustable loads into unified dispatch units. This effec-
tively addresses the impact of fluctuating and random output

from distributed energy resources on grid security, position-
ing VPPs as the core technological enabler for achieving
efficient energy utilization and flexible grid regulation [4-
7].

Current user-side load modeling for virtual power plants
predominantly relies on single machine learning algorithms
or traditional statistical methods, which struggle to adapt
to complex and dynamic load characteristics. For instance,
BP neural networks are prone to local optima, leading
to significantly increased modeling errors during sudden
load changes; Support Vector Machines (SVM) exhibit low
computational efficiency when processing high-dimensional
feature data, failing to meet the timeliness requirements of
real- time virtual power plant dispatch. Although combined
methods such as PSO-BPNN and PSO-SVM have improved
modeling accuracy through parameter optimization, they
still have limitations such as "difficulty in adapting to
different load types simultaneously" and "lag in responding
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to dynamic load mutations", with generalization ability
constrained by the model’s own learning paradigm.

B. CURRENT RESEARCH STATUS AT HOME AND
ABROAD
1) Research on User-Side Load Modeling Methods
User-side load modeling has evolved from traditional
mechanism-based modeling to data-driven modeling. Early
mechanism-based methods analyzed the physical structure
and operational principles of load equipment to establish
load models based on differential equations. For exam-
ple, the ZIP load model decomposes loads into constant
impedance (Z), constant current (I), and constant power
(P) components [8- 10]. While such methods possess clear
physical significance for simple load scenarios, their model
structures become cumbersome and parameter identification
challenging for complex, multi-device coupled load systems.
This makes them ill-suited to accommodate the diverse load
requirements of virtual power plant users [11].

2) Application of Intelligent Optimization Algorithms in Load
Modeling
To address parameter optimization challenges in traditional
machine learning algorithms, intelligent optimization algo-
rithms are widely applied for parameter tuning and structural
optimization in load modeling. The particle swarm optimiza-
tion (PSO) algorithm, valued for its simplicity and rapid
convergence, has gained extensive use in model parameter
optimization [12]. Wang Hao et al. [13] employed the PSO
algorithm to optimize the initial weights and thresholds of
a BP neural network, effectively preventing the model from
getting stuck in local optima and reducing residential load
prediction errors by 25%. Liu Min et al. [14] proposed
a PSO-SVM-based load modeling method. By optimizing
the kernel function parameters and penalty factor of SVM
through the PSO algorithm, they enhanced the model’s
adaptability to industrial load fluctuations [15,16].

Existing research predominantly combines intelligent op-
timization algorithms with single machine learning algo-
rithms. While this approach improves modeling accuracy
to some extent, it fails to fully leverage the advantages
of ensemble learning algorithms. Furthermore, load feature
extraction often focuses solely on historical load data and
meteorological factors, neglecting critical influencing factors
such as user behavior and production processes, resulting in
insufficient model refinement [17]. Therefore, constructing
a refined load modeling system that integrates multidimen-
sional feature engineering, PSO intelligent optimization, and
AdaBoost ensemble learning has become crucial for ad-
dressing load modeling challenges on the user side of virtual
power plants. This comprehensive approach is essential for
accurately characterizing the complex and fluctuating energy
demands of high-consumption industrial assets, ensuring
effective VPP integration and scheduling for sectors like
the industry [18].

C. RESEARCH CONTENT AND TECHNICAL APPROACH
1) Research Content
This paper addresses the core requirement for refined load
modeling on the user side of virtual power plants through
the following research efforts: 1. Constructing a multidi-
mensional load feature system: Considering the diverse load
types on the user side of virtual power plants, historical load
features, meteorological features, user behavior features,
and production process features are extracted. A multidi-
mensional feature set covering industrial, commercial, and
residential loads is established to provide data support for
refined modeling. 2. Proposing a PSO-AdaBoost Ensemble
Modeling Strategy: Addressing limitations of traditional
AdaBoost, this approach employs PSO to optimize weight
allocation and iteration termination conditions for weak
classifiers. It constructs a multi-weak classifier ensemble
framework based on decision trees and neural networks,
enabling differentiated modeling for distinct load types. The
core advantages of this strategy are collaborative adaptation
of multiple weak classifiers and dynamic parameter adaptive
optimization: Compared with single optimization models, it
adapts to characteristic differences of industrial, commer-
cial, and residential loads through functional complementar-
ity of different weak classifiers; Real-time weight allocation
optimization via PSO enhances adaptability to multi-factor
dynamic coupling scenarios.

Experimental verification shows that its MAPE fluctua-
tion during cross-load type and cross-scenario migration is
only 1.2%, lower than 3.7% of PSO-BPNN. 3. Develop a
refined load modeling system: Design a modeling system
comprising data acquisition, feature engineering, model
training, and accuracy evaluation modules. This enables
automated load data processing, adaptive model training,
and visual presentation of modeling results. 4. System Per-
formance Validation: Using actual measurement data from
a virtual power plant in an industrial park, the proposed
system is compared with traditional modeling methods
across three dimensions— modeling accuracy, robustness,
and timeliness—to validate its practicality and superiority.

2) Technical Approach
The technical approach is illustrated in Figure 1, with the
specific workflow as follows:

1. Data Collection and Preprocessing: Collect actual load
data from the user side of the virtual power plant, includ-
ing historical load data, meteorological data, user behavior
data, and production process data. Through data cleaning,
missing value imputation, and outlier handling, a high-
quality modeling dataset is obtained. 2. Multi-dimensional
Feature Engineering: Extract time-series features, meteo-
rological correlation features, user behavior features, and
process-related features for different load types. Apply
feature selection algorithms to identify key features, re-
ducing computational complexity. 3. PSO-AdaBoost Model
Construction: Build a pool of weak classifiers based on
decision trees, BP neural networks, and SVMs. Optimize
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FIGURE 1. Multi-Dimensional Load Feature Engineering

the weights of weak classifiers and iteration parameters in
the AdaBoost ensemble framework using the PSO algorithm
to generate the optimal ensemble model. 4. Model Training
and Optimization: Partition the preprocessed dataset into
training, validation, and test sets. Train the model using the
training set, optimize model parameters with the validation
set, and validate model performance using the test set.
5. System Development and Performance Evaluation: De-
velop a load refinement modeling system using Python and
Django. Evaluate performance across three dimensions—
modeling accuracy, robustness, and timeliness—to validate
the system’s engineering application value.

II. ANALYSIS OF LOAD CHARACTERISTICS ON THE
CONSUMER SIDE OF VIRTUAL POWER PLANTS
A. CLASSIFICATION AND CHARACTERISTICS OF
CONSUMER-SIDE LOADS IN VIRTUAL POWER PLANTS
Consumer-side loads in virtual power plants exhibit diverse
characteristics. Based on differences in electricity consump-
tion patterns and control potential, they can be categorized
into industrial, commercial, and residential loads. Each load
type demonstrates distinct operational characteristics and
influencing factors, as detailed below:

1) Characteristics of Industrial Loads
Industrial loads constitute the primary user-side load type
in virtual power plants, typically accounting for over 50%
of the total. Their operational characteristics are strongly
correlated with production processes, exhibiting high pre-
dictability, high load density, and significant control po-
tential [19]. Based on production process continuity, in-
dustrial loads can be categorized as continuous or inter-
mittent: Continuous loads (e.g., chemical reactors, steel
smelting equipment) maintain stable operating states with
minimal load fluctuations (typically below 5%), but incur
high startup/shutdown costs and exhibit prolonged control
response times. Intermittent loads (e.g., machining equip-
ment, injection molding machines) start and stop according
to production tasks, exhibiting periodic fluctuations with
ranges reaching 30%-50%. However, they offer high control
flexibility and short response times (typically within 10-

30 minutes) [20]. Key factors influencing industrial loads
include production schedules, equipment operational status,
raw material supply, and energy prices. For instance, the
load from stamping equipment at an automotive parts fac-
tory exhibits three daily peak loads aligned with production
shifts, occurring precisely when workers clock in. Con-
versely, chemical plant loads fluctuate slowly and cyclically,
influenced by process parameters like reaction temperature
and pressure [21].

2) Residential Load Characteristics
Residential loads represent the most dispersed user-side load
type in virtual power plants. Their operational characteristics
are closely tied to residents’ lifestyle habits, household
demographics, and electrical appliance configurations, ex-
hibiting strong randomness, significant individual variation,
yet collective regularity [30]. The primary components of
residential load are household appliances such as refrigera-
tors, air conditioners, washing machines, and rice cookers.
Among these, the start-up and shutdown of high-power
devices like air conditioners and electric water heaters are
the main causes of load fluctuations [22]. Residential load
exhibits a “triple-peak” pattern within a day: The morning
peak occurs between 7:00-8:30 AM (when residents use
kitchen appliances and water heaters after waking up),
the midday peak between 12:00-1:30 PM (lunch and rest
period), and the evening peak between 6:00-10:00 PM
(dinner, entertainment, and personal hygiene period). The
evening peak is the highest, reaching 3-4 times the off-
peak load [23]. Additionally, residential load is significantly
influenced by seasonal variations. During summer (July-
August) and winter (December-January), peak loads exceed
those of spring and autumn by over 50% due to extensive
use of air conditioning and heating equipment [24].

B. KEY CHALLENGES IN LOAD MODELING
Based on the analysis of load characteristics on the con-
sumer side of virtual power plants, refined load modeling
faces the following key challenges: 1. Complex load char-
acteristics due to multi-factor coupling: User-side loads are
influenced by historical load inertia, meteorological condi-
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tions, user behavior, production processes, and other fac-
tors. These elements exhibit complex coupling relationships,
making it difficult to accurately capture load fluctuation
patterns using a single characteristic [25]. For instance,
industrial load fluctuations are simultaneously affected by
production schedules and equipment failures, while com-
mercial loads are influenced by the coupled effects of
outdoor temperature and customer traffic. Traditional single-
factor modeling approaches struggle to accommodate such
complex characteristics [26]. 2. Insufficient Model Adapt-
ability Due to Diverse Load Types: The operational char-
acteristics and influencing factors of industrial, commercial,
and residential loads differ significantly. A single modeling
method cannot adequately address the features of all load
types. For instance, methods suitable for modeling industrial
load periodicity exhibit significantly reduced accuracy when
applied to the random fluctuations of residential load [27].
3. Dynamic operating conditions compromise model robust-
ness: During virtual power plant operations, user- side loads
frequently encounter dynamic scenarios such as equipment
failures, sudden weather changes, and production schedule
adjustments. Traditional static modeling methods struggle to
adapt in real-time to these load characteristic shifts, leading
to substantially increased modeling errors [28]. 4. Real-time
scheduling demands necessitate high modeling timeliness:
Real-time dispatch and spot market bidding for virtual
power plants require highly timely load modeling results,
with modeling processes needing completion within short
timeframes (typically under 5 minutes). The training and
inference times of traditional complex models struggle to
meet this requirement [29]. To address these challenges, this
paper proposes a refined load modeling strategy integrat-
ing multidimensional feature engineering, PSO intelligent
optimization, and AdaBoost ensemble learning. By fusing
multiple features to characterize complex load behavior,
employing ensemble learning to enhance model adaptability
and robustness, and utilizing intelligent optimization algo-
rithms to refine model parameters, this approach achieves
refined modeling of user-side loads in virtual power plants
[30].

III. MULTI-DIMENSIONAL LOAD FEATURE
ENGINEERING
A. FEATURE SYSTEM CONSTRUCTION
A targeted multi-dimensional feature system is constructed
based on load type differences. Specific feature classifica-
tions and definitions are as follows:

1) Historical Load Features
Historical load features serve as core indicators reflecting
the inertia of load time series. Based on load temporal
correlation, the following features are extracted: 1. Instanta-
neous load features: Include load values from the previous
hour (P(t-1)), two hours prior (P(t-2)), and three hours prior
(P(t-3)), reflecting recent load fluctuation trends; 2. Periodic
Load Features: Includes load values at the same time point

from the previous day and 7 days prior (P(t-24), P(t-168)),
as well as average load values for the same time period
from the previous day and 7 days prior (Pavg(t-24), Pavg(t-
168)), reflecting daily and weekly load periodicity; 3. Load
statistical characteristics: Includes the maximum, minimum,
average, standard deviation, and fluctuation range of the
past 24 hours (Pmax, Pmin, Pavg, Pstd, Prange), reflecting
the overall operational state of the load; 4. Load trend
characteristics: Calculated via linear regression, the load
change slopes over the past 6 hours and 12 hours (k6h,
k12h) reflect upward or downward load trends.

Historical load features are applicable to all load mod-
eling types and serve as foundational characteristics for
load time series forecasting. Their extraction relies on the
temporal continuity of load data, effectively capturing load
inertia patterns.

2) Meteorological Features
Weather conditions constitute significant external factors
influencing load fluctuations, particularly affecting commer-
cial and residential loads. Combined with load character-
istics, the following meteorological features are extracted:
1. Temperature Features: Including current outdoor tem-
perature (T(t)), previous hour’s temperature (T(t-1)), 24-
hour average temperature (Tavg), temperature change rate
(∆T/∆t), and temperature extremes (Tmax, Tmin). Tem-
perature exhibits strong correlation with air conditioning
and heating loads. 2. Humidity characteristics: Including
current relative humidity (RH(t)) and 24-hour average rela-
tive humidity (RHavg). Humidity indirectly influences air
conditioning load by affecting human comfort levels; 3.
Weather condition characteristics: Weather types (sunny,
cloudy, rainy, snowy) are converted into numerical features
using one-hot encoding. Load fluctuation patterns exhibit
significant differences under varying weather conditions; 4.
Light intensity features: Includes daylight hours (Lh) and
light intensity (Lint). Light intensity directly affects lighting
load magnitude, significantly influencing daytime opera-
tional characteristics of commercial loads. For industrial
loads, meteorological features exert relatively minor direct
influence, primarily affecting production facilities through
temperature and humidity regulation loads. Conversely, me-
teorological features constitute the core drivers of seasonal
and intraday load fluctuations for commercial and residential
loads.

3) User Behavior Features
User behavior characteristics reflect how electricity usage
habits influence load patterns, primarily applicable to com-
mercial and residential loads. These include: 1. Temporal
Attributes:

• Weekday Type (Weekday/Weekend, coded 0-1)
• Holiday Indicator (Holiday/Non-Holiday, coded 0-1)
• Intraday Time Segmentation (Early Morning, Morning,

Afternoon, Evening, coded uniquely)
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User behavior exhibits regular temporal variations.
2. Commercial Behavior Characteristics: For commer-
cial loads, extracts customer traffic (Custnum), turnover
(Turnover), and promotional activity indicators (Promo,
coded 0-1). Customer traffic and turnover directly determine
the power and lighting loads of commercial complexes; 3.
Residential Behavior Characteristics: For residential loads,
extract household population size (Popnum), age structure
(proportion of elderly/adults/children), and number of elec-
trical appliances (Equipnum). Household composition and
appliance configuration are primary drivers of residential
load variation. User behavior exhibits strong individuality
and randomness, yet group behavior follows discernible
patterns. Statistical analysis and data mining can effectively
extract these load influence patterns.

4) Production Process Characteristics
Production process characteristics are key features for mod-
eling industrial loads, directly reflecting the impact of
production processes on load. These include: 1. Produc-
tion schedule characteristics: Comprising production shifts
(morning/day/night shift, unique thermal coding), produc-
tion task volume (Taskqty), and number of operating equip-
ment units (Equiprun). Production schedules directly deter-
mine the start/stop status of industrial equipment; 2. Process
parameter characteristics: Key parameters such as reaction
temperature (ProcT), pressure (ProcP), and material flow
rate (Flow). Changes in these parameters cause fluctuations
in equipment load. 3. Equipment status characteristics:
Equipment runtime (Equiph), fault warning indicator (Fault,
0-1 binary), and maintenance schedule indicator (Maintain,
0-1 binary). Equipment status directly impacts load sta-
bility. Production process features possess clear physical
significance and serve as core inputs for refined industrial
load modeling, effectively enhancing the model’s ability to
capture periodic and process-driven fluctuations in industrial
loads.

B. DATA PREPROCESSING
Raw load data and feature data contain issues such as
missing values and outliers. Data quality must be improved
through preprocessing, following these steps:

1) Data Cleaning
1. Missing Value Handling: Differentiated approaches are
applied based on data type. Missing historical load data
is filled using linear interpolation to ensure time series
continuity. Missing meteorological and process parameter
data is filled with the mean value from the nearest time
point. Missing user behavior data is filled with the mode
to prevent feature distortion caused by data gaps. 2. Outlier
Handling: Outliers are identified using the 3σ rule, where
values exceeding the mean ± 3 standard deviations are
flagged. Handling varies by load type: - Industrial load out-
liers (typically caused by equipment failures) are replaced
with the average of the same time point across the preceding

three cycles. - Commercial and residential load outliers are
replaced using linear interpolation of adjacent time points’
load values to ensure data plausibility.

2) Feature Standardization
Different features exhibit significant variations in units and
numerical ranges (e.g., temperature in ◦C, load in kW).
Direct input into the model would cause bias toward features
with larger values, compromising modeling accuracy. All
features undergo Z-score normalization using the following
formula:

(1)

where x is the original feature value, µ is the feature
mean, σ is the feature standard deviation, and x’ is the
normalized feature value. Normalized data have a mean of
0 and standard deviation of 1, eliminating the impact of
dimensional differences on the model.

C. FEATURE SELECTION
The constructed multidimensional feature system contains
numerous features, some of which exhibit strong correla-
tions. This increases computational complexity and over-
fitting risks. A two-stage feature selection algorithm based
on mutual information and random forests is employed to
screen key features, following these steps: Mutual informa-
tion between each feature and load values is computed. A
mutual information threshold is set (adjusted by load type:
0.3 for industrial loads, 0.25 for commercial and residential
loads). Features with mutual information exceeding the
threshold are retained, initially eliminating those weakly
correlated with load.

1) Theoretical Basis for Threshold Setting
Industrial loads: Characterized by "high predictability and
clear factor coupling", a higher threshold (0.3) is adopted
to quickly eliminate irrelevant features, improving modeling
efficiency without losing key information.

Commercial/residential loads: Featuring "strong random-
ness but hidden key influencing factors", a lower threshold
(0.25) is used to retain more potential related features (e.g.,
household appliance usage habits for residential loads, cus-
tomer flow fluctuation correlation features for commercial
loads), avoiding omission of weakly correlated but important
variables.

The threshold range refers to conventional research in
"Automation of Electric Power Systems" and is adjusted
based on the feature distribution of the dataset in this study.

IV. PSO-ADABOOST ENSEMBLE MODELING STRATEGY
A. PRINCIPLES OF ADABOOST ENSEMBLE LEARNING
The AdaBoost algorithm is an iterative ensemble learning
method that integrates multiple weak classifiers into a
strong classifier by adaptively adjusting the weights of weak
classifiers and samples. Its core idea is “focusing on hard

x' = \frac{x - \mu}{\sigma}
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cases,” which involves assigning higher weights to samples 
with larger modeling errors in the previous round. This 
guides subsequent weak classifiers to focus on learning these 
samples, thereby progressively improving the accuracy of 
the ensemble model.

Basic Flow of the AdaBoost Algorithm The basic flow of 
the AdaBoost algorithm is as follows: 1. Initialize sample 
weights: Let the training set be {(x1,y1),(x2,y2),..., (xn,yn)}. 
Here, xi denotes the feature vector and yi the output label. 
Initialize the sample weight distribution D1 = 
(w11,w12, ...,w1n), where w1i = 1/n to ensure equal initial 
weights. 2. Weak Classifier Training and Weight Calculation: 
a. Train weak classifier ht(x) based on current sample weight 
distri-bution Dt. The adaptive selection process of weak 
classifier type is as follows:1 Train three candidate weak 
classifiers (CART, BPNN, SVM) respectively based on the 
current sample weight distribution Dt;2 Calculate the training 
error rate ϵt of the three types of models;3 Select the model 
with the smallest error rate as the weak classifier ht(x) for this
iteration, and record its type and parameters; b. Calculate
the error rate ϵt =

∑
i wt,iI(ht(xi) ≠ yi) of weak classifier

ht(x) on the training set, where I(·) is the indicator function
yielding 1 when the condition in parentheses holds, and
0 otherwise; c. Calculate the weight αt of each weak
classifier as αt = 0.5 log((1 − ϵt)/ϵt). Weaker classifiers
with lower error rates receive higher weights, contributing
more significantly to the ensemble model.

1) Limitations of the Traditional AdaBoost Algorithm
The traditional AdaBoost algorithm exhibits the following
shortcomings in modeling user-side loads for virtual power
plants: 1. Empirical reliance in weak classifier weight-
ing: The traditional algorithm determines weak classifier
weights solely based on error rates, neglecting variations
in adaptability across different load scenarios. This leads to
underestimation of weights for weak classifiers that exhibit
strong adaptability to specific load fluctuations. 2. Empirical
setting of iteration count: The iteration count T in the
traditional algorithm requires empirical tuning. Too few
iterations lead to underfitting, while too many cause over-
fitting and increased computational complexity; 3. Sample
weight updates prone to overfitting: Excessive amplification
of error sample weights causes the model to overemphasize
anomalous samples, reducing its generalization capability
in normal load scenarios. To address these limitations, this
paper employs the PSO algorithm to optimize the AdaBoost
ensemble framework, achieving global optimization of weak
classifier weights and adaptive determination of iteration
parameters to enhance model performance.

B. PSO ALGORITHM PRINCIPLES AND OPTIMIZATION
MECHANISM
Particle Swarm Optimization (PSO) is a swarm intelligence-
based optimization algorithm that simulates information
sharing and cooperative behavior among birds during for-
aging to efficiently solve complex optimization problems.

This algorithm offers advantages such as simple structure,
fast convergence, and minimal parameter tuning, making it
suitable for optimizing AdaBoost ensemble parameters.

1) Fundamental Principles of PSO
The PSO algorithm treats each solution to the optimization
problem as a particle within a swarm. Each particle pos-
sesses two attributes: position and velocity. Particles update
their velocity and position by tracking their personal best
position (pbest) and the swarm’s best position (gbest), grad-
ually converging toward the optimal solution. The specific
update formulas are as follows: Velocity update formula:

(2)

Position update formula:

x{i,d}(t+1) = x{i,d}(t) + v{i,d} (t+1) (3)

Where v{i,d}(t) is the velocity of particle i in dimension d 
at iteration t, and x{i,d}(t) is its corresponding position; ω is 
the inertia weight, balancing the particle’s global exploration 
and local exploitation capabilities; c1 and c2 are acceleration 
coefficients representing the particle’s confidence in  its own 
best position and the population’s best position, respectively; 
r1 and r2 are random numbers within the interval [0,1] 
to enhance algorithmic randomness; pbest{i,d}(t) 
denotes the best position of particle i, and  gbest{d}(t) 
denotes the population’s best position.

2) PSO-AdaBoost Optimization Mechanism
This paper employs the PSO algorithm to optimize the
AdaBoost algorithm from two dimensions: weak classifier
weight allocation and iteration termination criteria, thereby
constructing the PSO-AdaBoost ensemble modeling strat-
egy. The specific optimization mechanism is as follows:
1. Optimization Objective Definition: The objective is to
minimize the Mean Absolute Percentage Error (MAPE)
of the ensemble model on the validation set. MAPE is
calculated as:

where yi is the actual load value, ŷi is the model-predicted
load value, and n is the number of samples in the validation
set. 2. Particle Encoding Design: The optimization param-
eters of the AdaBoost ensemble framework are encoded
as the position vector of a particle. The position vector
has T dimensions (the number of weak classifiers), with
each dimension corresponding to the weight αt of a weak
classifier, satisfying the constraint Σαt = 1 (weight normal-
ization constraint). 3. Adaptive Inertia Weight Adjustment:
To balance the exploration and exploitation capabilities of
the PSO algorithm, a linearly decreasing inertia weight
strategy is adopted, defined as:

v{i,d}(t+1) = ω·v{i,d}(t) + c₁·r₁·(pbest{i,d}(t) - x{i,d}
(t)) + c₂·r₂·(gbest{d}(t) - x{i,d}(t))

MAPE = \frac{1}{n} \sum{i=1}^n \left| \frac{yi - \hat{y}i}{yi} 
\right| × 100\%                                                                       (4)
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FIGURE 2. Principles of AdaBoost Ensemble Learning

FIGURE 3. Principles and Optimization Mechanisms of the PSO Algorithm

(5)

where ωmax = 0.9 (initial inertia weight, enhancing
global exploration), ωmin = 0.4 (late-stage inertia weight,
enhancing local exploitation), Tmax is the maximum itera-
tion count, and t is the current iteration count. 4. Iteration
Termination Condition Optimization: The iteration count T
in traditional AdaBoost relies on empirical settings. This
paper employs the PSO algorithm’s convergence condition
to adaptively determine the iteration count. When the MAPE
variation of the swarm’s optimal position remains below
0.1% for five consecutive iterations, the process terminates,
outputting the optimal weak classifier weight combination
and ensemble model.

In addition to optimizing weak classifier weights and
iteration termination criteria, PSO is also used to tune key
parameters of BPNN and SVM to enhance their perfor-
mance: For BPNN: Optimize the number of hidden layer
nodes (range: 32-128) and learning rate (range: 0.001-0.01)
to improve nonlinear fitting capability; For SVM: Optimize

the kernel function parameter (γ, range: 0.1-10) and penalty
factor (C, range: 1-100) to strengthen generalization ability
for abnormal load samples.

C. PSO-ADABOOST MODELING PROCESS
Based on the above optimization mechanism, the PSO-
AdaBoost ensemble modeling process is constructed with
the following steps:

1. Dataset Preparation: Divide the preprocessed load and
feature data into training (70%), validation (15%), and test
(15%) sets. The training set trains weak classifiers, the
validation set optimizes PSO algorithm parameters, and the
test set evaluates model performance. 2. Weak Classifier
Pool Construction: Select three algorithms with distinct
learning characteristics—Decision Tree (CART), Backprop-
agation (BP) Neural Network, and Support Vector Machine
(SVM)—as weak classifiers to form the weak classifier pool.

Decision Tree (CART): Features simple structure and
high interpretability, focusing on capturing local pattern
features (e.g., process switching characteristics of indus-
trial loads, temporal mutation characteristics of residential

ω(t) = ω{max} - \frac{ω{max} - ω{min}}{T{max}} · t
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FIGURE 4. PSO-AdaBoost Modeling Process

loads); BP Neural Network: Possesses strong nonlinear
fitting capabilities, responsible for modeling global multi-
factor coupling relationships; SVM: Excels in generalization
with small datasets, dedicated to correcting prediction biases
of abnormal samples.

The three classifiers complement each other to cover dif-
ferent feature dimensions of complex loads, ensuring the en-
semble model’s adaptability to diverse load characteristics.
3. Initial AdaBoost Model Training: Train T0 weak classi-
fiers (T0=20, initial iteration count) using the traditional Ad-
aBoost algorithm. Record each weak classifier’s prediction
results on the validation set as the initial solution for PSO
optimization. 4. PSO Algorithm Parameter Initialization:
Set the particle population size to 50, maximum iteration
count Tmax=100, acceleration coefficients c1=c2=2, inertia
weights ωmax=0.9 and ωmin=0.4. The particle position
vector has T0 dimensions, with each dimension ranging
from [0,1] and satisfying weight normalization constraints.
5. PSO Optimization Process: a. Fitness Calculation: Treat
each particle’s position vector as a weighted combination
of weak classifiers. Compute the MAPE of the ensemble
model on the validation set as the particle’s fitness value;
b. Individual and Population Optimal Updates: Compare
each particle’s current fitness with its personal best fitness
to update pbest; compare all particles’ pbest values to
update gbest; c. Particle Velocity and Position Updates:
Update particle velocity and position using the velocity and
position update formulas, then normalize the position vector
to ensure the sum of weak classifier weights equals 1; d.

Convergence check: If the iteration termination condition is
met (MAPE change < 0.1% for 5 consecutive iterations),
stop iteration and output the optimal weak classifier weight
combination corresponding to gbest; otherwise, return to
step 5a to continue iteration. 6. Generate Optimal Ensemble
Model: Integrate the corresponding weak classifiers using
the weight combination optimized by the PSO algorithm
to generate the PSO-AdaBoost optimal ensemble model.
7. Model Evaluation and Optimization: Evaluate model
performance using the test set. If model accuracy fails to
meet requirements (MAPE > 5%), adjust weak classifier
types and PSO algorithm parameters, then return to step 3
for retraining until model accuracy satisfies requirements.

V. DEVELOPMENT OF A VIRTUAL POWER PLANT
USER-SIDE LOAD FINE-GRAINED MODELING SYSTEM
Based on the multi-dimensional feature engineering and
PSO-AdaBoost ensemble modeling strategy proposed ear-
lier, a virtual power plant user-side load fine-grained mod-
eling system is developed. This system automates load data
processing, enables adaptive model training, and delivers
precise modeling outputs with visual representations, pro-
viding support for virtual power plant scheduling optimiza-
tion.

A. SYSTEM ARCHITECTURE DESIGN
Adopting a “layered architecture + modular design” ap-
proach, the overall system architecture comprises four lay-
ers: data acquisition, data processing, model training, and
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result output. These layers collaborate through data inter-
faces:

1) Data Acquisition Layer
The data acquisition layer serves as the system’s data input
interface, responsible for collecting various data from the
user side of the virtual power plant, including: 1. Load
Data: Real-time power data for industrial, commercial, and
residential loads is collected via smart meters and load
monitoring terminals at a sampling frequency of 15 minutes
per instance. Data transmission employs the IEC 61850
standard protocol to ensure real-time and reliable data.

2. Meteorological Data: Outdoor parameters such as
temperature, humidity, and solar irradiance are collected via
meteorological stations deployed across the VPP coverage
area, or obtained through third-party meteorological data
platforms for precise forecasts; 3. User Behavior Data:
User behavior metrics—including foot traffic, sales revenue,
and household appliance operational status—are sourced
from commercial complex visitor flow systems and resi-
dential electricity information collection systems; 4. Pro-
duction Process Data: Industrial production data—including
production schedules, process parameters, and equipment
operational status—is collected via industrial enterprises’
production monitoring systems (SCADA).

The data acquisition layer supports multi-source data
integration and fusion. Edge computing nodes perform local
preprocessing to reduce data transmission pressure and
ensure real-time data collection.

2) Data Processing Layer
The data processing layer serves as the system’s “data hub,”
responsible for preprocessing and feature engineering of col-
lected raw data, including: 1. Data Preprocessing Module:
Implements data cleansing, missing value imputation, and
outlier handling. Utilizes the differentiated preprocessing
methods proposed earlier to ensure data quality. 2. Feature
Engineering Module: Automatically extracts historical load
characteristics, meteorological features, user behavior pat-
terns, and production process attributes based on a multidi-
mensional feature framework. A two-stage feature selection
algorithm identifies key attributes to generate the input
feature set for modeling; 3. Data Storage Module: Employs a
hybrid storage architecture combining a time-series database
(InfluxDB) for storing massive historical load data and real-
time monitoring data, and a relational database (MySQL)
for storing structured data such as feature data, model
parameters, and user information, ensuring efficient and
secure data storage.

All functions within the data processing layer are au-
tomated. Users only need to configure data types and
processing rules via the interface, after which the system
automatically performs data preprocessing and feature en-
gineering.

VI. CONCLUSIONS
This study successfully established a fine-grained load mod-
eling system for Virtual Power Plant (VPP) user- side
loads by innovatively integrating multi-dimensional feature
engineering with a Particle Swarm Optimization (PSO)-
AdaBoost ensemble strategy. The proven accuracy of this
system is particularly significant for high-demand industrial
clients, ensuring reliable and optimized VPP scheduling,
especially when incorporating the highly complex and vari-
able load profiles characteristic of the manufacturing sector.
Addressing the challenges posed by complex multi-factor
coupling (historical load inertia, weather, user behavior,
production processes) and the diversity of load types (indus-
trial, commercial, residential), a targeted multi-dimensional
feature set was constructed and refined using a two-stage
feature selection algorithm (Mutual Information and Ran-
dom Forests). The core contribution lies in utilizing PSO to
optimize the AdaBoost framework, which overcomes the
limitations of empirical weight assignment and iteration
count tuning in traditional AdaBoost. Specifically, PSO
adaptively determines the optimal number of weak classi-
fiers and globally optimizes their weights (CART, BPNN,
SVM) by minimizing the Mean Absolute Percentage Error
(MAPE) on the validation set, employing a convergence
condition. This optimization mechanism significantly en-
hances the model’s accuracy, robustness, and adaptability
to dynamic VPP operating conditions, ensuring the model
can precisely capture highly periodic industrial fluctuations
as well as the strong randomness of residential loads. Fi-
nally, the methodology is deployed within a layered system
architecture, guaranteeing that the load prediction outputs
meet the crucial real-time scheduling demands (typically
under 5 minutes) of VPP operations, thereby providing
robust technical support for flexible energy management and
market participation.
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