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Abstract

To address the challenges of identifying electric vehicles (EVs) in user-side scenarios where multi-
source load data is coupled by high-penetration distributed photovoltaics (PV), this paper proposes
a robust EV identification framework based on net load decomposition and a two-stage decision-
making process. Initially, a context-aware source-supervised separation (CSSS) algorithm is
employed to decouple PV output from the net load, effectively eliminating PV-induced interference
by constructing targeted feature vectors. Subsequently, four key features characterizing EV charging
behavior are extracted to feed into a hierarchical identification model. The first stage utilizes a
Composite Charging Characteristic Index (CCCI) for rapid preliminary screening, while the second
stage implements sample-adaptive weighted Stacking ensemble learning for high-precision
detection. Experimental results demonstrate that the proposed method achieves an identification
accuracy of 96.33%, with the load decomposition stage contributing a 1.2% improvement. This
framework provides a reliable technical foundation for load analysis and demand-side management
in distribution networks with high PV integration.

Keywords: distributed photovoltaics; electric vehicle identification; ensemble learning; net load
decomposition; contextually supervised source separation

1. Introduction

With the profound transformation of the global energy structure and the continuous
advancement of "carbon peak and carbon neutrality” strategies, user-side distributed resources,
represented by distributed photovoltaics (PV) and electric vehicles (EVs), are being integrated into
the power grid at an unprecedented scale and speed [1-4]. While these resources optimize the energy
structure and enhance system flexibility, they also present new challenges for the accurate perception,
operational control, and resource coordination of the power grid [5, 6]. In the context of "New Power
Systems," the traditional passive distribution network is evolving into an active, bidirectional energy
ecosystem where edge intelligence plays a crucial role [7].

In the refined management and intelligent operation of distribution networks, achieving
observability, measurability, and controllability of various distributed resources is a fundamental
prerequisite [3, 8]. For EVs specifically, as a significant flexible load resource, their accurate
identification and perception directly influence the precision of charging load forecasting, guided
orderly charging, demand response strategy formulation, and the exploration of vehicle-to-grid
(V2G) interaction potential [9-11]. Accurately identifying whether a user owns an EV and evaluating
their charging behavior patterns helps grid operators assess the impact of charging facility
integration, optimize charging guidance strategies, and provide basic data support for EV
participation in ancillary service markets [5, 12].
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However, most distributed energy resources operate in "Behind-the-Meter" (BTM)
configurations, meaning grid operators can only access the aggregated "net load" power. This creates
a significant "observability gap," as the temporal coupling and morphological masking between PV
generation and EV charging sessions severely obstruct accurate feature extraction. Such interference
limits the efficacy of traditional management and optimization strategies for demand-side resources
[13, 14].

Currently, research on EV identification has made some progress. Existing methods can be
categorized into three types based on their core technical paths:

Load Disaggregation-based Methods: These methods focus on separating the EV charging
component from the total user load signal. For instance, some studies utilize the low-frequency
characteristics of EV charging loads for non-intrusive extraction [15], or use combinations of event
detection, state transition removal, and sequence matching for online identification [16]. While these
focus on signal-level stripping, they often assume load components are relatively independent; when
processing net loads with high PV penetration, the inability to effectively separate the PV component
leads to the masking of EV features.

Feature Extraction-based Methods: These methods extract key features reflecting EV charging
behavior and analyze them through rules or statistical methods. Examples include knowledge-driven
feature extraction via pre-defined rules, which offer high interpretability but suffer from limited
adaptability [17, 18]. Other techniques utilize two-stage decomposition to extract features from low-
frequency data or apply independent component analysis (ICA) with multi-level pattern matching to
extract three-stage EV charging features [19]. These methods require high data quality and feature
stability, and their performance degrades when PV fluctuations mask the characteristics.

Data-Driven Methods: These techniques leverage machine learning and deep learning to learn
charging behavior patterns from data. Research includes fusion-based seasonal analysis to detect EV
households and the use of Generative Adversarial Networks (GANs) or Convolutional Neural
Networks (CNNs) for regional load identification [20, 21]. Furthermore, the Viterbi algorithm and
hidden Markov models have been used to improve steady- and transient-state mixed feature
extraction [22]. Despite their strong pattern learning capabilities, these methods are prone to
overfitting or insufficient generalization in multi-source coupled scenarios.

In summary, existing methods perform well in single-load or known PV output scenarios but
face significant challenges in complex scenarios with high-penetration distributed PV. During sunrise
and sunset, PV output and EV charging loads overlap temporally, causing confusion in load curve
morphology and interfering with feature extraction. Furthermore, most methods rely on prior
information like meteorological data or PV capacity, which are costly or difficult to obtain in practice.
Most importantly, existing research often focuses on a single stage of decomposition or identification,
lacking a complete framework from net load decomposition to EV identification.

To address this, this paper proposes an EV identification model based on net load decomposition
and two-stage determination. First, by constructing PV and base load feature vectors and utilizing a
context-aware source-supervised separation algorithm, the PV output is effectively separated from
the net load. Subsequently, feature engineering is performed on EV charging behavior, which is then
combined with a data-driven ensemble learning model to construct a two-stage screening and
identification model. This method establishes a complete "decomposition-identification" analysis
framework, providing technical support for the reliable identification of EVs in distribution networks
with high proportions of distributed PV.

2. Problem Formulation and Research Framework
For a specific user cluster, the time window [0,1,2,...,T] is defined as the set of periods within
a day. Smart meters measure the aggregated net load power p’, =[p~!, p* p®’ .., poT] of the user

cluster at time intervals Ar (in this study, Ar=1 hour) on day d, which represents the power
purchased from the grid. The relationship between the net load, distributed PV output, and the base
load of the user cluster is expressed as follows:

pjet = pliad _va (1)
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d_r.dl d2 _d3 4,1
Where Pioat = [Pia> Pioaa> Pioai-+ Pioa] denotes the base load of the user cluster on day d ,which

includes both conventional appliances and the electric vehicle (EV) charging loads to be identified.
Py, =Py s P> Piog > Pioy ] Tepresents the output of the distributed PV systems installed on the

user side onday < ;if no distributed PV is installed in the cluster, sz =0. Since distributed energy

storage for residential users is currently not widely deployed, this paper focuses on three primary
components: distributed PV power, conventional power load, and EV charging load.

The overall research workflow is illustrated in Figure 1. The EV identification process comprises
three main phases: the load decomposition stage, the feature extraction stage, and the two-stage

d
identification process. First, a modified load curve Pioaa , which contains only the base load and EV

charging components, is obtained through load decomposition. Subsequently, a four-dimensional
feature vector characterizing EV charging behavior is constructed. Finally, the target user cluster is
analyzed through rapid initial screening and refined identification to determine the presence of EVs.

The remainder of this paper is organized as follows: Section 2 describes the load decomposition
method based on the context-aware source-supervised separation (CSSS) algorithm, and Section 3
details the two-stage identification model based on EV feature vector extraction.
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Figure 1. The proposed EV identification framework integrating CSSS-based decomposition and two-stage
decision logic.

3. Load Disaggregation Based on the Context-Aware Source-Supervised
Separation Algorithm

The primary objective of load disaggregation using the Context-aware Source-supervised
Separation (CSSS) algorithm is to decouple the PV generation profile from the composite net load
signal. By effectively stripping away the solar component under known net load conditions, this
method generates a "refined" modified load curve—one that exclusively encapsulates the base load
and electric vehicle (EV) charging components. This process serves as a critical preprocessing step,
ensuring a robust and reliable data foundation for the subsequent stages of EV identification and
behavior analysis.

3.1. Context-Aware Source-Supervised Separation Algorithm

For a target user cluster (equipped with distributed PV), the aggregated net load on day d can
be modeled as a linear combination of its constituent components. Specifically, the PV generation
output and the base load (excluding PV) are represented as the product of their respective feature
vectors—characterizing the fundamental daily fluctuation patterns (profiles)—and their
corresponding aggregation coefficients (amplitudes):

m 2)
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Ploai ® Oui Xipaa 3)

Where x2, and xf,,; denote the feature vectors for distributed PV and base load, respectively;
6, and 65,, are the corresponding coefficients to be solved, representing the aggregation scaling
ratios of the target cluster's PV output and base load relative to their respective feature vectors[23].

Since load disaggregation is inherently an ex-post analysis and processing of consumer load
data, feature vectors for both distributed PV and the base load can be constructed based on known
observation data. By optimizing the scaling coefficients 63, and 6/5,,, the linear representation is
tuned to approximate the actual values as closely as possible while simultaneously satisfying the
energy balance constraint.

The formulations allow the disaggregation process to be treated as an optimization problem that
minimizes the sum of squared errors while adhering to physical energy balance constraints:

. 1 d d d 2 d d d 2
min — (|| pl, = O4x%, 12 +11 Py — O Xioos 1)

) e @)
S.L. Py = Ploss — Py (5)

I’Zad 20 (6)

Py, 20 7)

Specifically, the objective function aims to minimize the sum of squared errors (SSE) of the PV
and base load estimations. Equality constraints are employed to ensure that the sum of the
disaggregated components remains equal to the net load measured by the smart meter, while non-
negativity constraints are applied to both PV generation and base load power.

The optimization model described above can be solved efficiently using the Gurobi solver. It is
worth noting that disaggregating the signals becomes significantly more challenging when the two
original sources are highly correlated. Fortunately, in most practical scenarios, there is minimal
correlation between the base load and solar generation, enabling accurate PV and load disaggregation
via the Context-aware Source-supervised Separation (CSSS) algorithm. Theoretically, the accuracy of
the estimation improves as the correlation between the feature vectors and the actual physical values
increases. Consequently, the construction of feature vectors is a pivotal phase that dictates the
precision of the entire disaggregation process. The methodology for constructing these feature
vectors is detailed in the following section.

3.2. Photovoltaic Feature Vectors

The output power of distributed photovoltaic (PV) systems is highly correlated with
meteorological conditions and specific system parameters. Among these, solar irradiance, installed
capacity, tilt angle, and azimuth are the most critical factors influencing power generation. Given that
residential rooftop PV systems are typically small-scale, they often lack dedicated monitoring
equipment to record technical parameters such as tilt and azimuth angles.

Although individual parameters—including capacity and installation tilt—may vary between
systems, meteorological factors such as temperature and humidity remain approximately uniform
within the same geographical region. These factors exert a consistent influence on the PV output
across different users. Furthermore, to maximize energy yields and economic returns, most users
adopt installation configurations that optimize irradiance based on the local latitude.

Consequently, assuming a consistent latitude within a given power supply area, these
distributed residential PV systems can be expected to exhibit similar installation orientations and, by
extension, analogous power generation patterns. Given that the total capacity of a user cluster is often
unknown in practical scenarios, the PV feature vector can be derived using the following formulation:

xzv = I’ [cos(90 — ®)sin(B) cos(¢ — ar) +sin(90 — @) cos( )] ®)

Where I, denotes the irradiance vector received by the PV panel throughout day d; 6
represents the solar zenith angle, which varies temporally; § is the installation tilt angle of the PV
panel; a signifies the solar azimuth angle; ¢ denotes the azimuth angle of the PV panel.
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3.3. Base Load Feature Vectors

The load behavior of an individual user is characterized by strong randomness and significant
volatility. However, at the cluster level, the superposition of loads from a large number of users
causes the aggregated load curve to become smoother and more regular, manifesting a typical daily
load pattern. Consequently, by selecting a sufficient number of non-PV users within a specific
region—whose net load is identical to their base load —their aggregated net load curve can serve as
the feature vector for the base load. Assuming there are N; non-PV users, the base load feature vector
can be expressed as:

N
i d
Xioad = zpnet,i
i=1

Where pﬁet‘i denotes the net load vector of the i-th user cluster on day d.

©)

4. Electric Vehicle Identification Considering Distributed Photovoltaics

After completing the photovoltaic (PV) output separation, the proposed identification method
first extracts four key features of electric vehicle (EV) charging behavior from the base load curve to
construct the identification feature vector. Subsequently, a two-stage identification framework is
proposed:

Stage 1: Rapid Initial Screening. This stage is based on the Composite Charging Characteristic
Index (CCCI) to achieve quick preliminary filtering, effectively removing typical non-EV user clusters
from the dataset.

Stage 2: Refined Identification. This stage introduces a sample-adaptive weighted Stacking
ensemble learning method. By integrating the complementary strengths of multiple machine learning
models, it achieves high-precision identification of EV presence within the remaining clusters.

This "decomposition-identification” analysis framework ensures reliable EV detection even in
distribution networks characterized by high proportions of distributed PV.

4.1. Charging Behavior Feature Extraction

Following the application of the Context-aware Source-supervised Separation (CSSS) algorithm,
the impact of distributed PV generation is minimized, providing a reliable "modified" base load curve
as input for precise electric vehicle (EV) identification. Based on this, a feature extraction scheme
specifically designed for EV charging behavior is developed.

Guided by residential EV charging patterns and existing research, the feature variables in this
study are designed based on the following assumptions[24]:

Concentrated Nighttime Charging: Most residents prefer charging their EVs during nighttime
off-peak tariff periods or upon returning home from work. Consequently, the EV charging time
window is defined as 3, =[z,,24]U[L, ¢,], typically set with ¢ =18:00 and ¢, =06:00. Notably,

during the start and end of this window, EV charging loads may partially couple with PV generation,
creating significant interference due to the high volatility of both power signals.

Dominance of G2V Mode: Under current technical conditions, residential EV interaction is
dominated by the Grid-to-Vehicle (G2V) charging mode. As Vehicle-to-Grid (V2G) discharge modes
are not yet widely commercialized at the household level, this feature extraction scheme focuses
exclusively on charging load characteristics.

Intermittency of Charging Behavior: EV charging is typically not a daily occurrence. The
charging start time, duration, and energy consumption exhibit inherent randomness and variance
between different user sessions.

By synthesizing these behavioral patterns, four categories of key features are extracted to
effectively capture the presence of EV charging loads within the disaggregated base load signal.

4.1.1. Nighttime Load Volatility at Identical Time Intervals

Electric vehicle charging events do not occur on a daily basis, and even when they do occur, the
start times and durations vary significantly. This inherent stochasticity causes the load values at the
same time point within the charging window to exhibit pronounced fluctuations across different

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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days. In contrast, the nighttime base load of user clusters without EVs typically remains relatively
stable.

To capture this characteristic, an empirical time point characterized by typically high charging
power within the defined charging window is selected. The standard deviation of the load at this
specific time is then calculated over a one-month period (n days):

Z(plduad (tc) - pi)ud (t(, ))2
FI — 4] 4=l

" (10)
Where py ,(z.) represents the monthly average load value at time ¢ . A higher F, value

indicates more intense load fluctuations at that specific time point, suggesting a higher probability of
the presence of intermittent, high-power EV charging loads.

4.1.2. Mean Maximum Step Change Rate

When an electric vehicle (EV) initiates a charging session, its power demand typically surges
from zero to several kilowatts within a very short interval. This magnitude of power transition is
significantly greater than the load steps caused by the switching of conventional household
appliances. Consequently, this feature is designed to capture the most intense instantaneous
variations in the load curve.

First, the first-order difference sequence of adjacent time points in the daily load curve is
calculated:

At (O = Ploga 0 +1) = Pl (1) (11)

Next, the maximum value within the daily difference sequence —representing the maximum
step change for that day —is identified. The mean value of these maximums over a period of n days
is then calculated:

Fy = 3 ma (4L, (0) 12)

1<t<T-1
A higher F, value indicates the frequent occurrence of large-amplitude power jumps within

the load curve, serving as a strong indicator signal for the presence of EV charging behavior.

4.1.3. Nighttime High-Load Duration Ratio

Electric vehicle (EV) charging is characterized by high power consumption. Once a charging
session begins, it typically maintains the household nighttime load at an elevated level for a
significant duration, thereby extending the "peak" duration of the load curve. Consequently, the ratio
of high-load sampling points to the total number of sampling points within the charging window is
selected as an identification feature, calculated as follows:

5" = Dot D11 €8, Ploaa () > Py} (13)

F, = card(S"")/ card(S) (14)

Where p,,..0.« 15 @ power threshold used to distinguish the conventional base load from the
high-load state caused by EV charging. It serves as one of the hyperparameters to be optimized
during the model training phase. card(S"*") represents the number of sampling points that satisfy
the condition p ., () > Pesw Within the defined window. card(S) represents the total number of

sampling points within a day (or the designated charging period).
A higher F, value indicates that the nighttime load remains at an elevated level for a longer

period, which is more likely to be the result of sustained EV charging.

4.1.4. Nighttime Total Energy Consumption

EV charging sessions typically involve a substantial amount of energy transfer. Even when
accounting for the intermittency of charging behavior, user clusters with EVs exhibit significantly
higher total energy consumption during nighttime hours compared to clusters without EVs.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Consequently, the total energy consumption can be determined by integrating the base load over the
designated charging window:

F, =Y pha(OAt (15)

t=t
Where At represents the sampling interval. Utilizing F, as a feature provides a direct
reflection of the absolute level of nighttime energy consumption, serving as an effective indicator for

distinguishing between user groups with or without high-capacity power-consuming devices such
as EVs.

4.2. Two-Stage Electric Vehicle Identification
4.2.1. Stage 1: Rapid Initial Screening Based on the Composite Charging Characteristic Index (CCCI)

To achieve efficient and reliable electric vehicle (EV) identification, this study first develops a
rapid initial screening mechanism based on the Composite Charging Characteristic Index (CCCI).
The core of this mechanism involves fusing the four previously extracted EV charging features into
a single quantitative metric. This index is designed to comprehensively reflect the overall similarity
between a user's load profile and typical EV charging patterns, thereby enabling efficient preliminary
filtering of large-scale user datasets without requiring complex model computations. The calculation
of the CCCl is formulated as follows:

K
a-szlisc +lB
CCCI = :

F o, R
szbasc 7 F3basc
a+p+y+9o

I

+ 5 ’ Fbasc
4

(16)

Where F"™° denotes the benchmark value of the i-th feature, derived from the non-EV user

clusters in the training set. It represents the typical baseline level achievable by non-EV users for that
specific feature. a , 8,y ,0 are the fusion weights for each feature, satisfying o+ f+y+5=1.The

determination of these weights is based on the discriminative capability of each feature within the
training set. Specifically, the Information Gain Ratio (IGR)—a classic core metric for feature selection
in decision tree algorithms—is utilized for quantification and then normalized to obtain the final
weights[25]. The CCCI characterizes the overall magnitude by which a user cluster exceeds the
baseline levels of ordinary user clusters across all charging-related features. A high CCCI value
indicates that the user cluster's load pattern deviates significantly from typical household profiles
across multiple dimensions, aligning more closely with the "high volatility, large step changes, long
high-load duration, and high energy consumption" characteristics introduced by EV charging.
Based on the CCCI, the following rapid screening rule is implemented: a low threshold 6, is

established. If CCCI <@, , it indicates that the composite charging characteristics of the cluster are

indistinguishable from those of ordinary users. Such clusters are directly classified as "Non-EV User
Clusters" with high confidence, eliminating the need for subsequent refined identification.

4.2.2. Stage 2: Refined Identification Based on Ensemble Learning

The ensemble learning methodology adopted in this study is Stacking. Within this architecture,
the first-stage models are referred to as base learners (or primary learners), while the second-stage
model is designated as the meta-learner. The fundamental approach begins by partitioning the
original dataset into a training set and a test set according to an appropriate ratio. Subsequently, on
the balanced training set D, multiple base learners are trained using the K-fold cross-validation
method. The classification outputs from these base learners, paired with the original labels of D, serve
as the input features and target labels for the meta-learner, respectively, forming a new training set
to optimize the meta-model. The final classification result is generated by the meta-learner, as
illustrated in Figure 2.

Traditional Stacking algorithms typically utilize fixed weights for all test samples during the
fusion of base learners, thereby neglecting the distributional differences of various samples within
the feature space. To address this limitation, this paper introduces a sample-adaptive weighting
mechanism to dynamically adjust the fusion weights of individual base learners. Furthermore, three

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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machine learning algorithms with complementary characteristics are selected as base learners:
Gradient Boosting Decision Tree (GBDT), Support Vector Machine (SVM), and Random Forest (RF).
All base learners utilize the four-dimensional feature vector [F,F,,F;,F,] extracted in the previous

stage as their input.

r--—-=——"T++~""~¥>f~F™"™™"™™"™"~"~—T"~—"—" T~ —————— |

| Base-learner 1 K-fold Cross-Validation recognize 1 |
|
| |
' |
' |
' |
: Base-learner 2 K-fold Cross-Validation recognize 2 |
|
' |
' |
' |
' |
' |
L e )
| Base-learner n K-fold Cross-Validation recognize n :
| — !
' |
' |
' |
' |

Meta-learner
recognize 1 recognize 2 recognize n

Weight
Calculation

Figure 2. The approach of the Stacking algorithm.

For each test sample x, to be identified, the K-nearest neighbors, denoted as N (x,.), are

identified within the training set. The normalized Euclidean distance is employed as the similarity
metric to account for differences in feature scales. Subsequently, the identification accuracy of each
base learner within this local neighborhood is calculated as follows:

1

Aee, (N (x)) =2, X 10, =37") (17)

Where y, represents the ground-truth label of sample x,; )A/j'") denotes the estimated label

assigned to sample x, by the m-th base learner.

Based on the local identification accuracy of each base learner, the dynamic fusion weights are
calculated as follows:

w (x. = exp(a~Accm (NK (x,)))
éeXp(Ol'ACCj (NK (xi )))

Where « is the sharpening parameter, used to regulate the concentration of the dynamic
weight distribution across the base learners. When « is assigned a larger value, models with higher
local accuracy receive significantly higher weights; conversely, when « is small, the weight
distribution tends toward uniformity. In this study, a is optimized on the training set through
cross-validation to strike a balance between the model's local sensitivity and its generalization ability.

The final output of the model is determined using a weighted voting strategy:

Vote(x,) = sign( Z;wm (x,) ( P —1)j (19)

Where Vote(x,) represents the weighted decision score (or aggregated result). The

(18)

classification logic is defined as follows: if Vote(x,)>0, the target user cluster is identified as

containing electric vehicles; conversely, if Vote(xl.)< 0, the cluster is identified as not containing

electric vehicles.
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5. Case Study
5.1. Data Sources and Experimental Configuration

The dataset utilized in this study is derived from open-source load and distributed PV datasets
provided by a public utility company in the U.S. Midwest, integrated with the Residential Energy
Consumption Survey (RECS) dataset [26, 27]. The data spans from 1 January 2017 to 31 December
2017, with a temporal resolution of 1 hour. A total of 1120 residential users are included, each
featuring comprehensive metered data—including net load, PV generation power, EV charging
power, and base load. This high-fidelity dataset allows for a rigorous performance evaluation of the
proposed identification model based on ground-truth observations.

To validate the effectiveness of the proposed model, an experimental sample set was constructed
using random sampling with replacement. Specifically, 300 independent sampling trials were
conducted; in each trial, 50 to 150 users were randomly selected to form a user cluster, resulting in
300 cluster samples of varying scales. This experimental design is intended to simulate the inherent
diversity of user aggregation in real-world distribution networks and to assess the model's stability
and generalization capability across different cluster sizes.

Hyperparameters for all models (including the benchmark models) were uniformly determined
using Bayesian optimization during the training phase. All simulations were performed on a
computing platform equipped with a 2.9 GHz Intel Core i5 processor and 8 GB of RAM. The
optimization problems within the CSSS algorithm were solved using the Gurobi 9.1.2 solver.

5.2. Evaluation Metrics

A confusion matrix, also referred to as an error matrix, is a standard format for accuracy
assessment in classification tasks. It organizes actual versus predicted classification results into an
nxn grid, where n corresponds to the total number of categories. In the context of binary classification,
outcomes are categorized as Positive and Negative. The structure and terminology of the confusion
matrix are presented in Table 1. Based on these fundamental parameters, this study utilizes Equations
(20)—(22) as the primary metrics for performance evaluation.

Table 1. Binary classification confusion matrix.

Actual: Positive Actual: Negative
Predicted: Positive True Positive (TP) False Positive (FP)
Predicted: Negative False Negative (FN) True Negative (TN)
Accuracy = TP+ 1N (20)
TP+ FP+FN+TN
TP

Precision =—— (21)
TP+ FP

Recall = _Ir (22)
TP+ FN
Furthermore, Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean
Absolute Percentage Error (MAPE) are selected to evaluate the performance of the load
disaggregation process, as formulated in Equations (23)—(25):
MAE = %Zlyi -

i=1

RMSEZ"%i(yi—)Z)Z (24)

0, n — 1
mapg =100 3|V =
no DY

Where y, and J, represent the ground-truth values and the estimated values of the

(23)

(25)

disaggregated components, respectively, and N denotes the total number of samples.

5.3. Simulation Results and Discussion
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5.3.1. Load Disaggregation Results

In this study, the base load profile is derived through load disaggregation, serving as the
foundational input for subsequent electric vehicle (EV) feature extraction and identification. Figure 3
illustrates the net load curve, the ground-truth base load curve, and the estimated base load curve
obtained via the CSSS algorithm for a representative user cluster over a one-week duration.

Net load

f== == = Estimated base load I
1.5 Ground-truth base load

i 1 i i
24 48 72 96 120 144 168
Time/Hour

Figure 3. Comparison of load curves within a week.

The quantitative evaluation of the estimated base load yields an MAE of 0.1080 kW, an RMSE of
0.1602 kW, and a MAPE of 6.7%. These low error metrics demonstrate that the CSSS algorithm
achieves high-precision separation of PV output, ensuring that the restored base load profile
possesses high fidelity and credibility.

As observed, the disaggregated base load curve exhibits high alignment with the ground-truth
curve in both profile morphology and magnitude. Notably, during daytime periods characterized by
peak PV generation, the estimated curve accurately tracks the fluctuations of the actual base load.
This indicates that the CSSS algorithm effectively decouples the stochasticity and intermittency
inherent in PV generation, thereby restoring "purer" load features. This high-quality restoration
provides a robust data foundation for the accurate extraction and identification of EV behavioral
characteristics in the subsequent stages.

5.3.2. Comparison of Electric Vehicle Identification Results

To determine the fusion weights (« , B, 7, 6 ) for each feature within the Composite Charging
Characteristic Index (CCCI), the Information Gain Ratio (IGR) was utilized to quantitatively evaluate
the four categories of features extracted in Section 4.1. These evaluations, based on the training
dataset, were subsequently normalized to derive the final fusion weights, as summarized in Table 2.

Table 2. Normalized fusion weights for EV charging features derived via Information Gain Ratio (IGR).

Information Fusion

Feature Description
P Gain Ratio  Weight

Nighttime Load Volatility at Identical

d Time Intervals 0.152 0.18
F, Mean Maximum Step Change Rate 0.235 0.28
F,  Nighttime High-Load Duration Ratio 0.201 0.24
F,  Nighttime Total Energy Consumption ~ 0.252 0.30

During the Stage 1 rapid initial screening, 31 user clusters without EVs were successfully
identified through the CCCI calculation. These samples exhibited load patterns highly consistent with
those of conventional households; therefore, they were directly classified as "Non-EV User Clusters"
with high confidence. This allowed these samples to bypass the subsequent, more computationally
intensive ensemble learning stage. Notably, the number of missed detections (false negatives) among
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these 31 clusters was zero, confirming the high reliability and robustness of the screening mechanism
in preserving the integrity of the positive sample pool for Stage 2.

In the second stage, the sample-adaptive weighted ensemble learning model performs refined
identification on the remaining user clusters. Table 2 presents the confusion matrix for the final
identification results.

As observed from the matrix, the proposed method demonstrates significant identification
performance for the "EV-containing” category. Only 7 cases of missed detections (False Negatives,
FN) occurred, indicating that the model possesses high sensitivity to the presence of electric vehicles.
Simultaneously, only 4 cases of false alarms (False Positives, FP) were recorded, suggesting that the
model also exhibits strong specificity when identifying "non-EV clusters." Overall, the confusion
matrix exhibits a pronounced diagonal dominance, signifying the robust and balanced identification
capability of the model across both classification categories.

Table 3. Electric vehicle identification results.

Predicted: EV- Predicted: Non-EV

containing
Actua‘l: FV- 183 -
containing
Actual: Non-EV 4 106

To evaluate the superiority of the proposed two-stage electric vehicle (EV) identification model,
comparative experiments were conducted against several mainstream identification approaches.
These benchmarks include individual classification models (SVM), ensemble learning models (GBDT,
RF, and Traditional Stacking), and deep learning architectures (MLP and CNN-LSTM). All models
were evaluated using identical training and testing datasets. The identification performance was
assessed based on three metrics: Accuracy, Precision, and Recall, with the results illustrated in Figure
4.

As demonstrated, the proposed method outperforms all benchmark models across all three
evaluation metrics:

Accuracy: The proposed method achieves an accuracy of 96.33%, indicating superior
comprehensive identification capability in the overall classification task.

Precision: The performance is particularly outstanding in terms of precision, reaching 97.86%.
This significantly surpasses the benchmark methods, demonstrating a remarkably low false-positive
rate when designating a user cluster as "EV-containing." Such high decision confidence is crucial in
practical applications, as it avoids the misidentification of non-EV users, thereby enhancing the
targeted nature of grid dispatch and demand response strategies.

Recall: The recall rate of the proposed method is 96.32%, which is also superior to the other
approaches. This indicates that the model can effectively identify the majority of actual EV-owning
user clusters. This strong coverage capability is beneficial for fully tapping into the potential of EVs
as flexible load resources and avoiding the loss of vehicle-to-grid (V2G) interaction opportunities
caused by missed identifications.
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Figure 4. Comparison of electric vehicle recognition results of different methods.

5.3.3. Impact of Load Disaggregation on Identification Performance

To verify the specific impact of the load disaggregation stage on the final identification results,
this study compares the model's performance under two distinct scenarios: "With Load
Disaggregation” (the proposed framework) and "Without Load Disaggregation" (direct identification
from net load). The results are summarized in Table 4.

Table 4. Comparison of identification results with and without load decomposition.

Accuracy Precision Recall

With Load 09633 09786 0.9632
Disaggregation

Without Load 0.9518 0.9578 0.9507
Disaggregation

With the introduction of the load disaggregation process, the three primary metrics— Accuracy,
Precision, and Recall —improved significantly to 96.33%, 97.86%, and 96.32%, respectively. This
enhancement demonstrates that although distributed PV generation and EV charging loads may only
overlap during limited temporal intervals, their temporal coupling and morphological confusion still
severely compromise the characterization capability of EV charging features. This interference
typically leads to constrained identification performance when using raw net load data.

By effectively decoupling the PV components via the CSSS algorithm, the intrinsic signatures of
EV charging—such as high volatility, large-magnitude step changes, and sustained high-load
durations—become more pronounced. Consequently, this leads to a significant boost in both the
identification accuracy and the stability of the model when detecting electric vehicle behavior in high-
PV-penetration scenarios.

5. Conclusions

This study proposed a two-stage electric vehicle (EV) identification model to address the
challenges of identifying EV charging behavior in distribution networks with high-penetration
distributed photovoltaics (PV). By constructing PV and base load feature vectors and employing a
Context-aware Source-supervised Separation (CSSS) algorithm, the model achieves effective
decoupling of PV output from the user cluster's base load, significantly mitigating the interference
caused by behind-the-meter PV generation. On this basis, key features reflecting EV charging patterns
were extracted, and a two-stage mechanism —combining Composite Charging Characteristic Index
(CCCI) screening with sample-adaptive weighted Stacking ensemble learning—was designed. The
simulation results lead to the following conclusions:

Exceptional Identification Performance: The proposed method demonstrates superior
performance in EV identification, with Accuracy, Precision, and Recall reaching 96.33%, 97.86%, and
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96.32%, respectively. These results significantly surpass those of traditional individual classification
models and unweighted ensemble methods, showcasing high decision confidence and robust
coverage capability.

Effective Load Disaggregation: After isolating PV output using the CSSS algorithm, the
estimated base load yielded an MAE of 0.1080 kW, an RMSE of 0.1602 kW, and a MAPE of 6.7%. The
restoration of the base load makes EV charging signatures more pronounced, leading to a marked
improvement in identification accuracy. This validates the critical importance of load disaggregation
in enhancing EV detection precision.

Robust Feature Representation: A four-dimensional charging feature vector was constructed to
account for the stochasticity and high-power characteristics of EV charging. Information Gain Ratio
(IGR) analysis indicated that Total Nighttime Energy Consumption and the Mean Maximum Step
Change Rate possess the strongest discriminative power for EV identification, with weight allocations
of 0.30 and 0.28, respectively.

While the proposed model has achieved reliable results in scenarios without energy storage,
future research will focus on joint identification methods involving energy storage systems (ESS). We
aim to explore the modeling and fusion of storage behavior characteristics to improve the model's
adaptability and accuracy in integrated "PV-Storage-Charging" coupled scenarios. Furthermore, the
framework will be extended to address more complex user-side energy interaction landscapes.
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