World Electric
Vehicle Journal

Article

An Intelligent Profiling and Classification Method for Load
Adjustment Potential of Multi-Type Demand-Side Resources
Considering Adjustment Willingness

Can Wang, Xuesong Shao, Shihai Yang, Huiling Su * and Yingwen Zhu

Academic Editors: Peter Van den

Bossche and Grzegorz Sierpiniski

Received: 11 May 2026
Revised: 16 June 2026
Accepted: 17 June 2026
Published: 29 June 2026

Copyright: © 2026 by the authors.
Published by MDPI on behalf of the
World Electric Vehicle Association.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons

Attribution (CC BY) license.

State Grid Jiangsu Marketing Service Center, Nanjing 210019, China; stategrid_cw@163.com (C.W.);
shaoxs@js.sgcc.com.cn (X.S.); yangshihai@js.sgcc.com.cn (S.Y.); zhuyw8@js.sgcc.com.cn (Y.Z.)
* Correspondence: shl@js.sgcc.com.cn; Tel.: +86-13913823628

Abstract

The rapid development of new energy has caused a sharp increase in the stochasticity on
the source side of the new power system (NPS), and extreme weather along with climate
variability have also led to increased stochasticity in power demand on the load side; thus,
how to achieve source-load matching and enable the load to track the source under the
new situation is the key to the efficient operation of the power system. Aiming at the prob-
lem that existing load regulation potential evaluation mainly focuses on physical capacity,
making it difficult to reflect users’ subjective willingness to participate as well as the dy-
namic changes in regulation capability under different operating scenarios, this paper
proposes a two-stage dynamic profiling classification method for multi-type power user
loads considering regulation willingness. First, an evaluation index system is constructed
from three dimensions, physical reliability, execution reliability, and behavioral willing-
ness, to achieve the unified characterization of the regulation capabilities of heterogeneous
resources such as industrial loads and electric vehicle (EV) aggregators. Second, the
DBSCAN algorithm is adopted to identify typical annual operating scenarios. Finally, the
Dynamic Time Warping (DTW) distance is introduced to improve the K-Means++ algo-
rithm, achieving the profiling classification of user regulation potential. This paper takes
a certain NPS demonstration park as an example for verification, and the results show that
the annual operating scenarios can be divided into 4 types of typical days; the proposed
DTW-K-Means++ method has better classification performance compared with traditional
Euclidean distance clustering, can effectively identify the differences and dynamic migra-
tion characteristics of user regulation potential under different operating scenarios, and
stably classifies users into three types of profiles: deep regulation type, agile response
type, and rigid constraint type. The research results aim to provide reliable data support
for the refined dispatch of the power grid by effectively quantifying the dynamic migra-
tion patterns of heterogeneous resources under variable scenarios.

Keywords: load regulation potential; user profiling; regulation willingness; DBSCAN
clustering; DTW-K-Means++ algorithm

1. Introduction

The large-scale integration of new energy has promoted the rapid development of
the new power system (NPS), but it has also significantly enhanced the stochasticity and
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volatility of source-side output. At the same time, the frequent occurrence of extreme
weather and complex, variable climate conditions have further increased the uncertainty
of power demand on the load side [1]. Under the new situation where the stochasticity on
both the source and load sides is simultaneously enhanced, how to achieve precise source-
load matching and “load tracking the source” has become a key issue in ensuring the safe
and stable operation of the power system and improving the accommodation level of new
energy. Demand Response (DR), as an important regulation measure connecting the sup-
ply and demand sides, can fully excavate the flexible regulation capability on the load side
and is one of the important approaches to achieving load tracking of the source [2].

With the continuous enrichment of DR resource types, heterogeneous resources such
as industrial loads, electric vehicle (EV) aggregators, integrated energy systems (IES), and
data centers are gradually becoming important entities for the flexible regulation of the
power grid. Meanwhile, to alleviate the operational pressure on the distribution network
caused by the uncoordinated charging of large-scale EVs, utilizing distributed renewable
energy such as solar energy to promote vehicle-grid coordinated operation has also be-
come a research hotspot in recent years [3]. In addition to EVs, multi-type demand-side
resources such as multi-park IESs [4], data center clusters [5], community IESs [6], and
industrial enterprises are gradually participating in Integrated Demand Response (IDR),
becoming important entities supporting the flexible regulation of the NPS. However, due
to significant differences in capacity scale, operational characteristics, and geographical
distribution among various resources, massive heterogeneous resources present highly
complex spatio-temporal distribution characteristics [7], causing the aggregated load to
exhibit strong stochasticity and uncertainty. Therefore, accurately evaluating the load reg-
ulation potential of multi-type power users and constructing user profiles that can reflect
the differences in their regulation capabilities have become an important foundation for
improving the management and dispatch level of DR resources.

Currently, research on the evaluation of user-side load regulation potential has made
certain progress. Existing studies mainly rely on user load characteristics and historical
operational data, utilizing Non-Intrusive Load Monitoring (NILM) technology [8] as well
as artificial intelligence and data-driven methods [9] to identify user groups with regula-
tion capabilities, such as extracting the characteristics of flexible resources like buildings
to construct user profiles to evaluate DR potential [10] or conducting potential evaluation
on adjustable loads in industrial parks based on profiling technology [11]. Such studies
can well reflect the objective operational characteristics of users, but their evaluation basis
mainly focuses on the physical capacity of equipment and historical electricity consump-
tion behavior, rarely considering the subjective decision-making factors when users actu-
ally participate in DR. In fact, user response behavior is often jointly influenced by multi-
ple factors such as compensation revenue expectations, travel plans, energy consumption
preferences, and satisfaction requirements. For example, residential users have differenti-
ated demands for power rationing compensation levels [12], EV users possess obvious
heterogeneity in travel behavior [13,14], and some users are also affected by social welfare
perception and comfort needs [15]. In recent years, some studies have attempted to intro-
duce user willingness factors into DR models, for example, considering DR behavior un-
der a low-carbon game mechanism [16], designing a two-dimensional compensation
mechanism [17], and constructing an uncertainty model containing a travel chain with
user willingness [18]. With the deepening of research, frontier explorations in the DR field
have begun to profoundly recognize the impact of user behavior complexity, and attempt
to introduce bounded rationality and behavioral economics theories for modeling. For in-
stance, the latest literature characterizes the heterogeneous bounded rationality and
asymmetric risk perception of EV users based on prospect theory [19], incorporates ab-
normal behaviors such as response delays and insufficient duration into the IDR
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optimization model [20], and further discusses the fatigue and learning effects of demand-
side behavior under multi-scale extreme weather [21]. However, from a critical perspec-
tive, these studies still have obvious limitations: existing behavioral modeling mostly re-
volves in isolation around a single type of load (such as pure EVs or pure industrial loads),
or focuses on theoretical games at the macroscopic planning level; there is still a lack of
data-driven methods that incorporate the subjective participation willingness of multi-
type heterogeneous resources like EVs and industrial loads into a unified framework for
comprehensive quantification, leading to a relatively large deviation between the theoret-
ical regulation capacity and the actual adjustable potential, making it difficult to accu-
rately characterize the true regulation capabilities of heterogeneous load resources from a
system level.

Furthermore, in terms of user profile construction, most existing studies establish a
unified static label system or typical load curves based on continuous annual operating
data [22,23]. Although the latest research, such as literature [24], proposes an EV charging
behavior profiling method considering users” subjective psychological effects, its limita-
tion lies in that the evaluation results are still presented as a static probability set for a
single scenario. However, during the actual operation process of the power grid, user load
characteristics undergo dynamic migration influenced by factors such as seasonal
changes, meteorological conditions, and holidays; especially under typical scenarios like
extreme heat, extreme cold, and major holidays, users’ energy consumption behavior and
response capabilities often exhibit obvious differences. Traditional static profiles are diffi-
cult to reflect the dynamic evolution patterns of user regulation potential under different
operational scenarios, which easily leads to misjudgments by the dispatch department
regarding available flexible resources during critical periods, thereby affecting the precise
identification of DR resources. Therefore, constructing dynamic user profiles capable of
reflecting the differences in typical operating scenarios holds important practical signifi-
cance.

Regarding profiling classification methods, traditional studies mostly adopt cluster-
ing algorithms based on Euclidean distance and require pre-setting the number of clus-
ters. Such methods are not only relatively sensitive to abnormal noise caused by factors
like extreme weather, but also lack an effective clustering validity verification mechanism.
Aiming at massive and complex load data, existing studies have utilized the Density-
Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm to dynamically
classify EV users, verifying its adaptive identification advantages in processing multidi-
mensional feature data with noise [25]. Meanwhile, for heterogeneous resources such as
industrial loads and EVs, their DR behaviors usually exhibit characteristics like time delay
or random translation; traditional distance metric methods are difficult to effectively han-
dle the time-series phase shift problem, which easily causes classification errors. To this
end, some studies introduce the Dynamic Time Warping (DTW) algorithm to measure the
time-series similarity of users’ electricity consumption behaviors [26], or apply it to the
optimization of building thermal load control [27]; there are also studies adopting the K-
Means++ algorithm to improve regional load forecasting performance [28]. However, how
to combine DBSCAN, DTW, and cluster analysis while simultaneously taking into ac-
count the differences in time-series characteristics of heterogeneous loads and the charac-
teristics of users’ regulation willingness, to achieve the construction of high-precision and
high-robustness load profiles, still requires further research.

Aiming at the above problems, this paper proposes a two-stage dynamic profiling
classification method for multi-type power user loads considering regulation willingness.
First, an evaluation index system for load regulation potential is constructed from three
dimensions: physical reliability, execution reliability, and behavioral willingness, incor-
porating the subjective and objective characteristics of multi-type loads such as EVs and
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industrial enterprises into a unified evaluation framework to achieve a comprehensive
characterization of the regulation capabilities of heterogeneous resources. Second, the
DBSCAN algorithm is utilized to divide annual operating data into typical days, con-
structing dynamic user profiles oriented towards different operating scenarios, and re-
vealing the migration patterns of load regulation potential as operational scenarios
change. Finally, the DTW distance is introduced to improve the K-Means++ clustering al-
gorithm, reducing the impact of time-series phase shifts on the profiling classification re-
sults, and improving the accuracy and robustness of heterogeneous load classification.
The research method in this paper differs from traditional static evaluation by accurately
characterizing the true regulation flexibility of heterogeneous resources under variable
spatio-temporal environments through data-driven means, thereby providing data sup-
port for the dispatch department to formulate differentiated strategies.

2. Framework of Intelligent Profiling Process for Load Regulation
Potential of Multi-Type Power Users Considering
Regulation Willingness

To achieve the effective quantification and hierarchical profiling of power users’ reg-
ulation potential, it is necessary to construct a multidimensional evaluation system en-
compassing physical characteristics, execution efficacy, and behavioral psychology. Con-
sidering that there are significant differences in the regulation mechanisms of different
types of loads, and that user characteristics exhibit dynamic changes along with the exter-
nal environment and typical day environments, the load characteristics of multi-type
power users are first defined; subsequently, taking the time scale as the core variable,
quantitative indicators applicable to specific typical days are defined from the three di-
mensions of physical reliability, execution reliability, and behavioral willingness, respec-
tively. This is shown in Figure 1.

Maximum Adjustable

Power on a Typical Day
Physical - - -
ity | Continuous Regulation Duration
4’| Physical Ramp Rate |
——] Regulation Stability |
Multi-dimensional
Evaluation System Execution
for User Regulation Reliability | Response Completeness |
Potential
4’| Execution Consistency |
—’| Typical Day Participation Degree |
Behavioral N . .
iz * Risk Aversion Degree |

|

Willingness Volatility Rate |

Figure 1. Framework of the multi-dimensional evaluation index system for user regulation poten-
tial.

2.1. Overall Framework of Dynamic Profiling for Load Regulation Potential

As shown in Figure 2, this framework mainly includes three core modules: data pre-
processing, typical day identification in the time dimension, and profiling classification in
the user dimension. The data cleaning and standardized preprocessing target the histori-
cal operating data of multi-type demand-side resources. It first removes anomalous values
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and performs min-max normalization on heterogeneous indicators of different dimen-
sions, providing standardized data input for subsequent algorithms. The first stage starts
from the macroscopic time dimension, extracts the daily average load rate, daily peak-to-
valley difference rate, and daily load fluctuation rate as operating features, and utilizes
the DBSCAN density clustering algorithm to adaptively classify the operating scenarios
of 365 days throughout the year. This stage aims to isolate four types of typical scenarios—
normal production days, extreme peak load days, deep valley rest days, and meteorolog-
ical anomaly days—providing a macroscopic environmental baseline for microscopic
evaluation. Under the premise of clarifying the constraints of specific typical day scenar-
ios, the second stage quantifies the regulation potential indicators of multi-type users from
three dimensions: physical reliability, execution reliability, and behavioral willingness,
respectively. Finally, the improved DTW-K-Means++ algorithm is introduced to eliminate
the time-series phase shifts among heterogeneous loads, achieving the effective classifica-
tion of user profiles (deep regulation type, agile response type, and rigid constraint type).

| Historical operating data of multi-type demand-side resources |

v

Data cleaning and standardized preprocessing
(Anomaly removal / Min-max normalization of heterogeneous indicators)
]

A 4

First stage: Typical day identification in the time dimension

Construction of macroscopic operating features in the time dimension
(Daily average load rate / Daily peak-to-valley difference rate / Daily load fluctuation rate)

l

Typical day identification using DBSCAN

Typical day scenarios (Normal production days / Extreme peak
load days / Deep valley rest days / Meteorological anomaly days)

Under specific typical day scenarios

Second stage: Profiling classification in the user dimension

Quantization of users' multidimensional indicators under typical days
(Physical reliability / Execution reliability / Behavioral willingness)

'

User profiling classification using DTW-K-Means++

Dynamic profiling of load regulation potential for multi-type power users
(Deep regulation type / Agile response type / Rigid constraint type)

Figure 2. Overall process framework of dynamic load profiling considering regulation willingness.

2.2. Definition and Characteristic Analysis of Multi-Type Power User Loads

Multi-type power users primarily encompass industrial users and EV aggregators
with demand response potential. These two types of loads have essential differences in
electricity consumption behavior, regulation mechanisms, and constraint conditions.
Among them, as the core mobile nodes in the heterogeneous resource system, EVs are not
only a key link connecting the transportation network and the distribution network but
also the core application target of the willingness profiling and classification method in
this study.

Industrial users can generally be further subdivided into discrete manufacturing
types and continuous production types. The production processes of discrete manufac-
turing users (such as machining enterprises) are relatively independent and possess
strong time-shifting characteristics. They can participate in peak shaving and valley filling

https://doi.org/10.3390/wevj17070339



World Electr. Veh. ]. 2026, 17, 339

6 of 36

by adjusting shifts or starting/stopping non-critical equipment, thus offering large regu-
lation potential and high stability. The production processes of continuous production
users (such as fine chemical enterprises) have a high degree of coupling. Their regulation
flexibility is limited by process safety and rigid delivery requirements, typically only
providing limited reduction capability under security load constraints.

EV aggregators, as mobile energy storage resources, possess dual attributes. In the
spatial dimension, EV connection locations change with users’” travel trajectories; in the
temporal dimension, their regulation capability is strictly constrained by the State of
Charge (SOC) of the battery, the expected grid-departure time, and the travel willingness
of the owners. Compared to industrial loads, EV loads exhibit significant randomness and
instantaneous response capability.

To ensure the physical interpretability and engineering computability of the multidi-
mensional evaluation indicators for load regulation potential, this paper constructs a data
mapping link composed of ‘bottom-layer measurement data—basic physical characteris-
tics—advanced abstract indicators’. In the bottom-layer data acquisition stage, relying on
the real distribution network marketing system and the DR management platform, the

base res

user’s basic load sequence " and actual response power sequence "* with a time
resolution of Af, the real-time State of Charge (SOC) of vehicles under the jurisdiction of

inc

the EV aggregator, and the external incentive signal sequence 5" are collected. Subse-
quently, through cleaning and normalization processing, the above-mentioned concrete
physical measurement data are substituted into the multidimensional evaluation system
constructed later, achieving the quantitative mapping of users’ unobservable subjective
willingness and risk preferences.

2.3. Indicators for the Physical Reliability Dimension

It characterizes the objective regulation boundary and resource baseline of the user
under a specific typical day. This dimension integrates the physical operational con-
straints of the equipment and the user’s tolerance for risk, which together constitute the
effective capacity boundary for the user to participate in DR.

1. Maximum adjustable power on a typical day

This metric characterizes the average limit of power adjustment that a user can pro-
vide within the time periods of a specific typical day, constrained by equipment-rated
parameters and operational status. It characterizes the extreme average value of power
regulation that the user can provide within the time period contained in a specific typical
day, limited by the equipment’s rated parameters and operational state.

max 1 ase min
P =— " (Pi* = Pi™) 1)

T tely

max

where T4 is the average maximum adjustable power of the ! -th user under a typical

day 4 (MW); €14 is the set of time steps contained in a specific typical day, and Ny

base

is the total number of time steps; "** is the baseline load of user I attime ! (MW);
i is the minimum rigid load allowed for equipment operation (MW).
For the EV aggregator, if V2G reverse discharging is considered, the calculation of

max

i needs to satisfy the battery physical constraints:

v,exp v

AT park UV 2G

)

. soc,,-SocC,, )C*
R}I;ZG,mw( — min[Rvdls,max’ ( v,t ) ]
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V2G,max dis,max

where 4 is the maximum discharge power limit of the Y -th vehicle (MW); i

is the physical power upper limit of the charging and discharging equipment; soc..

and S9Cer are the battery SOC of the Y -th vehicle at the current time and the expected

grid-departure time, respectively; G s the rated battery capacity of the Y -th vehicle
(MWh); At s the remaining parking duration (h); M s the comprehensive V2G

discharge efficiency.
2. Effective continuous regulation duration

It quantifies the length of time that the user can continuously respond when main-
taining the maximum regulation power output, limited by the energy storage state or the
rigid constraints of the production process within a typical day.

flex

dur __ id (3)

id T pmax
Bl
dur Slex
where " is the equivalent continuous regulation duration (h); ~*¢ is the total flexi-

ble energy that can be dispatched by user ! during typical day ¢ (MWh).
flex
For industrial users, Eia depends on the total power consumption of shiftable pro-

cesses or the available capacity of thermal and cold storage equipment within the factory
flex
area. For the EV aggregator, ~*“ depends on the sum of the current remaining available

discharge capacity of the battery packs of all online vehicles within its jurisdiction, and its
specific calculation formula is as follows:

N,
Ei{;ex = z (SOCv,t - SOC\!,min )CfaanZG (4)

v=1

where Ve is the total number of currently online vehicles under the jurisdiction of the

SOCmn i the

minimum power threshold to ensure that the owner of the V-th vehicle meets the return

aggregator; SOC.: s the current SOC of the V-th vehicle at time ! ;

travel demand; C" s the rated physical battery capacity of the Y-th vehicle (MWh);
6 s the comprehensive V2G discharge efficiency.
3. Physical regulation rate limit

It reflects the maximum physical power ramping up or ramping down capability that
the user equipment can achieve per unit time. For continuous production industrial users,
this indicator is limited by the safe and stable operation constraints of the production line;
for EV charging and discharging facilities, this indicator is limited by the inverter topology
and the short-circuit capacity limit at the grid connection point.

B Bl
e ®)

i |
R™ =max,
At

where R is the physical regulation rate limit (MW/h); it and B are the baseline
load values at adjacent times; ! is the time step. This indicator directly determines
whether the user can quickly reach the target position in short-term, high-frequency emer-
gency peak-shaving commands.

2.4. Execution Reliability Dimension Indicators
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In evaluating the degree of coincidence between the actual power curve and the tar-
get curve after the user receives the dispatch command, it reflects the user’s regulation
precision and control quality under a specific typical day.

1. Regulation stability coefficient

It describes the degree of fluctuation deviation of the actual response power relative
to the target command during single or multiple regulation events within a typical day
for the user.

1 M D (Pres , Pﬂbj)
Cfﬂab — 1 = DTW i,m im 6
=l T e (6)

max
stab

where 7 is the regulation stability coefficient (value range [0, 1]); M is the total

number of regulation events occurring within a typical day; Do () is the DTW distance
res obj

. L. . . . P P
function, used to eliminate time-series phase shifts; "*" and "' are the actual re-
sponse power sequence and the target response power sequence of user I in the "-th

event, respectively (MW); Do depends on the maximum advance notice time window
allowed by the power market rules (such as 24 h for day-ahead invitation or 2 h for intra-
day agile regulation). A response dislocation exceeding this time window has physically
lost the practical significance of peak shaving and valley filling, so it is used as the upper
penalty limit of the warping distance for normalization processing.

2. Response completion rate

It represents the supply-demand matching degree between the regulation energy ac-
tually delivered by the user within a typical day period and the target energy issued by
the dispatch center.

M
res
2
— m=l1
o = a— @)

D E

m=1

-omp

where /¢ is the cumulative response completion rate of user ! on typical day ¢ ;

res obj
Ein and Ein are the integral electricity quantities of the actual delivery and the target

demand in the -th event, respectively (MWh).
3. Execution consistency index

It is used to examine whether there is significant dispersion in the performance qual-
ity of the user during multiple response behaviors under similar typical days.
cons 6( %(‘l;:np )

(A P
T g ®)

[IL‘()IZS . . X . O_ / ump / l”ﬂp
where "¢ is the execution consistency index; ") and “ ")

are the standard
deviation and mean functions of the user's M single response completion rates (

comp __ res obj
Vim' = Ein [ Eily ), respectively.

2.5. Behavioral Willingness Dimension Indicators

The regulation willingness of power users in actual DR is driven by their utility trade-
offs and risk perceptions under specific scenarios. Based on Prospect Theory and the
Bounded Rationality hypothesis in behavioral economics, the true willingness utility of
users accepting dispatch is determined by the asymmetric game between expected
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revenue (positive utility) and perceived risk loss (negative utility), and its micro-theoreti-
cal fundamental equation can be expressed as:

U =v(AR) - A(AC) )
AC) s the
risk cost brought by changing energy consumption habits or battery degradation; A s

where "R s the value function brought by economic compensation; v

the loss aversion coefficient. Since micro-psychological parameters such as A are hidden
variables that cannot be directly observed in actual power grid engineering, this paper
abandons the traditional subjective questionnaire survey method and instead adopts a
data-driven ‘behavioral trajectory backward-deduction’ strategy. Namely, assuming that
the user’s historical DR compliance behavior is the ultimate external manifestation of their
internal utility game, by extracting statistical characteristics from real interaction records,
the following three engineering-computable macroscopic mapping indicators are con-
structed, thereby achieving the quantitative characterization of the theoretical utility
model without invading user privacy:

1. Typical day participation rate

According to random utility theory, whether a user accepts the invitation from the
dispatch center is essentially a game between the positive utility brought by economic
compensation and the negative utility brought by changing energy consumption habits.
When the incentive level breaks through the user’s psychological threshold, the user will
exhibit a positive “stimulus-response”. The proposed typical day participation rate is ex-
actly the statistical mapping of this utility-maximizing rational decision-making result,
reflecting the user’s initial willingness baseline under the current incentive system and the
specific typical day environment.

act

_ Ni,d
inv

Ni,d

% (10)

. act
where %4 is the participation rate of user ! on typical day ¢ ; N4 s the number of

times actually confirmed and executed; ~ "¢ is the total number of invitations issued by
the system.

2. Risk aversion factor

It reflects the user’s sensitivity to uncertainty factors (such as default assessment and
electricity price fluctuations) under a specific typical day. This is a dimensionless scalar
coefficient that characterizes the user’s tendency to proactively shrink their actual availa-
ble physical boundaries. To eliminate the dimensional differences between power and in-
centive signals, extreme value normalization processing is first performed on the histori-

res inc

cal actual response power sequence " and the external incentive signal sequence **
to obtain the dimensionless sequences ~** and 5"
Var ( é:’e.s )
pi,d =1- ~;’;c (11)
Var(S,")
where Pia is the risk aversion factor, with a value range between [0, 1]; Var() is the

sequence variance calculation function. If the user is completely driven by economic in-
terests, their response power will closely follow the fluctuations of the incentive signal,
and the normalized variance of the two will tend to be consistent, at which point Pra =0
; conversely, if the EV owner adopts a conservative strategy out of concern for battery

degradation, regardless of how high the incentive is, they will maintain a relatively small
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) Pre.v < Qinc
response fluctuation, then Var(F") < Var(S™)

cates a deeper degree of risk aversion.

, and a larger numerical difference indi-

Under the completely rational “economic man” hypothesis, in pursuit of maximizing
DR revenue, the fluctuation of the user’s actual regulation power should remain abso-
lutely synchronous with the fluctuation amplitude of the external incentive signal. How-
ever, when limited by stringent industrial production safety constraints or the EV owner’s
range anxiety regarding battery attenuation, the user will exhibit a significant loss aver-
sion tendency. In order to avoid potential default risks or energy consumption inconven-
ience, the user will actively suppress the response amplitude, causing the actual power
curve to still maintain a smooth fluctuation when facing high incentives. Therefore, the
more significant the aforementioned normalized variance difference is, the more it proves
from the physical external manifestation that the user has a deeper degree of risk aversion
in their internal decision-making logic.

3. Willingness volatility rate

Prospect theory in behavioral economics points out that humans exhibit significant
bounded rationality and loss aversion when facing uncertainty and risks. Under complex
power grid operating scenarios (such as extreme peak load days or meteorological anom-
aly days), the industrial user’s concern about power outage default losses, or the EV
owner’s perception of range anxiety, will be asymmetrically amplified. This dynamic
change in risk perception causes the user’s decision-making logic to frequently swing be-
tween pursuing economic revenues and avoiding energy consumption risks. By con-
structing the willingness volatility rate indicator, this degree of behavioral swing caused
by the intertwining of bounded rationality and environmental uncertainty is effectively

Wi 1 QS —
Vi,d” = _z(ai,k _ai,zl)2 (12)
\I K3
will

where "¢ isthe willingness volatility rate; K is the total number of sub-intervals into

quantified.

which the typical day period is divided; % s the participation rate of user ! inthe &

-th sub-interval; P is the average participation rate within that typical day.

3. Two-Stage Dynamic Profiling Clustering Model Based on Spatio-
Temporal Decoupling

After completing the construction of the multidimensional evaluation indicators for
the regulation potential of multi-type power users, to alleviate the dimensionality and
time-series phase shift issues caused by the massive data of heterogeneous resources, this
section proposes a two-stage clustering model based on DBSCAN and the improved
DTW-K-Means++ algorithm. The first stage focuses on the macroscopic time dimension,
performing dimensionality reduction on the operating days throughout the year through
adaptive density clustering; the second stage delves into the microscopic user dimension,
introducing the dynamic time warping distance to effectively classify user profiles.

3.1. First Stage: Typical Day Identification Model in the Time Dimension
3.1.1. Construction of Macroscopic Operating Features in the Time Dimension

Based on the macroscopic fluctuation conditions of the power grid load, this paper
extracts three key indicators: the daily average load rate, the daily peak-to-valley differ-
ence rate, and the daily load fluctuation rate, to construct a three-dimensional vector that
characterizes the daily load environment features. These three features can effectively
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World Electr. Veh. ]. 2026, 17, 339

11 of 36

reflect the overall supply and demand pressure and regulation requirements of the power
grid under different meteorological conditions and holiday arrangements. Due to the in-
herent differences in the distribution intervals of the above feature indicators, to avoid a
single feature dominating the subsequent distance calculations, it is necessary to utilize
the min-max normalization method in advance to uniformly map the three-dimensional
feature vectors of the 365 days throughout the year to the [0, 1] interval, thereby eliminat-
ing dimensional deviations.

3.1.2. DBSCAN Density Clustering Algorithm

The load behavior of power users is significantly influenced by day types and mete-
orological conditions, exhibiting diverse operating patterns. Since the number of typical
operating days across the 365 days of the year is unknown, and power grid operating data
often contains outliers caused by line maintenance, sudden faults, or collection errors, the
traditional K-Means algorithm —which requires a predefined number of clusters and is
sensitive to noisy data—is inadequate to meet the requirements of typical day extraction
at this stage.

In contrast, DBSCAN does not rely on a predefined number of clusters; instead, it
partitions cluster structures by deriving the density distribution of the sample space. This
algorithm can effectively identify clusters of arbitrary shapes and automatically filter out
low-density noise points, making it highly suitable for extracting representative typical
days from massive daily load data.

The DBSCAN algorithm constructs clusters by defining core objects and their neigh-
borhood densities. Assume a daily load feature dataset containing ~ samples

D= {x,%,00 %y } , where X4 is the normalized load feature vector of the ¢ -th day. The

algorithm is based on two core parameters: neighborhood radius € and minimum num-
ber of samples MinPts.

Define the € -neighborhood of sample ¥ as the set of samples in space with a dis-

tance to " less than or equal to € :

N((xi)z{xjeX| dist(x;,x,) <€} (13)

If the number of samples contained in the € -neighborhood of sample % is greater

| N, (x;) |2 MinPts X

, then 7 is called a core object.
Based on core objects, the following concepts of density connectivity are defined:

than or equal to MinPts e,

(1) Directly density-reachable: If sample %/ is located in the € -neighborhood of
core object %, then Y is said to be directly density-reachable from %

(2) Density-reachable: If there is a sample sequence PP Pn  where P17%,
Pr=Y and P s directly density-reachable from 7, then Y/ is said to be density-

reachable from .

The algorithm forms a cluster by finding all density-reachable core objects and their
boundary points and connecting them. Isolated points that are not density-reachable from
any core object are marked as noise.

3.1.3. Typical Day Identification Process Based on DBSCAN

The typical day classification and identification process based on DBSCAN is shown
in Figure 3, with specific steps as follows:
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| Input 365-day daily load dataset X |
¥
| Determine € and MinPts based on k-distance graph |

!

| Mark all objects as "unvisited" |

Is the
dataset
fully
raversed?

Ranflomly select an up\'/isited i [P s rfiee
object P, mark as "visited"

No

Yes

Create a new cluster C, add P and its
density-reachable objects to C

—>| Output the sets of k typical days and the noise set

End

Figure 3. Flowchart of typical day classification and identification based on DBSCAN.

(1) Input the preprocessed full-time daily load feature matrix. Determine the optimal
neighborhood radius € and the minimum number of samples MinPs ysing the inflec-
tion point of the sorted distance curve observed from the # -distance graph.

(2) Traverse the dataset, calculate the € -neighborhood density of each sample point,
and filter out the set of core objects that meet the density threshold requirement.

(3) Starting from any unvisited core object, find all connected core objects and bound-
ary points through the density-reachable relationship to form an independent cluster; iso-
lated samples that fail to be classified into any cluster are marked as noise data and re-
moved.

(4) Iteratively execute the above process until all samples have been visited, and out-

put the typical day set Q={G, G, G

of typical days by the algorithm.

, where M is the adaptively identified number

3.2. Second Stage: Profiling Classification Model in the User Dimension
3.2.1. DTW Distance Metric

After completing the first-stage time-dimension typical day dimensionality reduc-
tion based on the DBSCAN algorithm, the evaluation object transitions from macroscopic
daily environmental characteristics to microscopic user multidimensional response char-
acteristics. Aiming at the different data characteristics and regulation demands of these
two stages, this paper adopts two different clustering algorithms, aiming to achieve the
effective decoupling of time scenarios and user profiles:

In order to effectively overcome the phase shifts in heterogeneous resources in the
microscopic user profiling stage and satisfy the engineering demand of the power grid to
stably divide regulation echelons, this paper transforms the clustering strategy in the sec-
ond stage and introduces an improved algorithm based on center partitioning. Specifi-
cally, the first stage focuses on macroscopic scenario identification. Since the number of
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annual operating scenario categories is unknown, and they are highly susceptible to the
interference of incidental extreme weather such as typhoons and plum rains, the DBSCAN
algorithm, which does not require pre-setting the number of clusters and has strong anti-
noise capability, is selected, enabling the adaptive extraction of typical scenarios and the
effective stripping of meteorological abnormal noise. The second stage focuses on micro-
scopic profile construction. Under the determined typical days, continuing to adopt den-
sity clustering can no longer meet the requirements, mainly for two reasons: At the phys-
ical level, the response actions of multi-type users often exhibit a time-series phase shift
phenomenon of ‘similar in shape but asynchronous in time’. At this time, traditional den-
sity clustering or Euclidean distance is highly prone to misjudging this natural dislocation
of time as morphological differences. At the engineering level, actual power grid dispatch
needs to stably and clearly divide massive users into specific categories with clear regula-
tion echelon significance (such as deep regulation type, agile response type, etc.), rather
than irregularly shaped density clusters. In summary, this stage is more suitable for adopt-
ing a center-based partitioning strategy.

Therefore, in the user profiling classification stage, this paper shifts the clustering
strategy by introducing the Dynamic Time Warping (DTW) distance to mitigate the im-
pact of time-series phase deviations, and combines it with the K-Means++ algorithm,
which features a more stable initialization strategy, to achieve the refined classification of
the regulation potential of multi-type heterogeneous resources.

On a specific typical day, the response behaviors of different users may exhibit char-
acteristics that are similar in shape but asynchronous in time. The traditional Euclidean
distance, based on point-to-point rigid alignment calculations, misinterprets such phase
shifts in the time dimension as significant shape differences. To this end, this paper intro-
duces the Dynamic Time Warping algorithm as the similarity metric standard.

Suppose there are two 24 h normalized response power sequences of users to be

=(b,,b,...

aligned, denoted as Pi=(a,a,.0,) 3nq B *ba) DTW aims to find an opti-

mal warping path W=, Wss > Wk that minimizes the cumulative distance along the
path. This path must satisfy boundary, continuity, and monotonicity constraints.

The DTW distance is defined as the sum of distances along the optimal path:
K
DTW(P,,P,) = min,, (Zd(wk)j (14)
k=1

d(w,)

where is the Euclidean distance at the path node. This problem can be solved us-

ing the dynamic programming method, and the recurrence formula for its cumulative
distance matrix P/ js:
D(@-1,/)
D@, j)= d(ai,bj)+min D@, j-1) (15)
D(@i-1,j-1)

where D7) represents the shortest cumulative distance between the first ! points of

sequence i and the first / points of sequence 5.

3.2.2. Improved K-Means++ Clustering Algorithm

The traditional K-Means algorithm randomly selects initial clustering centers, mak-
ing it prone to falling into local optimal solutions and resulting in unstable clustering per-
formance. The K-Means++ algorithm addresses this issue by optimizing the initialization
strategy, based on the core principle that the distances between initial clustering centers
should be as far apart as possible.
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Suppose that " centers have been selected. For each sample *, its DTW distance to

the nearest existing center is calculated as D) The probability of selecting the next cen-

ter X' , denoted as Prob(x) , is given by:
D(x")
Prob(x) = —=——"—
rob(x) S D)’ (16)
xeX

This mechanism effectively avoids the crowding of initial centers, significantly im-
proving the convergence speed and clustering accuracy of the algorithm.

3.2.3. Two-Stage Profiling Classification Process Based on DTW-K-Means++

The distance metric during K-Means++ clustering uses a mixed-weight distance. For
time-series features containing 24 h operational characteristics (e.g., daily load response
power sequences), DTW is used to calculate the distance to eliminate phase deviations;
for static scalar indicators such as physical reliability and willingness participation degree,
Euclidean distance or standardized absolute distance is still used for calculation; finally,
the weighted sum of the two is taken as the overall distance metric for clustering.

The specific execution steps of the DTW-K-Means++ algorithm are shown in Figure

Input user multi-dimensional feature matrix D under a specifically
selected typical day, number of clusters K

!

Select K initial centers {#1,..., ﬂk} using KMeans++ strategy

!

Calculate DTW distance matrix between samples and
centers using dynamic programming

}

Allocate samples to the nearest cluster
based on minimum DTW distance

l

Update cluster centroids using DBA algorithm

4.

Centroid offset
< 6 or reached
maximum
iterations?

Output user profile classification results

End
Figure 4. Flowchart of user profile classification based on DTW-K-Means++.

(1) Select the multi-dimensional user feature matrix under a specific typical day as
input data and set the number of clusters K .

(2) Use the dynamic programming algorithm to calculate the DTW distance matrix
between all pairs of user samples.
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(3) Randomly select the first sample as the first cluster center, based on the probabil-

ity formula P(x) , use the roulette wheel selection method to iteratively select the remain-
ing K—1 initial centers.

(4) Traverse all user samples and, based on the principle of minimum DTW distance,
allocate each sample to the cluster of its nearest cluster center.

(5) Due to the non-linear characteristics of the DTW space, the arithmetic mean is no
longer applicable. Adopt the DTW Barycenter Averaging (DBA) algorithm to calculate the
average sequence of samples within each cluster to update the cluster centers.

(6) Repeat steps 4 and 5, calculating the offset of the cluster centers. If the offset is less
than the preset convergence threshold or the maximum number of iterations is reached,
stop the iteration.

(7) Output the final user regulation potential profile classification results and the typ-
ical characteristic curves of each category.

4. Case Study
4.1. Data Sources and Multidimensional Feature Data Preprocessing
4.1.1. Case Study Data and Scenario Settings

To verify the applicability of the proposed method to heterogeneous resources, two
typical types of demand response resources —industrial users and the EV aggregator—in
a national-level NPS demonstration park in southern Jiangsu, China, are selected as the
research objects. This region is affected by continuous high temperatures in summer and
is vulnerable to typhoons and plum rains during the transition season between summer
and autumn; moreover, it has dense industrial loads and a high EV penetration rate, mak-
ing its source-load heterogeneous characteristics and meteorological sensitivity highly
representative. The data acquisition time span is the entire year of 2023, the sampling in-
terval is 1 h, and there are a total of 8760 time cross-sections throughout the year. To en-
sure the objectivity of the willingness modeling, this paper established strict user selection
criteria during data collection: the selected users must have complete high-frequency me-
tering data over the past year, and have retained at least 20 real day-ahead/intra-day DR
invitation and execution interaction records in the power grid marketing system. To en-
hance the transparency and reproducibility of this data-driven research, the specific geo-
graphical and meteorological characteristics, load subdivision composition, current time-
of-use electricity pricing rules, and DR project design parameters of the case study park
are extracted in detail and summarized in Table 1.

Table 1. Basic load composition and market rule parameters of the case study park.

Data Dimension

Core Parameters

Geographical and Meteoro-
logical Location

Southern Jiangsu Province, China; characterized by extreme heat in summer, with typical
plum rain and typhoon seasons

Overall Load Composition

300 typical users: 200 industrial users, 100 EV aggregators

Industrial Load Subdivision

Discrete manufacturing enterprises (100 users, IDs #001-#100): machining, electronic as-
sembly, etc., with equipment start-stop flexibility.

Continuous production enterprises (100 users, IDs #101-#180, #281-#300): chemical, met-
allurgical, etc., subject to rigid process safety constraints.

EV Infrastructure

Commercial district charging stations (40 users, IDs #181-#220): dominated by 120 kW
DC fast chargers, heavily influenced by daytime passenger flow.

Residential district charging stations (60 users, IDs #221-#280): dominated by 7 kW AC
slow chargers/coordinated chargers, with concentrated load at night.

TOU

Peak periods (08:00-11:00, 17:00-22:00): approx. 1.12 CNY/kWh.
Flat periods (11:00-17:00, 22:00-24:00): approx. 0.65 CNY/kWh.
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Valley periods (00:00-08:00): approx. 0.31 CNY/kWh.

DR Mechanism

Response types: Day-ahead invitation (24 h advance notice) and intra-day agile (2 h ad-
vance notice).

Compensation benchmark: Effective peak-shaving response compensation is settled at
3.5-4.0 CNY/kWh, with penalty coefficients set for defaults.

To verify the generalization performance of the proposed method under the scenario
of large-scale user integration, and simultaneously overcome the problem of limited sam-
ples caused by the privacy protection of high-frequency data in the actual distribution
network, this paper adopts a ‘real seed + semi-synthetic enhancement’ strategy to con-
struct an evaluation dataset containing 300 user samples. Although obtaining the full
amount of measured real data presents objective difficulties, this paper extracts the his-
torical load curves of 30 real large users from the case study park as seed data. Subse-
quently, data enhancement is performed on the seed data based on Monte Carlo simula-
tion, introducing behavioral stochasticity simulation (superimposing a time translation
factor obeying the local traffic congestion index) and energy consumption volatility sim-
ulation (superimposing Gaussian white noise). During this process, the physical capacity
limits of the equipment are strictly imposed as rigid out-of-limit constraints, ensuring that
the generated power fluctuations will not break through the objective boundaries of the
real equipment.

Behavioral stochasticity simulation: Combining the local traffic congestion index and

Ate[-2h,+2h] is introduced for EVs

scheduling rules, a random time translation factor
and discrete manufacturing loads, to simulate the response delay caused by users return-
ing late or using electricity during off-peak hours. Energy consumption volatility simula-
tion: To avoid generating idealized artificial patterns, Gaussian white noise obeying a nor-

2
N7 5 superimposed. The standard deviation 7 is constrained to

mal distribution
not exceed 5%~10% of the mean value of the baseline load, to ensure that the generated
fluctuations will not break through the maximum adjustable boundary of the equipment’s
physical capacity.

To verify that the generated 270 synthetic samples truly reflect the actual load behav-
ior and do not produce an artificial “ideal clustering morphology”, this paper introduces
the Kolmogorov-Smirnov (K-S) statistical test to compare the probability density distri-
butions of the synthetic dataset and the real seed dataset. The test results show that the
P _values of both at the confidence level of @=0-05 are greater than 0.05, accepting the
null hypothesis, which proves that the synthetic data highly inherit the physical distribu-
tion morphology and thermodynamic evolution patterns of the real load. Figure 5 dis-
plays the original annual load time-series curves of typical users. Through macro-micro
joint visualization technology, this paper extracts a normal spring week (h 2000-2120) and
an extreme peak load summer week (h 5000-5120) in the Figure as local magnified win-
dows, respectively. From the magnified views, the heterogeneous characteristics of the
continuous flat base load of industrial users intertwined with the nighttime charging
spikes of EVs can be clearly observed, further confirming the reliability of the evaluation
dataset in this paper.
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Figure 5. Original annual load curves of different types of typical users.

4.1.2. Normalization of Heterogeneous Indicators and Aggregation of Differentiated
Weights

Since the indicators of the three dimensions—physical reliability, execution reliabil-
ity, and behavioral willingness—have different dimensions and physical meanings, and
there are differences between positive and negative indicators, standardized processing
must be performed prior to clustering. Meanwhile, considering the essential differences
between industrial users and electric vehicle aggregators in terms of physical constraint
rigidity and behavioral decision-making flexibility, it is necessary to design a transparent
standardized and differentiated weighting procedure.

1. Normalization of heterogeneous indicators based on the min-max method

To eliminate dimensional impacts and uniformly map all features to the [0, 1] inter-
val, this paper adopts the min-max normalization method

max omp

e e 1. P ; o
For positive indicators where larger values are better, suchas " , 7+  and ",
the normalization formula is:

xi, j—min(X )

Xi, j = ;
/ max(X;)—min(X,) (17)
will
For negative indicators where smaller values are better, such as Pia and Via , the
normalization formula is:
. max(X ;) —xi, j
Xi, J (18)

- max(X;)—min(X,)

where */ s the original calculated value of the 7 -th indicator for the ! -th user; X
is the set of this indicator for all users under a specific typical day; %

scalar feature after normalization.

/- is the standardized

2. Design of differentiated weight matrix for resource heterogeneity

The physical operating constraints and behaviors of industrial users and electric ve-
hicle aggregators are different. Industrial users (especially the continuous production
type) are restricted by rigid production processes and safety bottom lines, making the
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boundaries of their physical reliability dimension extremely strict; conversely, electric ve-
hicle aggregators belong to behavior-driven resources, possessing relatively small abso-
lute physical capacity, but their execution flexibility and subjective participation willing-
ness play a decisive role in the final response results.

Therefore, targeting different resource types, differentiated dimensional weight vec-

W = [thy ’ Wexe H Wbeh ]

tors are constructed, corresponding to physical reliability, execution

reliability, and behavioral willingness, respectively. The weights satisfy the normalization

constraint: Xw=1 . Industrial users (especially the continuous production type) are re-
stricted by rigid production processes and safety bottom lines, making the boundaries of
their physical reliability dimension extremely strict, and occupying an absolute dominant
position in regulation.

To verify the scientific validity of the above differentiated weighting strategy based on
business logic and to avoid the bias caused by subjective weighting, this paper introduces
the CRITIC (Criteria Importance Through Intercriteria Correlation, an objective weighting
based on correlation) method and Spearman rank correlation analysis to conduct an ex-post
quantitative verification on the historical empirical DR event data of the case study park.
Calculating the Spearman correlation coefficient matrix between indicators of different di-
mensions and the actual final compliance rate of users reveals that: for industrial users, the
correlation coefficient between the “maximum regulable power on typical days” in their
physical dimension and the final compliance rate is as high as 0.82, showing extremely
strong physical capacity dominance; for electric vehicle aggregators, the correlation coeffi-
cient between behavioral willingness indicators such as “willingness volatility” and “risk
aversion factor” and the final compliance rate reaches 0.76, indicating that the dominant role
of subjective willingness significantly surpasses that of single physical capacity. Based on
the above data-driven verification results, this paper configures benchmark weight vectors
with different emphases for different resources: assigning industrial users a weight vector

leaning towards the physical dimension, Wi , and assigning EV aggregators a weight vec-

tor leaning towards the willingness dimension, W | Through the above processing, a
standardized feature matrix is provided for the subsequent clustering.

4.2. First Stage: Classification, Identification, and Analysis of Typical Days in the Time Dimension

The regulation potential of users is not static but is closely coupled with meteorolog-
ical conditions and data types. Given the complexity of the annual operational data, this
paper first utilizes DBSCAN to perform dimensionality reduction on the park’s opera-
tional data for the 365 days of the year, aiming to identify typical days with significant
regulation needs from the time dimension, providing a time benchmark for subsequent
refined user profiling.

4.2.1. DBSCAN Parameter Sensitivity and Classification Robustness Analysis

To further verify the stability of the classification results of the 365 typical days
throughout the year against parameter changes, and to reduce the impact of parameter
selection on the clustering results, this paper conducts a two-dimensional grid-based sen-
sitivity analysis on the core parameters of the DBSCAN algorithm —the neighborhood ra-
dius (€) and the minimum number of samples (MinPtsy The parameter test range is set

s £€10.14,0.22] g MinPis€ (48] 1, 44dition to adopting the overall Silhouette Co-
efficient (S5C) to evaluate the clustering quality, the number of typical day clusters (Cluster

Number) and the noise ratio (Noise Ratio) identified under different parameter combina-
tions are further counted, comprehensively evaluating parameter stability from three
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aspects: clustering quality, clustering structure, and abnormal sample identification. The
results of each evaluation indicator varying with parameters are shown in Figure 6.

=

0.67 5
125
P 2
£ 0.66 5
Q
£ =
= 0653
8 - 0.682 T
= g
2
E 0.64£o
£ z
= n -0.63
2
S
-0.62
< N 0.651
0.16 0.18 0.20
Neighbor Radius (&)
(@
oo IS 5 4 4 4 [ 5-00
-4.75
& T 5 4 4 4 4 -4.50
n
& 2
S -425 2
= B2
= &)
o o - 4 4 4 4 4 -4.00%
=% [
g 2
3 E
3 -3.75 £
= z
= - 4 4 4 4 4 | 350
-3.25
<- 4 4 4 4 3 2 00
0.14 0.16 0.18 0.20 0.22
Neighbor Radius (&)
(b)
L] 8.4
13
s 12
g B ; 11
IS S
= <
8 6.9 102
= 2 ) %
g -9 2
< =)
A Z
K= g
= - 6.3
-7
-6
< 8.5 7.7 6.6 5.4
0.16 0.18 0.20 0.22

Neighbor Radius (£)

(0)

Figure 6. Sensitivity and robustness analysis of DBSCAN parameters. (a) Silhouette coefficient; (b)
Cluster number; (c) Noise ratio.
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Figure 6 shows that the optimal parameter combination determined based on the k-distance
curve (€7 0.18 = MinPts = 6) is located within the parameter stability region. The solid red boxes
in the center of the three subplots intuitively indicate the specific location of this optimal parameter
combination within the two-dimensional grids. As can be clearly observed from the numerical val-
ues within the red-boxed areas, the corresponding overall SC is 0.682, 4 types of typical days are
identified, and the noise ratio is 9.6%. Under this parameter combination, the algorithm can effec-
tively identify abnormal weather samples with obvious differential characteristics while guarantee-
ing clustering quality, providing a reasonable data foundation for the subsequent typical day divi-
sion. It can be seen from Figure 6b,c that within the optimal parameter neighborhood where the red
boxes are located, the number of typical day categories identified by the algorithm remains stable,
with only minor changes occurring in the parameter boundary region; at the same time, the noise
ratio presents a smooth changing trend as parameters vary, with no obvious abrupt change phe-
nomenon occurring. Combining the variation pattern of the overall SC in Figure 6a, it can be found
that within a reasonable parameter range, all evaluation indicators maintain good stability, indicat-
ing that the parameter combination highlighted by the red boxes not only has good clustering qual-
ity, but also can maintain a stable clustering structure and reasonable abnormal sample identifica-
tion capability, possesses good robustness to parameter perturbations, and can meet the practical

application needs of typical day identification.

4.2.2. Clustering Results and Feature Analysis of Typical Days

Upon the completion of data normalization, the feature vectors representing the 365
annual days serve as the input for clustering. The core of the DBSCAN algorithm lies in
determining the neighborhood radius (€ ) and the minimum number of points MinPts

)-Initially, MinPts is set to 6, considering the historical empirical frequency of meteoro-

logically abnormal days in the power grid. Subsequently, a k-distance graph is plotted to
identify the optimal neighborhood radius, as illustrated in Figure 7.

0.5 4 === 6-th Nearest Neighbor Distance
Optimal £=0.18

6-th Nearest Neighbor Distance

0 50 100 150 200 250 300 350

Data Points Sorted by Distance

Figure 7. The k-distance graph of the DBSCAN algorithm and the selection of the € inflection

point.

The clustering results indicate that the 365 operating days of the year are adaptively
partitioned into 4 categories of typical days. The results are presented in Figure 8. As can
be seen from Figure 8, for the load fluctuations of a certain city over the 365 days of the
year, the results identified through typical day classification can be summarized as fol-
lows: normal production days account for 61.6%, extreme peak load days account for
17.8%, deep valley rest days account for 11.0%, and meteorological anomaly days account
for 9.6%. These four types of typical days exhibit clear boundary isolation in the three-
dimensional feature space. Among them, the blue circular points (normal production
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days) have relatively balanced indicators and are concentrated in the middle layer of the
space; the orange triangular points (extreme peak load days) have significantly higher
daily average load rates and peak-to-valley difference rates, reflecting a massive demand
for peak shaving; the green square points (deep valley rest days) cluster in the low-value
region, exhibiting deep valley characteristics of low load and low fluctuation.

Daily load volatility rate

valley rest day
08 + Meteorological anomaly day | 0.6
0.6

0.4 08
02

00 10

aily aye,. :
Verage loag rat &
(o]

=

Figure 8. Three-dimensional scatter plot of typical day clustering.

It is worth noting that the meteorological anomaly days represented by purple star-
shaped points do not form tight clusters but exhibit a highly discrete and generalized dis-
tribution across the entire domain. This exactly reflects the advantage of the DBSCAN
algorithm: mechanically, the impact of extreme weather such as plum rains and typhoons
on the power grid possesses extremely strong randomness, and some abnormal days
show abnormally high daily load volatility rates (0.50 to 0.90). Meanwhile, at the algorith-
mic level, although a few abnormal days visually appear close to normal production days
in the three-dimensional space, their local density fails to meet the connectivity threshold
set by DBSCAN due to their accidental morphology. Thus, they are accurately identified
by the algorithm as “outlier noise” and isolated. This density-based processing mecha-
nism scientifically explains the boundary between normality and abnormality, effectively
avoiding the profile distortion problem caused by forced classification in traditional clus-
tering algorithms (such as K-Means).

The typical operational curves of the four types of typical day loads are shown in
Figure 9. Combined with the climate and holiday arrangements of a certain city, the de-
tailed physical characteristics of various typical days are shown in Table 2.

Table 2. Categories of typical days and corresponding date divisions in a certain city.

Typical Day Category

Date Classification Physical Characteristics

Normal production day

1 March-28 April, 4-31 May, 7 October-30 Novem- Spring and autumn and climatically

ber suitable periods

Extreme peak load day

15 July-15 August (continuous high temperature), =~ Summer high temperature or winter
20-31 December (cold wave) extreme cold periods

21-27 January (Spring Festival long holiday), 29 Sep-

Statutory long holiday shutdown peri-

Deep valley rest day ~ tember—6 October (Mid-Autumn and National Day ods
long holiday)
Meteorological anomaly 15 June-10 July (plum rain season), 20-25 August Abnormal weather days such as plum
day and 5-10 September (typhoon impact period) rains, rainstorms, or typhoons
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Figure 9. Normalized load curves of typical days in a certain city.

Normal production days are mainly concentrated in non-holiday periods from
March to May and from October to November. During these spring and autumn seasons
and climatically suitable periods, the temperature is mild, and the proportion of temper-
ature-controlled loads such as air conditioning and heating in the power grid is extremely
low. At this time, the production plans of industrial users proceed systematically, the com-
muting and charging behaviors of EV users are regular and predictable, the overall daily
load curve shape is stable, and both the peak-to-valley difference rate and the load vola-
tility rate remain at a low level. The power grid supply and demand pressure is small, and
the system has a sufficient regulation margin.

Extreme peak load days mainly correspond to the continuous high-temperature days
from mid-to-late July to early August, and the extreme cold wave days in late December.
During the summer high temperature or winter extreme cold periods, strongly driven by
the sharp climb in industrial and residential temperature-controlled loads (such as large-
scale refrigeration or electric heating equipment), coupled with the impact of increased
energy consumption per vehicle and higher charging frequency due to EVs turning on air
conditioning/heating, the power grid often experiences extremely steep peak loads. At
this time, the daily average load rate is at an annual high, the peak-to-valley difference
significantly widens, and it is a critical node where the supply-demand contradiction is
most prominent throughout the year, making it highly prone to triggering system capacity
violation warnings and local overloads.

Deep valley rest days are typically represented by production shutdown periods dur-
ing statutory long holidays such as the Spring Festival and National Day holidays. During
this period, the vast majority of industrial enterprises and large and medium-sized com-
mercial complexes in the whole society enter a state of shutdown and rest, retaining only
basic security loads and maintenance loads. This causes the overall electricity consump-
tion level to plunge into the annual minimum range, forming a distinct “deep valley”
characteristic. Due to the extremely low daytime load base, if good lighting or wind con-
ditions occur simultaneously, the large-scale centralized output of distributed renewable
energy will face the dilemma of having no load for local consumption, easily triggering
wind and solar curtailment phenomena. The core pain point of this type of typical day
shifts from “peak shaving” to the severe challenges of renewable energy consumption and
valley-filling peak regulation.

Meteorological anomaly days, on the other hand, are concentrated in the heavy rain-
fall days during the city’s plum rain season or severe weather days directly affected by
typhoons in summer and autumn. Extreme meteorological conditions will severely
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disrupt normal social operations and production order: on the one hand, causing a sudden
drop in residents” willingness to travel, a sharp decrease in the load of EV public charging
networks, and irregular spatio-temporal shifts; on the other hand, heavy rain and thick
clouds will lead to violent fluctuations and even instant plunges in distributed photovol-
taic output. The superimposition of dual strong uncertainties on both the source and load
sides results in an extremely high daily load volatility rate on this type of typical day, and
the system operational state exhibits extremely strong randomness and vulnerability.

In light of the different load characteristics of the above four types of typical days,
differentiated yet mutually coordinated dispatching matching strategies need to be for-
mulated in actual operation. Extreme peak load days are the critical nodes where the sup-
ply-demand contradiction is most acute and resources are most needed for deep regula-
tion. To avoid facing the dilemma of no available resources on extreme peak load days,
dispatching departments should guide some industrial users to transfer high-energy-con-
suming production tasks to normal production days in advance, utilizing the sufficient
grid margin on normal production days to digest electricity demand, thereby reducing
the rigid load base on extreme peak load days.

For normal production days, the regulation strategy should focus on economic opti-
mization, guiding users to perform normalized peak shaving and valley filling through
daily time-of-use electricity pricing mechanisms, and paying attention to retaining the re-
sponse quotas of high-quality users to avoid causing regulation fatigue on extreme peak
load days due to excessive dispatch.

For deep valley rest days, since the overall load is extremely low and renewable en-
ergy output is relatively vigorous, the core goal of dispatching shifts is to promote renew-
able energy consumption during concentrated power generation periods. Incentive mech-
anisms should be adopted to encourage resources with strong consumption capabilities,
such as EV aggregators, to charge centrally during peak photovoltaic or wind power out-
put periods.

For meteorological anomaly days, due to drastic load fluctuations and high forecast-
ing difficulty, the dispatching strategy should pivot toward enhancing system robustness,
reserving sufficient agile response resources with fast response speeds and high execution
reliability as backups to cope with sudden power shortages or surges, ensuring the phys-
ical security of the grid under extreme disturbances. Through cross-typical-day produc-
tion capacity transfer and differentiated dispatching matching, the comprehensive regu-
lation potential of multi-type users can be maximized. The clear cluster-like distribution
of the four types of typical days in the three-dimensional feature space, along with high
physical boundary distinguishability, verifies the rationality of classifying typical days
through multi-dimensional features. The effective separation of various typical days in
the Figure also lays a data foundation for the subsequent screening of different types of
potential users for specific typical days.

4.2.3. Baseline Comparative Validation of Classification Algorithms in the
Time Dimension

First, this paper introduces the SC, DBI, and CHI indicators to verify the DBSCAN
algorithm. The DBSCAN is baselined against K-Means, agglomerative hierarchical clus-
tering, and GMM, and random interference is eliminated through 30 independent re-
peated experiments; the results are shown in Table 3.
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Table 3. Performance benchmark comparison of typical day classification algorithms.

Clustering Algorithm SC DBI CHI
DBSCAN 0.682 +0.013 0.431 854.3
Hierarchical Clustering 0.649 £ 0.035 0.962 346.5
GMM 0.654 +0.028 1.032 347.1
K-Means 0.694 + 0.041 0.599 7314

Statistical results show that DBSCAN exhibits extremely high robustness in typical
day classification, with an SC standard deviation of 0.013, outperforming the random fluc-
tuation performance of other algorithms, which proves the reliability of this method in
scenario extraction.

4.3. Second Stage: Dynamic User Profiling and Migration Evolution Under Typical Days
4.3.1. Dual-Optimization Verification of the Optimal Number of Clusters K

(1) Data-driven quantitative optimization

Ke[2,K,,] (the upper limit is

The test interval for the number of clusters is set as
set to 8 considering the comprehensive computational cost). Foreach K value, the DTW-
K-Means++ algorithm is run independently, and the overall Silhouette Coefficient (SC)
and Sum of Squared Errors (SSE) are calculated. By observing the attenuation curve of
SSE with the value of K, we look for the “elbow” inflection point with a significant de-
cline (Elbow Method), while simultaneously seeking the position that maximizes the SC
indicator. This step aims to screen out the candidate K values that are the most compact
within clusters and the most separated between clusters from the mathematical dimen-
sion of pure data distribution.

(2) Engineering verification of business logic

The ultimate goal of clustering profiling is to serve the actual refined dispatch of the
power grid. If the selected K value is too small, it cannot fully distinguish the essential
differences between electric vehicles and industrial loads in terms of response speed and
regulation capacity, thereby losing the significance of profiling classification; if the K
value is too large, although the mathematical evaluation indicators may be higher, it will
lead to extreme fragmentation of profiling tags, significantly increasing the communica-
tion and computational burden on the dispatch center for formulating strategies and is-
suing commands. Therefore, the candidate K values must be further aligned with the
actual business echelon requirements of the power grid’s day-ahead/intra-day regulation
(such as long-term peak shaving, short-term frequency regulation, base load guarantee,
etc.).

According to the dual optimization mechanism, before conducting dynamic profile
classification on the 300 typical loads, this section first performs a data-driven quantitative
verification of the optimal number of clusters K for the DTW-K-Means++ algorithm. The

testing interval for the number of clusters is set as K€[28] The sum of Squared Errors
(SSE) and the overall Silhouette Coefficient (SC) are calculated under different K values.
The results of the dual-metric optimization test are illustrated in Figure 10.
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Figure 10. Dual-metric optimization curves of SSE and SC under different numbers of clusters.

According to Figure 10, it can be seen that as the number of clusters X increases, the
sum of squared errors (SSE) continuously decreases; however, when k=3 , the curve ex-
hibits an obvious elbow feature, and thereafter, the improvement in intra-cluster compact-
ness brought by continuing to increase the number of clusters gradually weakens. At the
same time, the SC reaches its maximum value when =3 indicating that this clustering
scheme has the optimal intra-cluster compactness and inter-cluster separation. The SSE
reflects intra-cluster compactness, and the SC comprehensively considers intra-cluster co-
hesion and inter-cluster separation; the joint evaluation of the two can effectively reduce
the deviation caused by selecting the number of clusters based on a single indicator.

Therefore, from a statistical perspective, ¥ =3 can achieve a relatively good balance
between clustering precision and model complexity, which not only avoids the mixing of
different types of users caused by too few clusters, but also avoids the over-subdivision
of similar users caused by too many clusters.

Further combining the multidimensional characteristics of users, it can be found that
the three types of clustering results respectively exhibit different regulation capability
characteristics: one type of users has high physical reliability and continuous regulation
capability, and can undertake long-term deep regulation tasks; another type of users has
a fast response speed and flexible execution, making them more suitable for undertaking
short-term agile response tasks; the third type of users is affected by production process
or behavioral constraints, and their adjustable potential is relatively limited. The three
types of users have a good degree of separation in the feature space and simultaneously
correspond to the typical regulation modes in the DR scenarios of the NPS.

Synthesizing the analysis of the SSE, SC, and the physical interpretability of the clus-
tering results, this paper finally determines the number of clusters as & =3, and the sub-
sequent user dynamic profiling and regulation potential evaluation are all carried out
based on this clustering scheme.

4.3.2. Effectiveness Validation of the DTW Time-Series Alignment Mechanism

To intuitively illustrate the methodological advantages of the DTW distance in ad-
dressing the time-series phase offset issue of heterogeneous loads in this study, the typical
daily load sequences of two residential EV aggregator users (specifically, user IDs #235
and #248) are extracted from the case study for comparative analysis, as illustrated in Fig-
ure 5.

https://doi.org/10.3390/wevj17070339



World Electr. Veh. ]. 2026, 17, 339

26 of 36

In actual physical scenarios, influenced by the superimposed effects of differences in
EV owners’ commuting habits and time-of-use (TOU) electricity price incentives, even
resources of the same category with identical adjustment capacities often exhibit natural
misalignments in their load peaks. As illustrated in Figure 11, the EV owner group of user
#235 is accustomed to concentrated charging upon returning home at 17:00, whereas the
group of user #248, influenced by a willingness to return late or shift peaks, only exhibits
a charging peak at 19:00. The morphological profiles of both users” physical capacities and
willingness are highly consistent, presenting merely a 2 h phase offset.
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Figure 11. Comparison of alignment effects and numerical evaluation between Euclidean distance

and DTW distance (a) Euclidean Distance (Rigid Alignment)| Dy, =131 ; (b) DTW (Optimal Path) |

Dy =0.11

Under the traditional Euclidean distance metric (Figure 11a), the distance calculation
strictly adheres to a rigid point-to-point mapping at identical time instances. This inflexi-
ble mapping amplifies the error penalty for the time misalignment of the peaks, resulting
in a calculated distance value as high as Dpie =131 'y traditional K-Means clustering,
this easily leads the algorithm to misjudge users #235 and #248 —who originally belong to
the same category of agile-response resources—as two independent groups with drasti-
cally different morphologies. In contrast, after introducing the DTW distance metric (Fig-
ure 11b), the algorithm seeks the optimal alignment path through dynamic time warping,
successfully identifying the nonlinear distortion on the time axis and morphologically
aligning the misaligned charging peaks. The red dashed line intuitively illustrates the op-
timal time warping alignment path identified by the algorithm. It breaks the rigid con-
straint of one-to-one correspondence at the same moment in traditional metrics, achieving
anon-linear connection and mapping alignment across the time axis between the charging
peak feature point of user #235 at 17:00 and the similar feature point of user #248 at

19:00.The warped distance drops precipitously to Dy =0.11 .

This comparison of specific numerical values and alignment effects based on real case
study data fully demonstrates that DTW can effectively penetrate the superficial
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misalignments triggered by external behavioral randomness, precisely capturing the gen-
uine physical morphologies of multi-type users in terms of load adjustment potential.

4.3.3. Multidimensional User Profiling Results Under Typical Day Constraints

First, the multidimensional feature matrix of 300 typical loads is extracted and calcu-
lated; this matrix specifically contains the evaluation indicators of the three dimensions—
physical reliability, execution reliability, and behavioral willingness —as well as the user’s
24 h normalized response power time-series sequence under the typical day. Selecting the
user’s multidimensional feature matrix under a specific typical day as input data, the
DTW-K-Means++ algorithm is utilized to respectively perform multidimensional dynamic
clustering on 300 user load samples under four typical day scenarios: normal production
days, extreme peak load days, deep valley rest days, and meteorological anomaly days.
Based on the differential characteristics of each cluster center in indicators such as physical
reliability, execution reliability, and behavioral willingness, the three clusters are respec-
tively named as deep regulation type, agile response type, and rigid constraint type. The
3D clustering dynamic profiles and tracking distributions of users under each typical day
are shown in Figure 12.
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Figure 12. Profiles of user load regulation willingness under different typical day scenarios: (a) nor-
mal production days; (b) extreme peak load days; (c) deep valley rest days; (d) meteorological anom-

aly days.
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Synthesizing the clustering results under the four types of typical days, it can be seen
that for the 300 typical loads in the park, the results identified and classified by the DTW-
K-Means++ algorithm can be summarized on average as follows: the agile-response type
accounts for roughly 42.3% of the total, the deep-regulation type accounts for about 31.0%,
and the rigid-constraint type accounts for about 26.7%. These three types of profile groups
exhibit clear cluster distributions and boundary isolation in the three-dimensional feature
space composed of physical reliability, execution reliability, and behavioral willingness.
Specifically, the blue circular data points represent deep-regulation loads, mainly distrib-
uted in the high-value region of the three-dimensional space. Their physical reliability is
concentrated in the 0.70 to 1.00 range, execution reliability in the 0.70 to 1.00 range, and
behavioral willingness also in the 0.70 to 1.00 range, demonstrating extremely strong com-
prehensive regulation capacity and exceptionally high response proactiveness. The or-
ange triangular data points represent agile-response loads, mainly distributed in the up-
per-middle region of the space. Their physical reliability is limited by equipment capacity
and is concentrated in the 0.30 to 0.70 range, but their execution reliability and behavioral
willingness are relatively high, distributed in the higher ranges of 0.50 to 0.90 and 0.50 to
0.90, respectively. This reflects that this type of load responds swiftly and proactively, but
its absolute regulation margin has an upper limit. The green square data points represent
rigid-constraint loads, clustered in the low-value region near the origin of the coordinate
axes. Their physical reliability and behavioral willingness are in the extremely low ranges
of 0.00 to 0.40 and 0.00 to 0.40, respectively, and their execution reliability generally fluc-
tuates between 0.20 and 0.60. This indicates the low willingness of such loads to partici-
pate in the effective regulation of the power grid, as they are constrained by rigid produc-
tion plans or rigid travel demands.

4.3.4. Dynamic Migration of Profile Categories and Behavioral Feature Analysis

To deeply explore the regulation mechanisms of different types of loads under each
typical day, the loads are indexed with numbers. That is, the industrial users include 200
households in total, consisting of discrete manufacturing types (numbered #001-#100) and
continuous production types (numbered #101-#180, #281-#300). The EV aggregators in-
clude commercial area charging stations (numbered #181-#220) and residential area
charging stations (numbered #221-#280), totaling 100 households. A detailed analysis is
conducted on the combinations of user categories under the four typical days to illustrate
the differentiated regulation potential profiles of various load users across the four types
of typical days.

Normal production days correspond to most of the climatically suitable periods
throughout the year in a certain city, with smooth power grid operation. At this time, the
production shifts in the discrete manufacturing enterprise #045 are regular; its maximum
adjustable power on a typical day is large, and its effective continuous regulation duration
is abundant. It performs excellently in the physical reliability dimension and maintains
stable behavioral willingness, firmly ranking as a deep-regulation type. The continuous
production enterprise #112 is bound by strict process safety constraints, and an extremely
high risk aversion factor leads to a minimal available physical boundary, classifying it as
a rigid-constraint type. The commercial area charging station #198 and the residential area
charging station #235 have high typical day participation degrees and excellent regulation
stability coefficients, scoring high in behavioral willingness and execution reliability, but
they are limited by the upper limit of the individual capacity of their charging/discharging
equipment.

Extreme peak load days occur during summer high temperatures or winter extreme
cold periods. The contradiction between power grid supply and demand is prominent,
and the deterioration of the external spatio-temporal environment directly leads to
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significant differentiation in users” multi-dimensional indicators. Constrained by the ca-
pacity limits of internal transformers in shopping malls and squeezed by rigid loads such
as high-temperature air conditioning, the maximum adjustable power of the commercial
area charging station #198 on a typical day is significantly compressed. Its physical relia-
bility plummets, downgrading it from an agile-response type to a rigid-constraint type.
In contrast, EV owners at the residential area charging station #235 have their sensitivity
to time-of-use electricity prices significantly amplified during this period. The willingness
evolution trend shows a proactive response, demonstrating extremely high behavioral
willingness and stable execution reliability, keeping it within the agile-response type.

Deep valley rest days occur during long holidays such as the Spring Festival and
National Day, when industrial loads experience large-scale production shutdowns. Due
to shutdown and maintenance, the total flexible energy of the discrete manufacturing en-
terprise #045 sharply decreases, and its physical reliability dimension indicators essen-
tially fail, causing it to fall from a deep-regulation type to a rigid-constraint type. Con-
versely, driven by the holiday peak passenger flow, the charging load of the commercial
area charging station #198 surges. Both its maximum adjustable power on a typical day
and its effective continuous regulation duration increase significantly. Superimposed with
an extremely strong valley-filling willingness, all its indicators leap comprehensively,
transforming it into a high-quality deep-regulation resource.

On meteorological anomaly days, under extreme severe weather such as typhoons
and rainstorms, the regulation potential of the entire network shrinks in a collapsing man-
ner, which is intuitively reflected as an across-the-board decline in the user behavioral
willingness dimension. The travel willingness of the vast majority of EV owners plum-
mets, and the willingness volatility rate sharply increases. For example, the typical day
participation degree of the residential area charging station #235 approaches zero, directly
downgrading it to a rigid-constraint type. However, because the discrete manufacturing
enterprise #045 has an indoor, fully enclosed production line and a self-owned power sup-
ply, its execution consistency index is less disturbed by weather, and it still remains a
deep-regulation type at this time.

To more intuitively reveal the dynamic migration and drift rules of heterogeneous
load groups resulting from spatio-temporal environmental changes on typical days, based
on the tracking trajectories of 8 typical users, this paper constructs a three-dimensional
time-series trajectory map of the dynamic migration of multi-type users’ regulation will-
ingness, as shown in Figure 13.

on

Deep-regulation
Agile-response

-constraint

User Regulati

Figure 13. Dynamic migration diagram of load regulation willingness for multi-type users.

From the fluctuating trends of the three-dimensional trajectories in Figure 13, the dy-
namic evolution process of various load profiles can be clearly observed. The multiple
step-like broken lines extending along the time axis in the Figure represent the category
evolution paths of different individual loads under various typical days throughout the
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year. The height of the lines on the Z-axis intuitively maps their corresponding profile
categories: the bottom position represents the rigid-constraint type, the middle position
represents the agile-response type, and the top position represents the deep-regulation
type.

The trajectory patterns in the Figure exhibit significant differentiation characteristics.
The operational trajectory of the continuous production enterprise (e.g., numbered #105)
maintains a flat bottom-valley state across the entire time domain, confirming its absolute
rigid characteristics due to strict process safety constraints, lacking effective regulation
willingness and capability throughout the year. Meanwhile, #112 of the same category
shows dense high-frequency periodic oscillations, reflecting the regular switching of will-
ingness of some enterprises under flexible process scheduling. Relatively speaking, the
curves of some loads exhibit dramatic potential energy conversions and right-angle jump
characteristics. A typical user representing discrete manufacturing enterprises (e.g., num-
bered #045) maintains a high potential at the top during most periods, such as normal
production days, thus exhibiting deep-regulation type characteristics. However, at certain
specific nodes (such as deep valley rest days), due to long-holiday shutdowns or produc-
tion plan adjustments, the trajectory experiences a vertical collapse-style downgrade,
dropping to the rigid-constraint type at the bottom. Different from this, the operational
trajectory of #012 steadily remains in the deep-regulation type throughout the year, re-
flecting its highly independent production elasticity.

Furthermore, the trajectory evolution of the EV aggregator exhibits extremely strong
environmental sensitivity. The curves of commercial area EVs (such as No. #185 and #198)
experience step fluctuations among different typical days, driven by passenger flow dur-
ing specific periods like deep valley rest days, leaping against the trend to become the
deep regulation type at the top, while restrictively falling during extreme peak load days
in the middle of the year; whereas the trajectories representing residential area EVs (such
as No. #235 and #248) mostly switch between the rigid constraint type at the bottom and
the agile response type in the middle. Among them, No. #248 exhibits a significant short-
period oscillation characteristic with a 7-day cycle. Out of the 52 weeks throughout the
year, after excluding strong external interferences such as long holidays and meteorolog-
ical anomaly days, approximately over 40 weeks maintain this regular state switching.
Specifically, on weekdays, the commuting trajectories of vehicle owners possess high cer-
tainty. After vehicles return home at night, their continuous parking duration usually far
exceeds the actual time required for a full charge. At this time, vehicle owners have clear
expectations for their travel plans the next day, and thus their risk aversion tendency is
relatively low. In order to obtain economic revenues from time-of-use electricity prices or
DR compensation, the subjective willingness and physical flexibility of vehicle owners to
participate in power grid dispatch are synchronously enhanced. Therefore, this load leaps
up in the multidimensional feature space and is maintained at the agile response type;
conversely, on rest days, residents’ travel exhibits extremely strong randomness and frag-
mentation characteristics. To absolutely guarantee the freedom of travel during holidays
and alleviate range anxiety, the decision-making logic of vehicle owners rapidly shifts
from pursuing economic revenues to avoiding the risk of power shortage. This psycho-
logical reshaping causes their risk aversion factor to surge, and they actively shrink or
close the vehicle’s response permissions, and its trajectory subsequently drops rapidly to
the rigid constraint type at the bottom. This normalized game, alternately dominated by
subjective psychological expectations and objective spatio-temporal boundaries, shapes
the dense periodic oscillation phenomenon of this load trajectory within over 40 standard
weeks. At the same time, when situated in deep valley rest days or meteorological anom-
aly days, due to routine schedules being disrupted or hindered by extreme weather, its
trajectory will undergo an obvious long-period collapse and downgrade. Furthermore,

https://doi.org/10.3390/wevj17070339



World Electr. Veh. ]. 2026, 17, 339

31 of 36

No. #235 similarly experiences a cliff-like drop and remains at a trough during specific
meteorological anomaly periods. This intuitively reflects the strong inhibitory and dy-
namic reshaping effects of environmental factors such as external meteorological anoma-
lies and holidays on the subjective travel willingness and response capabilities of residen-
tial EV users.

The visualization results of the aforementioned three-dimensional time-series trajec-
tory map demonstrate that users” adjustment potential is not a static and immutable in-
herent attribute; rather, it is a dynamic variable closely correlated with external factors
such as meteorological conditions and date types. Under different typical operating sce-
narios, the states of user profiles exhibit obvious migration characteristics, indicating that
employing a single static profile is inadequate to accurately characterize the genuine re-
sponse boundaries of multi-type demand-side resources.

It is particularly worth noting that Figure 13 extracts only 8 typical users as repre-
sentatives to achieve a clear visualization of the three-dimensional spatio-temporal trajec-
tories. To compensate for the limitations of localized samples in supporting the dynamic
migration conclusion and to verify the universality of this rule across the entire popula-
tion, quantitative statistics are further compiled on the global dynamic migration charac-
teristics of the full sample across the four categories of typical days.

The global migration statistical indicators reveal that the average number of state
transitions per user across the entire population is 1.25. To intuitively demonstrate the
replacement frequency of user profile categories, a pie chart depicting the distribution of
category replacement frequencies among the population is plotted, as shown in Figure 14.

3 Transitions
(Highly Dynamic)

2 Transitions
14.0% (Moderate Shift)

28.7%

32.0%

0 Transitions
(Static State)

25.3%

1 Transition
(Low Fluctuation)

Figure 14. Percentage distribution of profile category replacement frequencies for the full user sam-

ple.

As can be observed from Figure 14, only 32.0% of users consistently maintain the
same profile category across different typical days, which means that up to 68.0% of users
experience at least one category transition. Furthermore, to reveal the essential differences
in the driving forces of migration among different heterogeneous resources, an independ-
ent statistical separation of migration is conducted for industrial users and EV aggrega-
tors: the average number of transitions for industrial users is merely 0.82. Among them,
continuous production industrial users, restricted by rigid processes, predominantly be-
long to the rigid-constraint profile; whereas discrete manufacturing users mostly experi-
ence 1 transition, primarily due to state degradation during deep-valley rest days.
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EV aggregators exhibit extremely strong environmental sensitivity, with their aver-
age number of transitions reaching as high as 2.11. Especially for residential EV users,
their migration characteristics highly conform to the inherent cycle and holiday logic. Tak-
ing users #235 and #248 from the trajectory map as examples, their state transitions are not
random walks, but are strictly controlled by the alternating cycle of regular commuting
on workdays and random travel on rest days/holidays.

The proposed method can effectively identify the dynamic evolution laws of user
profiles under different typical operating scenarios, thereby validating the effectiveness
of this method in evaluating the adjustment potential of multi-type demand-side re-
sources.

4.3.5. Ablation Experiment of the Profiling Algorithm in the User Dimension

To further explore the contribution degree of each core module in the proposed
DTW-K-Means++ algorithm, this section designs an ablation experiment. The comparison
benchmarks include: a control group retaining K-Means++ but using Euclidean distance,
traditional K-Means, K-Medoids, and GMM,; the results are shown in Table 4.

Table 4. Ablation study and verification of user profile classification.

Clustering Model Setup Distance Metric Standard SC DBI CHI
DTW-K-Means++ DTW + Euclidean distance 0.725+0.011 0413 854.3
Euclidean-K-Means++ Euclidean distance 0.542+0.023 0.854 8324
Traditional K-Means Euclidean distance 0.485+0.038 0981 745.2
K-Medoids Euclidean distance 0.521+0.038 0.912 789.3

GMM Probability distribution = 0.504+0.026 0.933  760.8

Combining Table 4, the SC indicator of DTW-K-Means++ reaches 0.725 + 0.011, which
is significantly superior to the benchmark group. The ablation experiment reveals: after
removing DTW, the SC indicator plummets to 0.542, indicating that the DTW distance can
effectively penetrate the time-series phase shifts in EV and industrial loads, and accurately
capture the true regulation potential of multi-type loads.

To verify the scientificity of the performance improvement, this paper conducted a
paired t-test on the 30 experimental sequences, and the results show that the improvement

of the proposed method has extremely strong statistical significance (7 <001 )- Mean-
while, based on the noise injection experiment of Monte Carlo simulation, by injecting 5%,
10%, and 15% Gaussian random noise into the multidimensional scalar feature data of
various users, 100 independent Monte Carlo clustering evolutions were performed. The
simulation results show that when 5% and 10% data perturbations are injected, the mean
values of the algorithm’s overall clustering stability indicator (Adjusted Rand Index, ARI)
are stabilized at high levels of 0.934 and 0.830, respectively; even when facing the extreme
uncertainty impact of 15%, the basic clustering boundaries of the core profile groups in
the entire network are still preserved. The above uncertainty quantitative analysis con-
firms that the clustering classification model established in this paper possesses excellent
anti-noise performance and can effectively accommodate the random fluctuation devia-
tions of heterogeneous loads under real physical scenarios.

4.4. Evaluation of Dispatch Benefits and Operational Performance Based on Dynamic Profiles

Although internal indicators such as the SC have been introduced to verify the math-
ematical compactness of the clusters, under the circumstance of unsupervised learning
lacking absolute true labels, it is necessary to introduce actual engineering business sce-
narios to conduct downstream task validation on the DTW-K-Means++ framework. The

https://doi.org/10.3390/wevj17070339



World Electr. Veh. |. 2026, 17, 339 33 of 36

core purpose of constructing the dynamic profiling classification framework in this paper
lies in providing reliable ex ante data support for the actual dispatch of the power grid
under complex operating scenarios. Therefore, this section designs a day-ahead peak-
shaving dispatch scenario targeting a certain extreme peak load day, integrates the dy-
namic profiling results output by this paper’s framework into the dispatch business, and
conducts external empirical verification on its potential dispatch benefits and operational
performance.

Scenario setting: On a certain extreme peak load day (continuous high temperatures
in summer), the dispatch center faces an emergency peak-shaving demand of 15 MW. This
paper compares the proposed precise regulation strategy based on dynamic profiling
(Strategy A) with the traditional conventional regulation strategy based on maximum
physical capacity (Strategy B). Strategy B: The dispatch system solely relies on the equip-
ment capacity on the ledger and blindly issues invitation commands in descending order
of capacity until the cumulative target physical capacity reaches 20 MW (reserving a cer-
tain margin), without considering the users’ subjective willingness and dynamic con-
straints on that day. Strategy A: Based on the classification results under the extreme peak
load day in this paper, the dispatch system directly filters out users currently in the rigid
constraint type, and preferentially issues targeted invitation commands to users with the
highest comprehensive scores in the agile response type and deep regulation type clusters.
The operational performance comparison results are shown in Table 5.

Table 5. Comparison of dispatch benefits and operational performance under different regulation

strategies.
Operational Performance Indicator Strategy B Strategy A Benefit Enhancement Evaluation
Target peak-shaving demand (MW) 15 15 \
Total number of actual invited users 76 44 Decreased by 42.1%
Number of rigid-constraint users 25 0 Reduced default risks
12.5 (Failed t t tar- 16.2 (Robustl t
Final actual response energy (MWh) (Failed to meet tar (Robustly me Increased by 29.6%
get) target)
Effective dispatch response rate (%) 62.50% 94.30% Increased by 311'8 percentage
points
Invali i ) onificant] ional
nvalid Commur.ucatlon and com Relatively high Extremely low Significantly reduced operationa
pensation costs costs

As can be seen from the evaluation results in Table 5, although the traditional Strat-
egy B covers sufficient capacity on the physical ledger, it blindly invites as many as 25
users who are actually under rigid constraints on that day (such as commercial centers
requiring guaranteed air-conditioning for public livelihood due to high temperatures, or
continuous production plants that must maintain cooling). This leads to large-scale de-
faults and insufficient response during the actual execution phase; the effective dispatch
response rate is merely 62.5%, ultimately failing to accomplish the system’s peak-shaving
objective.

In contrast, Strategy A utilizes dynamic profiles to successfully achieve precise dis-
patching. By thoroughly circumventing high default-risk groups, it robustly overfulfilled
the peak-shaving task by issuing only 44 commands. This approach not only substantially
elevates the effective dispatch response rate to 94.3%, effectively guaranteeing the physi-
cal security of the power grid, but also vastly diminishes the invalid communication and
computational overhead of the dispatch system, as well as the erroneous compensation
costs in the demand response market. The aforementioned quantitative tests fully demon-
strate the immense benefit potential of the profiling method proposed in this paper in
practical dispatching operations.
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5. Conclusions

This paper proposes a classification method for load regulation potential profiling
that considers regulation willingness. It constructs a multidimensional evaluation indica-
tor system covering physical reliability, execution reliability, and behavioral willingness,
and designs a two-stage profiling framework with spatio-temporal decoupling: employ-
ing the DBSCAN algorithm to adaptively identify typical operating scenarios, and intro-
ducing Dynamic Time Warping (DTW) to improve the K-Means++ algorithm under spe-
cific scenarios, to eliminate time-series phase shifts among heterogeneous loads. Case
study analysis shows that the proposed method can stably classify users into three groups:
deep regulation type, agile response type, and rigid constraint type; further quantification
reveals that 68.0% of users experience profile category migration across different typical
scenarios, indicating that the regulation potential of demand-side resources possesses sig-
nificant scenario dependency and dynamic change characteristics.

Validation results using the day-ahead peak shaving scenario as an example show
that, compared with traditional invitation strategies based on maximum physical capac-
ity, the precise invitation scheme proposed in this paper reduces the actual number of
invited users by 42.1%, while the effective response rate increases from 62.5% to 94.3%,
significantly improving the precision and effectiveness of demand-side resource dispatch.
Although this paper achieves a comprehensive characterization of the load regulation po-
tential of heterogeneous resources, there are still certain limitations: constrained by pri-
vacy protection and data acquisition conditions, the semi-synthetic dataset is still difficult
to fully represent the complex irrational response behavior of users under extreme dis-
turbances; meanwhile, current offline profiling evaluation methods based on historical
data insufficiently consider real-time behavioral feedback under a multi-period dynamic
electricity price environment. Future work can further integrate online learning and roll-
ing update mechanisms to construct a closed-loop dynamic profiling model oriented to-
ward bidirectional interaction scenarios.

The underlying load feature data utilized in this study originates from an actual
power grid operation monitoring system. Constrained by a strict Non-Disclosure Agree-
ment (NDA) signed with the cooperating power grid enterprise, and because the raw data
contain spatio-temporal load information involving sensitive commercial production pat-
terns and residential privacy, the relevant raw datasets and the algorithm source code
developed based on this data system cannot be made directly available to the public.

Nevertheless, to support the reproducibility of the methodology in this study to the
greatest extent possible, this paper has comprehensively disclosed the core technical de-
tails required for model reproduction within the main text, including the data prepro-
cessing mechanism, and the min-max normalization of the indicator system alongside the
heterogeneous weight calculation process. Furthermore, all core hyperparameters of the
proposed model (such as the neighborhood radius €= 0.18 and the minimum number
of points MinPts =6 for the DBSCAN algorithm, as well as the optimal number of clus-
ters K=3 for the DTW-K-Means++ algorithm) avoid empirical presets; their complete
data-driven optimization and verification processes have been thoroughly detailed.
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Abbreviations

The following abbreviations are used in this manuscript:

DBA DTW Barycenter Averaging
DBSCAN Density-Based Spatial Clustering of Applications with Noise
DR Demand Response
DTW Dynamic Time Warping
EV Electric Vehicle
IDR Integrated Demand Response
NILM Non-Intrusive Load Monitoring
SOC State of Charge
TOU Time-of-use
V2G Vehicle-to-Grid
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