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Abstract

With the rapid development of the Internet of Things (IOT), 5G, and modern power sys-
tems, demand-side loads are becoming increasingly observable and remotely controllable,
which enables demand-side flexibility to participate more actively in grid dispatch and
emergency support. Under extreme rainstorm conditions, however, component failure
risk rises and the availability and dispatchability of demand-side flexibility can change
rapidly. This paper proposes a risk-aware emergency regulation framework that translates
rainstorm information into actionable multi-load aggregation decisions for urban power
systems. First, demand-side resources are quantified using four response attributes, in-
cluding response speed, response capacity, maximum response duration, and response
reliability, to enable a consistent characterization of heterogeneous flexibility. Second, a
backpropagation (BP) neural network is trained on long-term real-world meteorological
observations and corresponding reliability outcomes to estimate regional- or line-level
fault probabilities from four rainstorm drivers: wind speed, rainfall intensity, lightning
warning level, and ambient temperature. The inferred probabilities are mapped onto the
IEEE 30-bus benchmark to identify high-risk areas or lines and define spatial priorities
for emergency response. Third, guided by these risk signals, a two-level coordination
model is formulated for a load aggregator (LA) to schedule building air conditioning loads,
distributed photovoltaics, and electric vehicles through incentive-based participation, and
the resulting optimization problem is solved using an adaptive genetic algorithm. Case
studies verify that the proposed strategy can coordinate heterogeneous resources to meet
emergency regulation requirements and improve the aggregator—user economic trade-off
compared with single-resource participation. The proposed method provides a practical
pathway for risk-informed emergency regulation under rainstorm conditions.

Keywords: emergency demand response; demand-side aggregation; rainstorm weather;
BP neural network; power grid resilience

1. Introduction

Demand-side response (DR) emerged in the United States alongside electricity market
reforms to leverage demand-side resources and enhance system reliability [1]. During
periods of price volatility or system stress, system operators or end users may temporarily
adjust consumption in response to price signals or incentives. Such actions reduce or shift
demand within a specified time window, helping maintain grid stability and mitigate
short-term price spikes [2]. Emergency response (ER) involves issuing alerts to users based
on predefined emergency levels when the power grid is at risk of collapse, requesting load
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reductions. Participants in ER are compensated by the operator according to a pre-agreed
compensation plan [3].

Extreme weather can disrupt electricity supply for millions of people and severely
challenge power-system operations. For example, the 2008 La Nifia event lowered Pacific
sea-surface temperatures and contributed to an unusually severe snowstorm in China. The
event disrupted electricity use for approximately 77 million people nationwide. In 2020, a
major extreme-weather event in California reduced solar generation. Meanwhile, elevated
summer temperatures sharply increased electricity demand, resulting in rotating (rolling)
outages that affected at least 810,000 households [4]. In 2021, a cold wave in Texas triggered
a large-scale power outage, affecting more than 1.4 million households.

Extreme weather disrupts daily life and poses major challenges to grid stability, espe-
cially in systems with high renewable penetration. As meteorological hazards become more
frequent, the vulnerability of power systems has attracted growing attention worldwide.
Several studies have systematically reviewed meteorological hazards affecting China’s
power grid, and representative advances are summarized below. Wang et al. [5] exam-
ined the resilience of integrated gas—power systems under extreme weather and proposed
a quantitative framework for vulnerability assessment. To enhance robustness against
extreme events, Zare et al. [6] developed a co-planning approach for generation and trans-
mission expansion that explicitly accounts for uncertainty in resilience-related resources.
Focusing on failure propagation, Lian et al. [7] proposed a resilience assessment method
based on cascading-failure graphs to analyze extreme-weather-induced disturbances. With
advances in sensing and communication, research has increasingly focused on enhancing
resilience through situational awareness and intelligent coordination. Nair et al. [8] demon-
strated that trustworthy IoT-coordinated assets can enhance grid resilience under extreme
conditions. From a decision-making perspective, Ghahramani et al. [9] proposed a risk-
averse, data-driven distributionally robust optimization method for transmission systems,
enabling conservative yet adaptive operation under uncertainty. Mahmoud et al. [10] sys-
tematically reviewed predictive maintenance in smart distribution networks, summarizing
fault types, causes, and prediction methods; this review provides a foundation for fault
prediction and risk identification to support resilience under adverse weather conditions.

However, rainstorm-driven disturbances pose an additional, often overlooked chal-
lenge: beyond increasing outage risk, rainstorms also reshape the demand-side conditions
that emergency regulation depends on. First, rainstorm-related changes in temperature and
occupancy /behavior can shift the net-load baseline and reduce the curtailment headroom
of building loads. Second, heavy precipitation and cloud cover can reduce photovoltaic (PV)
output, while mobility disruptions and severe-weather alerts can change electric vehicle
(EV) plug-in availability and controllability [11]. Consequently, the effective aggregatable
flexibility during rainstorms may differ substantially from that under normal conditions.
Emergency regulation should therefore account for these storm-dependent changes rather
than treating the demand side as static. This motivates the central role of multi-load aggre-
gation in our study. Aggregation enables fast and reliable mobilization of heterogeneous
flexibility at scale, improves robustness to individual uncertainty or unavailability, and
supports implementable emergency dispatch and settlement at the aggregator level [12].

With large-scale renewable integration, especially distributed photovoltaic systems,
power-system operation becomes increasingly sensitive to weather-induced uncertainty,
which motivates robust assessment and flexible demand-side coordination. Yang et al. [13]
proposed a robust method for assessing distributed PV hosting capacity in alternating
Current (AC)/Direct Current (DC) hybrid distribution networks by introducing a spa-
tiotemporally dependent polyhedral model and incorporating demand response to mit-
igate PV-output uncertainty. Ma et al. [14] further investigated hybrid energy-storage
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configuration optimization in distribution networks with high PV penetration, explicitly
considering user-side demand response to improve system flexibility and economic per-
formance. To address load imbalance, Wang et al. [15] developed a distributionally robust
demand response model that coordinates heterogeneous household appliances to mitigate
peak-to-valley disparities driven by rooftop PV integration and increasing heating demand
in cold climates. Zhang et al. [16] investigated a robust-optimization-based scheduling
framework for microgrids and electric-vehicle demand response, improving operational
flexibility and economic efficiency under uncertainty. Overall, prior studies have made sub-
stantial progress in resilience assessment, fault prediction, and demand response modeling.
Nevertheless, an end-to-end operational linkage that connects evolving extreme-weather
risk (especially rainstorms) to targeted emergency regulation with coordinated multi-load
aggregation remains insufficiently explored. To position this work, Table 1 summarizes
representative studies and highlights this paper’s contributions toward addressing the
above coupling gap.

Table 1. Representative related studies and contributions of this work.

Ref. Topic Method/Resources Main Gap (Relative to This Paper)
DR/ER concepts and DR/aggregator operation and Not de31gr.1€d for .
[1-3] aggregator Secision analvsis extreme-weather-triggered ER with
decision-making y coordinated multi-load regulation
e Resilience assessment/co- Lacks an operational ER
Resilience and robust . . . S .
[4-9] operation under extreme planning/cascading mechanism linking evolving
weather analysis/IoT/robust weather risk to targeted load
optimization regulation
Fault prediction and Systematic review of fzflult Does not integrate fault—p.rol:?abl.hty
[10] v . types/causes/prediction identification into ER optimization
predictive maintenance .
methods and dispatch
PV /EV-integrated Foc.us.on u}?certalrll.ty mitigation;
[13-16] operation with DR under Robust assessment and missing the coupling between
. scheduling with PV/EV and DR~ weather-driven fault probability
uncertainty . .
estimation and targeted ER
Rainstorm-driven BP-based fault probability + weftr}li;t(}-ai}? lir;l;i%?{if)(t:::n:te d
This work disturbance with regional =~ LA-coordinated BAC/DP/EV ! 1% Y, targ
s L . ER, and coordinated multi-load
risk identification emergency regulation

optimization

Neural networks are mathematical models inspired by biological neural systems and
are widely used for distributed, parallel information processing. They process information
by adjusting connection weights among many interconnected nodes. A key feature is
their ability to learn from data and encode learned knowledge in synaptic (connection)
weights [17]. Based on the information-flow direction, neural networks can be broadly
categorized into feedforward networks, recurrent (feedback) networks, and graph neural
networks. Feedforward networks have a relatively simple structure and are widely used.
Among them, the backpropagation (BP) neural network is a multilayer feedforward net-
work popularized by Rumelhart, Hinton, and Williams in 1986. It is trained using the error
backpropagation algorithm and remains a widely adopted and versatile learning method.

Recent studies have increasingly applied neural networks to short-term load forecast-
ing by incorporating exogenous variables and advanced architectures. Morais et al. [18]
compared shallow and recurrent neural networks for short-term load forecasting using
global climate model outputs as inputs and showed that recurrent architectures can capture
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climate-driven load variability. To enhance feature extraction and model tuning, Wang
et al. [19] proposed a hybrid SSA-CNN-LSTM framework that jointly optimizes signal
decomposition, convolutional feature extraction, and temporal modeling. Furthermore,
attention mechanisms have been introduced to adaptively weight influential inputs under
dynamic operating conditions. Wan et al. [20] developed an attention-augmented Long
Short-Term Memory (LSTM) forecasting model to capture time-lag effects and nonlinear
interactions in power-plant load dynamics.

Beyond forecasting, neural networks have been extended to demand response decision-
making. Fraija et al. [21] proposed a deep reinforcement learning-based dynamic pricing
framework to enable adaptive price-based demand response under market and supply
constraints. In addition, recent studies have combined deep learning with decision-making
and optimization methods to improve demand response performance. In particular, deep
reinforcement learning-based demand response frameworks have been developed to co-
ordinate dynamic pricing with user-side flexibility, enabling adaptive load adjustment
under uncertainty (e.g., load fluctuations and external disturbances) [22-24]. These stud-
ies demonstrate the effectiveness of neural network-based demand response models in
reducing peak load and improving operational efficiency.

Notably, extreme weather events are often localized and short-lived; meteorologi-
cal drivers can emerge abruptly and intensely, causing rapid impacts on people and the
environment. For example, storms can strike a region intensely within a short time win-
dow [25]. This study adopts a BP neural network to reduce training time and leverage its
flexible structure for nonlinear modeling. Moreover, BP neural networks are mature and
widely used. Owing to their learning and generalization capability, they can, in theory,
approximate arbitrary nonlinear functions [26]. They can incorporate meteorological factors
and adaptively adjust network weights and biases, thereby improving predictive perfor-
mance. They can also be integrated with other algorithms to achieve specific modeling
objectives [27].

To support resilient and low-carbon grid operation under rainstorm-driven distur-
bances, we develop a rainstorm-informed emergency-regulation framework based on
multi-load aggregation. The main contributions are summarized as follows:

1.  To quantify heterogeneous demand-side flexibility and support dispatch under emer-
gency regulation, we develop a multi-load aggregation framework for building air-
conditioning (BAC), Distributed Photovoltaic (DP)/PV, and EV resources. We also
propose a response-capability function that distinguishes response levels and enables
implementable flexibility assessment and dispatch.

2. To establish a data-driven mapping from rainstorm conditions to operational fault
risk for emergency triggering, we develop a backpropagation (BP) neural network to
estimate regional fault probabilities using rainstorm-related meteorological variables.
The model is validated using a representative rainstorm event in Southern China. The
estimated fault probabilities support emergency triggering and spatial prioritization,
thereby enabling differentiated and targeted regulation.

3. To enable actionable emergency regulation that coordinates multiple aggregated
resources and promotes user participation, we propose an incentive-driven load-
aggregator (LA)-coordinated regulation and allocation strategy. The proposed end-to-
end workflow is validated through case studies and detailed analyses, demonstrating
the benefits of coordinated multi-load participation in emergency response.

2. Demand Side Multiple Load Model and Characteristics

As shown in Figure 1, demand-side flexible resources are categorized into four groups:
flexible loads, distributed generation, electric vehicles, and energy storage.

https:/ /doi.org/10.3390/app16020952


https://doi.org/10.3390/app16020952

Appl. Sci. 2026, 16, 952

5o0f 34

Demand side flexible
resources

V B V ¥
Flexible load o Electric Vehicles Energy Storage
v Po;ver v v
Interruptible load Sombined beatand Official Cars Lead-acid batteries

power generation

Lithium iron

Transferable load Distributed PV Private Car ’
phosphate batteries

Reduction load Wind Power Buses Heat storage unit

Figure 1. Demand side flexible resource classification.

2.1. Flexible Load Aggregation Model

Flexible loads typically respond to grid control signals or electricity price signals.
Based on their response mechanisms, flexible loads can be classified as incentive-based or
price-based demand response resources. Temperature-controlled loads represent a typical
class of flexible loads.

(@) Incentive demand side resource aggregation model

The incentive-based demand response mechanism is activated when the power system
is at risk of collapse. Eligible users are encouraged through financial incentives to respond
to operator signals by adjusting their energy-use behavior [28]. Based on these principles,
the aggregation model is formulated as follows:

Py =) P (1)
j€]

P2 <P <pP

t] min t,] max

(2)

where P!B is the actual responsible power of user j participating in incentive demand
tj % P JP p g

response in period ¢; and are the minimum and maximum values of the

IB,min 1B, max
P, P
power range that user j can respond to, respectively; j refers to the collection of users

participating in incentive demand response.
(b) Demand side resource aggregation model

The price-based demand response mechanism reflects system operating costs through
market pricing and guides users to adjust consumption by exposing them to time-varying
prices, thereby enabling efficient allocation of demand-side resources [29]. Based on these
principles, the aggregation model is formulated as follows:

PB PB
Py =) P 3)
iel
PB PB PB
Pt/j min < Pt'i < Ptrj max (4)

where P/P is the actual responsible power of user i participating in incentive demand

PB,max
P t,i

and are the minimum and maximum

response mechanisms in time period t; PtPiB Amn

values of the power range that user i can respond to, respectively. i refers to the collection
of users participating in incentive demand response.
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(c) Temperature control load aggregation model

A temperature-controlled load has two operating states: on and standby. When the
controlled temperature deviates from its setpoint, the device switches from standby to
on mode. Air conditioners are typical temperature-controlled loads that provide both
cooling and heating. In practice, heating technologies are diverse, whereas cooling is
typically dominated by air-conditioning systems. Therefore, this study considers building
air-conditioning loads as the study object.

The air-conditioning load model is established using a thermodynamically equivalent
representation based on energy conservation among outdoor temperature, indoor tem-
perature, and Heating, Ventilation, and Air Conditioning (HVAC) power. According to
thermodynamic principles [30], the model incorporates indoor and outdoor temperatures,
thermal capacitance, thermal resistance, and the energy—efficiency ratio. Typically, air-
conditioning loads with regulation potential are aggregated using multiple air-conditioning
models. Under a common temperature setpoint within a building and heterogeneous
air-conditioner parameters, all units share the same steady-state state variable Toys.

2.2. Electric Vehicle Aggregation Model

An electric vehicle aggregator (EVA) is an aggregation service provider that manages
vehicle-to-grid (V2G) and grid-to-vehicle (G2V) strategies. It guides electric vehicles to
adopt optimal electricity-consumption strategies via demand-side resource management,
day-ahead market declarations, and real-time intra-day regulation.

The aggregated charging and discharging power of the EVA is derived from the
summation of individual electric vehicle (EV) behaviors, adjusted by their respective
conversion efficiencies:

EVA,ch __ EV,ch_EV,ch
P =) Py gy (5)
veV
PEV,dis
PEVA,dis _ t, ( 6)
t - EV,dis
veV No

PFVA'Ch and PtEVA’dlS

where v denotes the set of electric vehicles. represent the charging

and discharging power of the v-th EV at time ¢, respectively. The parameters USV'Ch and

Usv'dis correspond to the charging and discharging efficiencies. Consequently, PthY N and

PthY s Jenote the total aggregated power on the EVA side.

The dynamics of the total energy stored within the EVA are modeled by considering
the previous energy state, the net power exchange, and the energy variations caused by
vehicle mobility:

EFVA = EFVA 4 PPV Ar — PRV A )
+ EFVA,arr . EFVA,dep

EVA
E t

where signifies the total energy stored in the aggregator at time ¢, and A¢, is the

scheduling time interval. The terms Ef " and E;EVA'dep

account for the energy capac-
ity changes due to EVs connecting to (arriving) and disconnecting from (departing) the
aggregator, respectively.

To ensure safe operation, the aggregated power and energy states must strictly adhere

to the physical boundaries defined by the fleet’s collective capability:

EVA,ch EVA,ch _ EV,ch_EV,ch
0 S Pt S Pt,max - Z Pt,max My (8)
veV
EV,dis
EVA,dis EVA,dis __ t,max
0= Pf = Pf,maX - EV.,dis (9)
veV Mo
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EFVA,D’I]'II S EFVA S EfVA,max (10)
where PEYA and pEVAAIS represent the maximum aggregated charging and discharging

power limits, derived from the individual EV limits PEY" and PEY-4. Finally, EFVAmIn

and E;EVA’maX define the lower and upper bounds of the EVA’s adjustable energy capacity
at time £.

2.3. Electric Storage Aggregation Model

Distributed energy storage also relies on flexible charging and discharging. Unlike
electric vehicles, its charging and discharging behavior is directly controlled by the aggre-
gator and is not affected by external factors [31]. The aggregation model for distributed
energy storage is given by (11)—(14):

G = Eg+ (15! Plgen — Péfo )At (11)
st

Estmin < E < Estmax (12)

0< Pstt,ch < UstPst;max (13)

0<Pp stt,dis < (1 — pst) Pstymax (14)

where E!, denotes the energy storage capacity at time t; P, , and P!

st,ch < t,dis
dis

ing and discharging power at time t, respectively; 75 and 7% denote the charging and

denote the charg-

discharging efficiencies, respectively; and Est, max denote the lower and upper bounds of
the storage capacity, respectively; Ps; max denotes the maximum power for a single charge
or discharge; and p5; denotes the binary charging/discharging state, taking 1 for charging
and 0 for discharging.

2.4. Distributed Power Aggregation Model
(a) Wind turbine output model

Wind power output depends primarily on wind speed and air density and exhibits
piecewise behavior with changing wind speed [32]. The wind turbine output power at time

t . .
t, denoted as P, 4, is given by
0 0 < vt < Vin, V¢ > Vout
t
Pwind = %CPPVL‘?)A Uin < 0t < Un (15)
Prwind Un < Ut < Uout

where p denotes air density, v; is the wind speed at time ¢, and A is the rotor swept area.
Uin, Yout, and Cp are the power coefficients representing the aerodynamic efficiency of the
turbine. The variable v, denote the cut-in, cut-out, and rated wind speeds, respectively;
P, wind is the rated power of the wind turbine. The turbine does not operate when v; < v;,,
or vy > Uoyt. When vy, < v40,yt, the turbine operates at rated power.

The aggregated output power of the wind turbine cluster is

N
P, \fvind,sum = Z P, ‘i/ind (16)
n=1

where N is the number of wind turbines in the cluster.

(b) Photovoltaic output model
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Based on the photovoltaic effect, the PV unit output power is expressed as [33]

PtDP = [1 - ’YDP(Tair + W&,DP - Tref)]

(17)
#1ord:, pPSDP NDP

where ypp is the temperature coefficient; T,;, is the ambient temperature; T, is the
nominal operating cell temperature; T, is the reference temperature; 7pp is the reference
efficiency; 6; pp is the irradiance at time ¢; Spp is the area of a single PV panel; and Npp is
the number of PV panels.

2.5. Quantitative Analysis of Emergency Demand Resources

In urban power grids with multiple responsive load groups, the effectiveness of
emergency demand response (ER/EDR) depends not only on how much adjustable capacity
can be provided, but also on how fast and how long the response can be sustained, and how
reliable the response is in practice [34]. These attributes are widely used to characterize
and accredit reliability-oriented demand response resources in market/operational practice
(e.g., requirements on reaching full curtailment within a specified time and sustaining the
response for several hours), and they are also consistent with common measurement-and-
verification (M&V) considerations for demand response performance [35,36]. Therefore,
we quantify each load group using four key attributes: response speed, response capacity,
maximum response duration, and response reliability.

1.  Response speed S is defined as the adjustable capacity delivered per unit time follow-
ing receipt of dispatch instructions. High-performance resources typically respond
within 5 min, whereas standard resources respond within 5-30 min. Flexible loads
typically respond in more than 10 min. PV plants, wind farms, and electric vehi-
cles typically respond within seconds to tens of seconds after receiving dispatch
instructions. Energy storage resources can respond within milliseconds.

2. Response capacity P denotes the maximum adjustable power (load reduction and/or
net injection) that a resource can provide during ER, which directly determines the
maximum contribution to emergency balancing.

3. Maximum response duration t,,y reflects the maximum continuous time that the
resource can sustain the ER response without violating operational constraints; this
attribute aligns with reliability DR designs requiring sustained response periods (e.g.,
at least several hours).

4.  Response reliability &, € [0,1] characterizes the controllability and the likelihood that
a resource can be successfully converted from “available” to “dispatchable” during
ER events. In this work, ¢, is quantified using the historical participation/success
probability derived from past ER activations and M&V records.

The time-varying response capability of the i-th load group is modeled as a trapezoidal
profile (Figure 2). This profile delineates the Emergency Response (ER) process into three
distinct phases: ramp-up, stable delivery, and ramp-down/exit [37]. The response power
output, P;(t), is formulated as the following piecewise function [38]:

Pi=5,6(t—t) h<t<h
P, =P ty <t <t

Pi(t) _ i i,max 2 > 3 (18)
P =S5q4Gr(ts —t) t3<t<ty

0 otherwise

where P; ., denotes the maximum deliverable capacity. The time points t1, t, t3, and ¢4
define the boundaries of the response window. The intervals [t1, t,] and [t3, t4] correspond
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to the ramp-up and ramp-down periods, respectively. Their slopes represent the product of
the nominal rates (S, ;, S; ;) and the response reliability coefficient ¢,. Finally, the duration
of the stable delivery phase is defined as ¢,y = t3 — to.

A
P
| i, max
J I /A —
R
tmax

11 2

Figure 2. Trapezoidal function diagram.

3. Calculation of Fault Probability Based on BP Neural Network

Building upon the aggregated modeling of flexible resources in Section 2, it is impera-
tive to address the pronounced spatiotemporal heterogeneity of grid risks intensified by
extreme weather. Neglecting such spatial variations may precipitate resource misallocation
and compromise regulatory efficacy. To this end, this chapter proposes a BP neural network-
based approach to quantify fault probabilities by correlating meteorological variables with
historical fault records. These probabilistic estimates facilitate the precise identification of
high-risk zones and constitute the foundational input for the risk-oriented optimization
framework detailed in Section 4.

3.1. Overall Methodological Framework

The proposed framework establishes a closed-loop methodology integrating rainstorm-
driven fault risk identification with the coordinated emergency regulation of demand-side
flexible resources. As illustrated in the workflow in Figure 3, the process commences with
the construction of a unified dataset, synchronizing and normalizing historical demand
response records with meteorological observations. Key meteorological features, including
wind speed, precipitation, and lightning intensity, are extracted to train a backpropagation
(BP) neural network. This model quantifies the spatiotemporal heterogeneity of grid risks,
outputting regional fault probabilities that trigger subsequent decision-making.

Figure 4 depicts the proposed framework as a hierarchical functional model compris-
ing three logical tiers. At the data sensing and identification tier (Level 1), the BP model
processes multi-source inputs to generate real-time risk trigger signals. In the decision
tier (Level 2), the load aggregator (LA) utilizes these signals to activate dynamic resource
pooling for quantifying available BAC, PV, and EV capacities, followed by coordinated
emergency optimization. The workflow culminates at the execution tier (Level 3), where
the LA issues optimized dispatch instructions to flexible resources for system regulation.
Critically, the framework incorporates a closed-loop feedback mechanism (Figure 4, right
panel), which continuously monitors resource availability and regulation effects to update
the system state and risk model amidst evolving weather conditions. Section 5 validates
the framework’s effectiveness, accounting for scenario-dependent constraints such as PV
curtailment and EV connectivity limits.
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Figure 3. End-to-end workflow from data acquisition and fault-probability estimation to high-risk
area identification and multi-load emergency regulation optimization.

Level 1: Data Sensing & Risk Identification

Multi-source
Data Inputs

BP Neural Network Model

Risk Trigger Signa

Level 2: LA-based Decision & Optimization

Dynamic Resource Pooling Coordinated Emergency Optimization Closed-loop
Available BAC, PV, EV Allacation Algorithms (Stgtfﬂzgg:‘e "
Reg. Effect)

Optimized Dispatch Instructions

Level 3: Execution & Response

Flexible Resources Execution

Actual System Regulation

Figure 4. Structural-functional model of a closed-loop emergency demand-side response framework.

3.2. Rainstorm Scenario and Meteorological Factors

Rainstorm events are used in this study as a representative extreme-weather distur-
bance scenario. To quantify weather-driven impacts on grid operation, four meteorological
variables are selected as inputs for regional fault-probability estimation: wind speed, rain-
fall intensity, lightning warning level, and ambient temperature. Wind speed and rainfall
intensity indicate the intensity of atmospheric motion and precipitation and are closely
associated with flooding and equipment exposure risk [39]. Lightning warning information
is included because lightning-related alarms are widely used in storm emergency oper-
ating plans. Ambient temperature is included to capture the coupled effects of weather
conditions on equipment status and demand-side response.

In addition to affecting fault risk, the selected meteorological variables also shape
demand-side load and flexibility during rainstorms. Ambient temperature affects BAC base-
line demand and the feasible curtailment margin. Wind and rainfall conditions contribute to
renewable-generation uncertainty, for example, by reducing PV irradiance. Severe-weather
warnings can affect EV availability and the controllability and reliability of demand-side
response. Accordingly, we updated the effective response-capacity and reliability parame-
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ters of the aggregated multi-load portfolio for each rainstorm scenario before solving the
emergency-regulation optimization problem.

The meteorological variables are aligned with the demand-side response time-series
using the same scheduling interval At and are then normalized before model training. An
initial feature set is constructed from these four variables, and their relevance is further
evaluated using the correlation analysis and feature-screening procedure shown in Figure 4.
These variables form the meteorological input vector x; = [x;1, Xjp, Xj3, Xi4] for the back-
propagation (BP) neural network in Section 3.3, whose output is the regional (or line/area)
fault probability P;.

3.3. BP Neural Network Model Based on Meteorological Elements

This section presents a BP neural network-based method for estimating regional fault
probabilities under rainstorm conditions. Because grid faults during extreme weather are
influenced by multiple meteorological variables and their relationships are typically nonlinear,
a data-driven neural network is used to learn the mapping from meteorological inputs to fault
outcomes from historical observations. The proposed procedure includes data preprocessing
and feature reduction, BP network construction and training, and fault-probability calculation
with meteorological data encoding, as described in Sections 3.3.1-3.3.3.

3.3.1. Data Processing and Feature Reduction

Figure 5 illustrates the system framework for BP-neural-network-based fault-probability
calculation. Historical demand-side response data and meteorological data are prepro-
cessed to construct the modeling dataset. Correlation analysis is employed to identify
meteorological factors that are strongly associated with demand-side response behavior,
thereby forming the initial feature set.

( Historical data of demand side and meteorological characteristics )
Data sample

Data construction
preprocessing
Historical demand side response Historical data of meteorological characteristics
Correlation analysis

Screening of meteorological features Historical demand-side response time series data

| —>{ Meteorological feature set ‘

l Training set, check set and test set panition‘

i
I
I
i
[ Sublset 1 | Sublset 2] Sublsetn] !
i
|
I
I

5 e BP neural network design: number of
The optimal subset was calculated according to the BP neural
d desid dicti It layers, number of neurons per layer, type of |
AN SIdPIECICHONTOSTTS activation function, learning rate network }
training |

[ The optimal set of this cycle ] [ Historically optimal set ]

BP neural network training and testing:
Fault probability calculation

l Comparison of prediction results ]

Whether the cyclic optimal set T
better than the historical optima

’ Demand side prediction network ‘

¥

Demand response sequence

calculation based on target prediction | pediction
_4 Update the historical best set and replace the and
meteorological feature set ’ Anti-normalization evaluation

featun:e meteorological feature set, forecast
reduction results and evaluation indicators

Meteorological tput the current forecast network 1
Compare the forecast results with the

actual demand response

Figure 5. Data processing and modeling framework.

To reduce redundancy and improve predictive performance, an adaptive meteoro-
logical feature-reduction mechanism is used to iteratively identify the optimal feature
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subset. Candidate feature combinations are evaluated based on predictive performance,
and the optimal subset in each iteration is compared with the best subset obtained so
far. The meteorological feature set is updated when performance improves. After feature
screening, the data are normalized and split into training, validation, and test sets for
BP neural network modeling. The model outputs are denormalized and compared with
the corresponding observations to evaluate model performance. This procedure jointly
optimizes meteorological feature selection and BP neural network learning, providing a
consistent basis for fault-probability assessment.

3.3.2. BP Network Structure and Training:

BP neural networks can learn complex input-output mappings without requiring
explicit analytical formulas [40]. The network is trained using gradient-based optimization
to minimize the mean squared error between predicted outputs and target outputs [41,42].
In this study, the BP neural network is used to learn the nonlinear relationship between
meteorological factors and regional fault risk under rainstorm conditions.

As shown in Figure 6, the BP neural network comprises an input layer, one or more
hidden layers, and an output layer. Neurons in adjacent layers are interconnected, and
each layer may contain one or more neurons.

Error back
propagation

_>.K LN
. . Desired

, ) @< output
: value
A Output
Input implicit layer
layer layer

Figure 6. BP neural network topology structure.

The BP learning process consists of two stages. In the first stage (forward propagation),
the input signal is transmitted sequentially through the input, hidden, and output layers. In
the second stage (error backpropagation), the difference between the network output and
the target output is treated as an error signal and propagated backward from the output
layer. By iteratively updating interlayer weights and biases, the training error is reduced
until the required accuracy is achieved.

3.3.3. Fault Probability Calculation and Data Encoding

For an urban power grid divided into multiple areas, the fault probability of each area
under meteorological influences can be estimated from historical data. A commonly used
expression is given as follows:

P; = P(yi|xi1, Xip, xi3,) # 1 — H;;(l — P(yi|xij)) (19)

where i represents the number of urban power grid areas, which can be divided in different
ways; y; represents the event of a fault in the ith area, x;; represents the wind speed in the
ith area, x;, represents the rainfall intensity in the ith area, and x;3 represents the lightning
warning information in the ith block; the temperature of the ith region of x;4.

However, in practice, multiple meteorological factors act simultaneously and are
not independent, making it difficult to obtain accurate fault probabilities using analytical
modeling alone. Therefore, this paper employs the BP neural network model consider-
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ing multiple meteorological elements to calculate regional fault probability, as shown in

Figure 7. In the model, the input layer contains four neurons corresponding to wind speed,

rainfall intensity, lightning warning information, and temperature, and the output provides

the estimated fault probability for the target area.

Error back
propagation
-—
Wind speed —»
Rainfall intensity » .

. . . . Failure
Lightning Warning . >.—> probability

Information

Temperatures —I>

nput implicit Output
layer layer layer

Figure 7. The BP neural network model considering meteorological elements.

Considering that the amount of fault-related meteorological data obtained in practical

grid operation may be limited, a hierarchical encoding (discretization) strategy is adopted

to improve model applicability. The value ranges for each neuron are listed in Table 2.

Table 2. Neuron value range.

Meteorological Factors Range of Values
Wind speed 0,1,2,3,4
Rainfall intensity 0,1,2,3,4
Lightning warning information 0,1,2,3
Temperatures -1,0,1,2,3

@

@)

®)

The physical meanings corresponding to each value are as follows.

Wind speed: When the wind speed is 0 m/s, the corresponding value is 0; at
(0, 2] m/s, the corresponding value is 1; at (2, 5] m/s, the corresponding value
is 2; at (5, 10] m/s, the corresponding value is 3; and above 10 m/s, the corresponding
value is 4.

Rainfall intensity: When the total precipitation within 24 h is 0 mm, the value is 0; at
(0, 20] mm, the value is 1; at (20, 50] mm, the value is 2; at (50, 100] mm, the value is 3;
and above 100 mm, the value is 4.

Lightning warning information: If there is no lightning warning information, take 0;
take 1 for yellow warning information; take 2 for orange warning information; take 3
as the red warning information.

Temperature: When the temperature is less than —5 °C, the corresponding value is
—1; at (=5, 5] °C, the value is 0; at (—5, 20] °C, the value is 1; at (20, 35] °C, the value is
2; above 35 °C, the value is 3.

Accordingly, the fault probability estimation process is summarized as follows.

Collect and encode data: convert historical fault-related meteorological observations
into encoded neuron values according to Table 2.

Train the BP network: input the encoded historical samples into the BP neural network
for training, and update weights via error backpropagation until a stable network
with acceptable error is obtained.

Estimate fault probability: encode the meteorological conditions of the target day and
input them into the trained network to obtain the fault probability of each area under
the current rainstorm weather.
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After determining the fault probability, emergency regulation strategies can be planned
in advance for areas with high fault risk.

4. Emergency Regulation Method Based on Demand Side Flexible
Resource Aggregation

Building on the rainstorm-driven fault-probability estimation in Section 3, this section
proposes an emergency regulation method to mitigate operational risk in high-risk areas.
The predicted fault probabilities are used to trigger ER and guide regulation priorities.
The proposed method is formulated as a two-level optimization mechanism between the
load aggregator (LA) and user groups. At the upper level, the LA determines incentive
signals and schedules, and at the lower level, user groups respond by adjusting their
operating schedules.

4.1. Framework Overview and Two-Level Interaction Mechanism

To align with user interests, the load aggregator (LA) integrates demand-side flexi-
ble resources and enables market-based transactions [43]. Specifically, user interests are
protected by ensuring that participation yields economic benefits (e.g., reduced expected
energy cost and/or incentive revenue) without violating comfort and operational con-
straints [11]. Accordingly, the LA adopts an incentive-based participation mechanism and
coordinates heterogeneous flexibility across user groups (e.g., BAC, DP, and EV), rather
than enforcing mandatory curtailment at the individual level [12]. Under the pricing signals
released by the independent electricity operator (IEO), the LA optimizes time-coupled
energy procurement and settlement across different periods and coordinates emergency
regulation by allocating incentives and dispatch responsibilities according to realized
contributions [44]. Building on the analysis and modeling of demand-side multi-load
characteristics in Section 2, this section develops models for the LA and demand-side users
to support emergency regulation [45]. Figure 8 first presents the logical structure of the
proposed emergency regulation framework.

The Core Mechanism
(The Bilevel Loop)

|
I .
Multivariate Load | ! Upper Level:
Modeling | Load Aggregator (LA)
(Section 2) ]

Execution & Output

IEO Pricing & (BAC, PV, EV)
Risk Signals L o
Objective: Maximize User Benefits

Figure 8. Logical structure of the emergency regulation framework.
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| | Incentive Response Solver
| | Price Power »
I : Signals Schedule ' Optimal
| Iterative .
! ! Algorithm Incentives &
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|
| |
| |
|

The LA aims to minimize expected economic loss and sends a price signal x to the
user group. In response, the user group adjusts its power schedule to maximize its benefit
and reports the resulting response load y to the LA. This iterative process continues until
the LA achieves the expected load target [46]. Notably, the “user group” in Figure 9 can
represent different participant types (e.g., a single load type or large-scale users) and is not
limited to a single group.

https:/ /doi.org/10.3390/app16020952


https://doi.org/10.3390/app16020952

Appl. Sci. 2026, 16, 952

15 of 34

Load Aggregator (Leader)
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e  Objective: max Utility (Maximize User Benefits)
e Action: Schedule Power Consumption

Figure 9. The bi-level interaction framework based on Leader—Follower logic.

Considering the development context of a representative coastal economic region,
three typical demand-side resources, namely, building air-conditioning (BAC), distributed
photovoltaics (DP), and electric vehicles (EVs), are selected as three user groups.

Figure 10 shows the interaction structure among the LA, the BAC user group, and the
DP user group. To mitigate economic losses, the MES sends price signals to the user groups
via the LA, including BAC, DP, and EV incentives, as shown in Figure 10. Users adjust their
consumption patterns to maximize their benefits and report the resulting response load to
the LA. The upper-level problem aims to minimize the LA’s economic loss and optimize its
regulation strategy under ER. The lower-level problem aims to maximize user-side benefits
by adjusting energy usage. It includes three subproblems: a building air-conditioning
optimization model, a distributed photovoltaic optimization model, and an EV model.

LA

Electricity
generation

B/ S Y

Distributed Photovoltaic

Figure 10. Typical interaction structure between load aggregators and users.

4.2. Upper-Level Optimization Model
4.2.1. Upper-Level Objective Function

When ER is activated, LA takes the expected minimum economic loss as the objective
function, and its economic loss can be subtracted from sales revenue by the sum of electricity
purchase and user incentive compensation costs:

Ni .
min§™A = Y (PFA AL+ CBAC 4 CPP 4 CBY — Ry) (20)
t=1

where N; denotes the total number of scheduling periods. P? " and At denote the purchased

power and its unit price in period t, respectively. At is the scheduling interval. CBAC, CPP,
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and CEY denote the incentive compensation costs for building air-conditioning users,
distributed photovoltaic users, and electric vehicle discharge in period ¢, respectively. R;
denotes the electricity sales revenue of the LA.

Na
CBAC = 1PACY " AP, At (21)

a=1

where 724C is the incentive electricity price for building air-conditioning provided by LA

in period t. N, is the number of building air-conditioning users. AP, is the response load
of user a in period t.

Ny
CPP = PPy Plisat (22)
h=1

where tP? is the electricity price provided by LA to photovoltaic users in period t. Nj, is
the total number of photovoltaic users. P;f’f is the power injected by photovoltaic users into
the power grid in period ¢.

Ny .
CBV =VYy  plisat (23)
v=1

where 77V is the incentive compensation price of LA for electric vehicle users in period ¢.
Ny is the total number of charging stations. ngf is the power injected into the power grid

after the v-th charging station is connected to an EV in period t.

N, Ny
Ry =&[Pas+ ) (Pz?,?se —APy) + Y sz,}ﬂAt (24)
a=1 v=1

where ¢; is the retail electricity price of LA in period t. P;; represents the load demand
of other users in period ¢, with the elasticity coefficient set to 0. Pfjse is the load demand
before the reduction in building air-conditioning in period ¢. Pz‘jht is the charging power of
the v-th charging station in period ¢.

4.2.2. Constraints

The upper-level optimization is subject to three categories of constraints: purchasing
power limits, incentive feasibility, and system-level supply-demand balance.
(a) Purchasing power of IESS

The electricity purchased by the LA from the external electricity supply system (IESS)
is bounded by contractual and operational limits:

pgridmin < Ptgrid < pgrid,max (25)

where P8ridmin and psridmax denote the lower and upper bounds of the LA’s purchasing
power.

(b) Incentive constraint

The incentive prices offered to each user group are nonnegative to ensure economic
feasibility:
T?AC >0, TPP >0, TFV >0 (26)

where T24¢, TPP and t£Y denote the incentive (compensation) prices offered by the LA to

the building air-conditioning (BAC) users, distributed photovoltaic (DP) users, and electric
vehicle (EV) users in period t, respectively. The nonnegativity constraint ensures that the
incentives are economically feasible.
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(¢) Supply and demand constraint

For each scheduling period t, the aggregated supply and demand must be balanced:
id Ny Na

Ptgn + Z dlS Z d1s ch) _ Pd,t+z (P}Z?se _ Apa,t) (27)
h=1 =

In (27), P&" " is the purchased power from IESS. Pgif denotes the PV power injected into
the grid. Pd’s and peh 5.¢ represent the EV discharging and charging power, respectively, so that
szs Pct is the net EV contribution. On the demand side, P;; denotes the inflexible load
of other users, while Pé’/’f‘a AP, is the adjusted building air-conditioning demand after
response. This constraint ensures system-level feasibility by coupling the LA’s purchasing
decision with the aggregated responses of BAC, DP, and EV resources.

4.3. Lower-Level Optimization Model
4.3.1. Building Air-Conditioning Optimization Model

(1) Objective function

For building air-conditioning users, the objective is to maximize their net benefit. The
comfort cost incurred by users participating in emergency demand response is treated as a
loss and is jointly considered with incentive compensation and electricity purchase costs.
Accordingly, the objective is defined as incentive compensation income minus electricity
purchase costs:

Ni
maxSPAC = Y (CBAC — Z ZiPR3seAL) (28)
t=1

SBAC

where is the benefit of the building air-conditioning user group; N; is the num-

ber of scheduling periods; C2A¢

is the incentive compensation income for building air-
conditioning users in period t; {; is the retail electricity price in period t; Pfﬁs‘" is the baseline
power of user 4 in period t; At is the scheduling interval; and N, is the number of building

air-conditioning users.
(2) Constraints

In emergency situations, participating users are assumed to comply with regional
dispatch instructions. Therefore, only the rated power limit of building air-conditioning
is considered:

0 < P base < P BAC,max (29)

where Pp 4c max is the rated power upper limit of building air-conditioning, and Pfjse is the
baseline power of user a in period t.

4.3.2. Distributed Photovoltaic Optimization Model
(1) Objective function
For distributed photovoltaic users, the objective is to maximize net benefit, defined as

incentive compensation income minus the cost of purchasing missing energy from the grid
in the future:

N
maxSPF = Z (CPP — Z &P (30)
t=1
where SPP is the benefit of the distributed photovoltaic user group; CP” is the incentive

compensation income for photovoltaic users in period ¢; Nj, is the number of photovoltaic
users (or photovoltaic units/panels, consistent with your definition); ¢; is the retail electric-
ity price in period ¢; P,f/its is the injected (discharged) power of photovoltaic user / in period
t; and At is the scheduling interval.
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(2) Constraints

The following constraints are imposed to ensure the feasibility of PV discharge and
energy storage operation, including discharge power bounds, storage capacity bounds, and
the corresponding storage-state evolution:

dis DP,max
0 < plis <P
ShDP,mm S Sh?f S ShDP,max (31)
DP _ cDP dis pdis
Shp = Seelf TN P AL
PtDP,max

f is the

electricity storage capacity of the user connected to the h-th photovoltaic panel during

where is the maximum photovoltaic discharge power in period t; SP

period t; S ,? Pmaxand s ,? Pmin are the upper and lower limits of the storage capacity of the

user connected to the hi-th photovoltaic panel; ng} denotes the baseline (self-reserved)

storage term; 7" is the discharge efficiency; and P;fits is the discharge power.

4.3.3. Optimization Model for Electric Vehicles
(1) Objective function

The EV user group maximizes its net benefit, defined as incentive compensation
income minus the electricity cost associated with EV charging and discharging:

N Ny ‘
maxS® = Y (CFY — Y g, PdisAt) (32)
t=1 v=1

where SEV denotes the objective value of the EV user group; N; denotes the number
of scheduling periods; CEV denotes the incentive compensation income in period t; Ny
denotes the number of charging stations; ¢; denotes the electricity price in period t; At is
the scheduling interval; and Pg’"f denotes the EV discharging power at the v-th charging
station in period .

(2) Constraints
To ensure feasible EV operation, the following constraints are imposed.
(a) Charging and discharging power limits and mutual exclusivity
Charging and discharging power are bound, and simultaneous charging and discharg-
ing are prohibited:
0 < Ph < pghvme
0 < Pdis < pylismax (33)
PS} - PgF =0
where Pg@ and ngf denote the charging and discharging power of the EV at the v-th
charging station in period ¢, respectively, and PS"™ and P4*™® denote the corresponding
maximum charging and discharging power limits.

(b) The aggregated charging and discharging power across all EVs are limited by the
station capacity:

< e
Uﬁvl dis dis,max (34)

vgl P u,t <h EZ
where PZ5™ and PZ5™ are the maximum aggregated charging and discharging power
of the charging station, respectively.
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(c) EV storage dynamics and capacity bounds
The EV energy storage state evolves with charging and discharging actions and is

bounded by capacity limits:

dis
EV _ cEV ch pch P et
Sup = Sv,t—l + gy Py At — s

SSV,mm < SE}I < SZI:ZV,max

(35)

where SEY denotes the EV energy storage (state of charge) at the v-th charging station in
period t; SE,‘tCl denotes the storage state in the previous period; 7€}, and 75 denote the
charging and discharging efficiencies, respectively; and S5""™" and S5V are the lower
and upper storage bounds, respectively.

(d) Arrival and departure energy requirements

The arrival and departure energy requirements are enforced to reflect travel constraints:

BV ini
Sy = 5o (36)
EV,ex

Sz%ep > gEVexp

where SE/‘{W and SEV p denote the EV energy storage upon arrival and departure, respec-
tively; and SEVini and S5"**" are the initial energy storage and the target energy storage

upon departure, respectively.

4.4. Model Calculation Method

Figure 11 summarizes the scheduling process for aggregating demand-side flexible
resources under rainstorm conditions.

BP neural network to calculate
high probability fault areas

Power companies carry out ER
announcement of demand hours
and demand loads

/

LA announces response program
and incentive tariffs

User declared willingness to
respond

LA determines the response
capacity and tariff based on the
objective function

Users choose to sign a contract
according to their own interests

Figure 11. Schematic diagram of the scheduling process.

Step 1: Upon issuance of a weather warning, a backpropagation (BP) neural network
is trained on historical data to identify areas with high fault probability. The power utility
then selects high-risk areas to activate emergency response (ER) and notifies the load
aggregator (LA) of the demand period and required load.

Step 2: The LA provides response options and corresponding incentive rates to the
three user groups. Users select response periods and response quantities based on operating
conditions and submit their participation declarations.
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Step 3: Based on the number of participating users, the LA determines the aggregate
response capacity and incentive prices to minimize its expected economic loss.

Step 4: Based on the clearing results, the LA signs contracts with participating users
specifying the response period, response capacity, response option, and compensation
method. After contract execution, load dispatch is implemented on the warning day to
coordinate the three user groups and satisfy grid requirements.

Compared with other multi-objective optimization methods, NSGA offers three ad-
vantages: diversity preservation, efficient Pareto-front generation, and scalability. By
combining genetic operators with diversity-preserving strategies, NSGA maintains popula-
tion diversity, thereby improving exploration of the solution space. It generates multiple
non-dominated solutions and constructs a Pareto-front, enabling decision-makers to per-
form trade-off analysis. NSGA also adapts to problems with diverse constraints and
multiple objectives, demonstrating strong scalability. Therefore, in this paper, Latin hy-
percube sampling (LHS) [47] is integrated with particle swarm optimization (PSO) [48]
to improve the diversity of the initial population. LHS enables efficient sampling over
variable ranges, allowing the initial particles to cover the feasible region more uniformly.
Mutation operators and search strategies are incorporated to further enhance population
diversity during optimization.

First, a linear weighted-sum method assigns weights to each objective, thereby trans-
forming the three lower-level sub-objectives into a single-objective optimization problem:

EF = f i fimin
= JLJimin

f imax — f imin
where F; is the normalized value of the i-th objective function in the lower layer, and f; is
the corresponding objective function.

(37)

maxS = w151 + wyrSy + w3S3 (38)

where S1, S, and S3 denote the three objective terms, and w; = wp = w3 = 1/3.
Then the bi-objective optimization problem is solved using particle swarm optimiza-
tion, as follows.

(1) Initialize the population: Encode the decision variables in the optimization problem
(building load reduction, DP output, and EV output) into an individual x and ini-
tialize the population. Meanwhile, use the capacity of each device as an input to
the algorithm.

(2) Evaluate fitness: For each individual x, calculate its fitness in the population. In a
bi-objective optimization problem, fitness can be obtained by taking the target value
of the penalty function as the fitness of individual x. The smaller the fitness, the better,
and consider inverting the fitness value to better match the selection operation.

(8) Selection operation: Based on a fitness-proportionate selection strategy, select indi-
viduals for crossover and mutation. The selection probability of each individual x is
calculated as follows:

Py = (39)
Y E
x=1

where P, is the probability of individual x being selected, N is the number of individ-
uals in the population, and fy is the fitness of individual x.
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(4) Latin-hypercube-sampling-based crossover: Two individuals are selected for crossover
to generate offspring. The crossover formula is as follows:

{:

where x/ and x; denote the offspring generated by crossover, and b and b" are random

= xi(l — b) er]'b

= x]'(l —b) + x;bt (40)

— NN

numbers drawn from [0, 1].
(5) Mutation (variation) operator: Variation is introduced into the offspring to enhance
population diversity. The variation formula is as follows:

) X+ A(xi — Xmax)g(h) rand > 0.5 (1)
" xi+ A(xmin — x)g (k) rand < 0.5/
g(h) =s(1 —h/Gmax) (42)

where Xpin and xmax are the lower and upper bounds of x;, respectively; rand is a
random number drawn from [0, 1]; s is a random number; & is the current iteration
index; and Gmax is the maximum number of iterations (generations).

(6) Iterative optimization: Selection, crossover, and mutation are repeated until the
maximum number of iterations is reached. In each iteration, a new set of individuals
is generated and the population is updated.

(7)  Output results: After the iterations, output the final population, which contains candi-
date solutions to the optimization problem. Depending on operational requirements,
the optimal solution can be selected from the final population, or multiple candidate
solutions can be provided as feasible alternatives.

The parameter settings involved in the above steps (e.g., crossover probability, muta-
tion probability, and population size) can be adjusted for specific problems and validated
experimentally to improve algorithm performance. In addition, the execution time and con-
vergence behavior are evaluated to ensure the effectiveness and reliability of the algorithm.

5. Case Study and Data-Driven Validation Under Rainstorm Conditions

This section presents a case study on the IEEE 30-bus system to validate the pro-
posed risk-aware emergency regulation framework. By bridging meteorological data
with demand-side flexibility, the study demonstrates an end-to-end process: identifying
high-risk areas via a BP neural network and coordinating heterogeneous resources (air
conditioning, PVs, and EVs) through a two-level mechanism. The analysis evaluates
the framework’s ability to satisfy emergency constraints while optimizing the economic
trade-off between aggregators and users across multiple scenarios.

5.1. Datasets and BP Model Training

This subsection describes the real-world meteorological observations and the cor-
responding fault outcomes used to train the BP neural network for rainstorm-driven
fault-probability estimation. All observations are synchronized to the scheduling interval
At and preprocessed through cleaning and normalization to ensure temporal consistency.
The trained BP model is then used to infer regional (or line-level) fault probabilities un-
der specified rainstorm conditions, providing the risk signals that trigger an emergency
response and determine regulation priorities in the subsequent case study.
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5.1.1. Historical Data for Training

The BP neural network is trained on a long-term real-world dataset collected from
a completed provincial research project in Jiangsu Province, China. The dataset covers
13 prefecture-level cities and includes over 40 years of meteorological observations from
61 China Meteorological Administration (CMA) stations. Raw station measurements are
processed using spatial interpolation and statistical analysis to derive region-level meteoro-
logical features relevant to grid operation and extreme-weather risk characterization.

In this study, rainstorm conditions are described by four key meteorological variables:
wind speed, rainfall intensity, lightning warning level, and ambient temperature. These
variables are consistently available in the historical records and collectively represent
storm intensity, precipitation-related exposure, lightning-induced disturbance risk, and
temperature-dependent operational stress. To demonstrate the representativeness of the
dataset under extreme conditions, Figure 12 summarizes percentile-based severe-weather
statistics for the 13 cities, including the top 1% annual maximum mean surface wind speed
and the top 1% annual maximum hourly rainfall intensity. In addition, Figure 12c and
Table 3 report city-level maximum and minimum temperatures for representative large-,
medium-, and small-year conditions. These statistics support the definition of typical and
extreme meteorological inputs for model training and subsequent inference.

: Suzhoy -;G
1 -
(a) (b) ()

Figure 12. Long-term extreme-weather statistics of Jiangsu Province used for BP model training.
(a) Top 1% annual maximum mean surface wind speed across 13 prefecture-level cities (m/s).
(b) Top 1% annual maximum hourly rainfall intensity across 13 prefecture-level cities (mm).
(c) Average annual minimum temperature under representative large-, medium-, and small-year
conditions (°C).

To further illustrate the temporal variability captured by the dataset, Figure 13 pro-
vides a representative city-level time-series example under rainstorm conditions, such as the
sustained wind-speed profile of Yancheng and the rainfall-intensity profile of Lianyungang.
For supervised learning, meteorological observations are synchronized to the scheduling
interval At and paired with corresponding regional reliability outcomes to form training
samples. After standard preprocessing (data cleaning, missing-value handling, and nor-
malization), the dataset is used to learn the nonlinear mapping from rainstorm-related
meteorological conditions to regional (or line-level) failure probability. Once trained, the
BP model is fixed and used as an offline risk-estimation module to infer fault probabilities
for specified rainstorm inputs in the case study.
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Table 3. Temperature statistics table for prefecture-level cities in Jiangsu Province.
Gi Large-Year Large-Year =~ Medium-Year Medium-Year = Small-Year Small-Year
1ty T Tmi T Tmi T Tmi

max min max min max min
Changzhou 421 —6.8 38.7 —6.0 35.3 —5.1
Huai’an 38.6 -13.1 35.5 -10.2 32.3 -7.3
Lianyungang 39.3 -9.6 36.1 —74 329 —-53
Nanjing 39.5 -9.1 36.3 =79 33.1 —6.8
Nantong 38.8 -11.0 35.6 -9.4 32.5 -7.7
Suzhou 39.7 —8.7 36.5 —7.3 33.3 —6.0
Sugian 40.1 -7.3 36.8 -6.0 33.6 —4.8
Taizhou 39.5 -12.9 36.3 -10.4 33.1 —7.8
Wuxi 39.4 —8.8 36.2 —7.4 33 -5.9
Xuzhou 41.3 -9.8 37.9 —7.8 34.6 -5.9
Yancheng 38 —14.8 34.9 —11.6 31.8 -85
Yangzhou 38.5 -5.3 35.4 —4.6 32.3 -39
Zhenjiang 39.9 -7.0 36.7 -5.7 334 —4.4

Wind speed (m/s) Yancheng city continuous wind speed curve
20

(@)

Rainfall (mm) Lianyungang city rainfall statistics
40

30

20

7 en ¥ - Time period
R Rk R & (h)

Figure 13. Representative city-level meteorological time-series examples under rainstorm conditions:
(a) sustained wind-speed profile of Yancheng; (b) rainfall-intensity profile of Lianyungang.

5.1.2. Data Processing and BP Model Configuration

To prepare the training samples, meteorological observations and corresponding fault
outcomes are first aligned to the scheduling interval At. Standard preprocessing is then
applied, including data cleaning, missing-value handling, and normalization, to ensure
temporal consistency and stable model training. The four meteorological variables (wind
speed, rainfall intensity, lightning warning level, and ambient temperature) are used as BP
inputs, and the model output is the regional (or line-level) fault probability P;.

Table 4 summarizes the training hyperparameters used to implement the BP model.
Model training is performed using the training set, while validation loss is used for early
stopping and model selection. After training, the BP network is fixed and serves as an offline
risk-estimation module to generate fault-probability signals under specified rainstorm
conditions for the subsequent high-risk identification and emergency regulation analysis.

Table 4. Training hyperparameter settings for the BP neural network used in fault-probability estimation.

Training Setting Value
Optimizer Adam
Learning rate 1x1073
Batch size 64
Maximum epochs 500
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Table 4. Cont.

Training Setting Value

Early stopping Enabled (patience = 50 epochs)
Stop if validation loss does not improve for 50 epochs

Stopping criterion (or when max epochs is reached)

Loss function MSE
L2 regularization 1x10~*
Gradient clipping 1
Train/validation/test split 70%/15%/15%
Random seed 42

5.2. Rainstorm Case Definition and Meteorological Inputs

Building on the trained BP-based fault-probability estimator (Section 5.1), this subsec-
tion defines the rainstorm case for validation and constructs the corresponding meteoro-
logical inputs for model inference. Specifically, a representative rainstorm event (or time
window) is selected from historical observations to represent severe weather conditions
relevant to emergency regulation. The selected event is then converted into time-aligned
meteorological input vectors at the regional (or line) level, consistent with the four vari-
ables used for BP training. These inputs provide the basis for subsequent fault-probability
inference and high-risk identification in Section 5.3.

5.2.1. Rainstorm Case Selection

A representative rainstorm case is selected from the long-term meteorological ob-
servations described in Section 5.1.1. The case is defined over a 24 h event window and
subsequently synchronized to the scheduling interval At for model inference. Consistent
with the extreme-weather characterization in Figure 2 and the encoding ranges in Table 2,
candidate periods are identified, in which at least one region exhibits severe precipitation
and elevated storm-related alert levels.

As an illustrative example, we consider a snapshot of regional meteorological condi-
tions capturing heterogeneous rainstorm severity across three representative areas (A-C).
In Area A, the conditions indicate a severe rainstorm profile, with a 24 h accumulated
precipitation of 102 mm, wind speed of 2 m/s, ambient temperature of 6 °C, and an Or-
ange lightning warning. In contrast, Areas B and C exhibit comparatively mild conditions
during the same period. Area B has a 24 h precipitation of 3 mm, wind speed of 8 m/s, a
temperature of 15 °C, and no lightning warning, whereas Area C has a 24 h precipitation of
15 mm, wind speed of 0.8 m/s, a temperature of —1 °C, and no lightning warning. These
meteorological records are extracted directly from the real dataset and used as validation
inputs for subsequent fault-probability inference and high-risk identification.

5.2.2. Meteorological Input Vector Construction

For the selected rainstorm window, the meteorological inputs are organized into time-
aligned vectors consistent with the BP model trained in Section 5.1. For each representative
area i € {A,B,C} and each time step t within the 24 h window, we construct a four-
dimensional input vector:

xi(t) = [oi(8), i), L), Ti(1)], (43)
where v;(t), r;(t), I;(t), and T;(t) denote wind speed, rainfall intensity (24 h precipitation

consistent with Table 2), lightning warning level, and ambient temperature, respectively.
All meteorological series are synchronized to the scheduling interval At through resam-
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pling/aggregation, so that the input vectors share the same time index as the subsequent
inference and decision-making process.

To ensure a consistent representation between training and inference, the continuous
observations are encoded into ordinal levels using the discretization rules in Table 2. The
resulting encoded vector is denoted by x;(t), and the complete input sequence for area i

over the selected window is written as X; = {%,(t) }N |, where N is the number of time
steps in the 24 h window. These constructed meteorological input vectors (or sequences) are
then fed into the trained BP network to infer the fault probability P;, which forms the basis
for subsequent high-risk identification and emergency regulation analysis in Section 5.3.

5.3. Fault-Probability Inference and High-Risk Identification on the IEEE 30-Bus System

Building on the rainstorm inputs constructed in Section 5.2, this subsection maps the
case to the IEEE 30-bus benchmark system and applies the trained BP network to estimate
fault probabilities P; for the corresponding regions/lines. High-risk areas/lines are then
identified using a consistent decision rule, providing the risk signals and spatial priorities
for subsequent emergency regulation.

5.3.1. IEEE 30-Bus Configuration and Regional Partition

In this section, the IEEE 30-bus system is analyzed using regional meteorological
data to estimate failure probability. The bus system and the study regions are shown in
Figure 14. At a given time, Areas A, B, and C may experience outages due to weather-
related disturbances. To reflect spatial heterogeneity and support region-to-line mapping,
the study system is partitioned into three representative areas (A—C), each associated with
a set of candidate lines for fault-probability inference.

o st
T 1 ﬁ v )
SR e

| v
29
18

16 17
| 15
28
B
19
22 21 20 —
24 23
T C 96/ 27

25

14

-
-t

Figure 14. IEEE30 busbar system map and regional situation.

5.3.2. Meteorological Input Mapping to Regions/Lines

The regional meteorological conditions used in this case, together with the associated
line sets in each area, are summarized in Table 5. The meteorological inputs in Table 5 are
mapped to input neurons using Table 2 and then fed into the trained BP neural network.
The input layer comprises four variables: wind speed, rainfall intensity, temperature, and
lightning warning information.

https:/ /doi.org/10.3390/app16020952


https://doi.org/10.3390/app16020952

Appl. Sci. 2026, 16, 952

26 of 34

Table 5. Regional meteorological inputs and included lines for the IEEE 30-bus partition.

Meteorological Data
. . I 1
Area Wind Rainfall nghh}mg nc‘uded
. Temperatures Warning Lines
Speed Intensity :
Information

5-7

A 2m/s 102 mm/24 h 6°C Orange Alert 5-6

6-7
25-26
B 8m/s 3mm/24h 15 °C None 26-27
26-29
24-25
C 0.8m/s 15mm/24 h —1°C None 22-23
21-22

5.3.3. Fault-Probability Results and High-Risk Rule

Using the encoded inputs mapped from Table 5, the trained BP neural network outputs
the line-level failure probability P; for each candidate line. The inferred results are reported
in Table 6. Table 6 shows that lines 5-7, 5-6, and 26-27 have the highest fault probabilities
under the specified meteorological conditions.

Table 6. Failure probability calculation results.

Line Number P;

5-7 0.00268

67 0.00230

5-6 0.00245
22-23 0.00083
21-22 0.00086
24-25 0.00072
26-27 0.01083
26-29 0.00132
25-26 0.00128

Considering the grid topology and busbar connections, Bus 5 in Region A is normally
supplied by lines 5-6 and 5-7. Because Bus 5 carries a high load, lines 5-6 and 5-7 operate
near their thermal limits. Failure of either line can trigger cascading effects, resulting in
substantial load shedding at Bus 5 and a wider outage area. Therefore, these lines exhibit
relatively high failure probabilities under the same meteorological conditions. In particular,
lines 5-6 and 5-7 are more vulnerable, and line 5-7 has a higher failure probability than
line 5-6 due to greater line complexity.

In Area B, Bus 27 is supplied solely by line 26-27; failure of this line would cause
substantial load shedding at Bus 27 and severe consequences. Because the load at Bus 27
is small, lines 25-26 and 2629 carry relatively low power flows under normal conditions.
Consequently, failure of either line is unlikely to trigger cascading effects, and the associated
failure probabilities remain low.

In Region C, if line 22-23 faults, Bus 23 is supplied by line 15-23 and Bus 22 by line
21-22, without noticeable load shedding. If line 21-22 faults, Bus 22 is supplied by line
22-23 and Bus 21 by line 18-21. Although this contingency is unlikely to cause major
load shedding, it may induce bus voltage deviations. If line 24-25 is disconnected, Bus
24 is supplied solely by line 15-24; however, the overall impact is limited because the
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load at Bus 24 is relatively small. Therefore, line 21-22 is estimated to have the highest
failure probability.

Based on the above analysis, it can be seen that the calculation of fault probability based
on meteorological elements is closely related to the grid operation status and structure, and
the accuracy of the results is enhanced by the calculation using BP neural network training.

5.4. Demand-Side Case Setup for Emergency Regulations

Following the high-risk identification results in Section 5.3, this subsection defines
the demand-side resources and operational constraints used for emergency regulation
evaluation. The load aggregator coordinates BAC loads, distributed PV, and EVs under
the proposed two-level mechanism. The case setup specifies the resource portfolio and the
case-day baseline/forecast profiles for the scenario analysis in Section 5.5.

5.4.1. BAC/DP/EV Portfolio and Constraints

The demand-side portfolio in the case study consists of three types of flexible resources:
building air-conditioning (BAC) loads, distributed photovoltaics (DP), and electric vehicles
(EVs). Specifically, the simulated region includes five user PV systems, five BAC loads (each
representing a 28-floor building), and 400 EVs, as summarized in Table 7. For consistency
with practical operating characteristics, BAC parameters are adopted from [49], and EV
parameters are adopted from [50]. We assume identical air-conditioning capacity across
the five buildings. The BAC operation is constrained by indoor temperature requirements;
in this study, the air-conditioning load is simulated with an indoor temperature setting of
26 °C.

Table 7. Demand-side portfolio and scheduling setup in the case study.

Item Setting
PV systems 5 user PV systems
Buildings (BAC loads) 5 buildings
Building scale 28 floors per building
EVs 400
Scheduling horizon 96 intervals
Time step 15 min
BAC indoor temperature setting 26 °C
Parameter sources BAC: [49]; EV: [50]

For PV and EV resources, operational feasibility is enforced through their respective
physical constraints (e.g., PV output availability and EV charging/discharging constraints,
as specified by the adopted parameter sets). These constraints collectively define the
feasible regulation range coordinated by the load aggregator in the subsequent emergency
regulation scenarios.

5.4.2. Case-Day Baseline and Forecast Profiles

The scheduling horizon comprises 96 time intervals with a 15 min resolution, defin-
ing the temporal granularity for both forecasting and regulation. Figure 15 presents the
predicted load-demand profile for the case day, used as the baseline demand input for the
emergency regulation simulations. The BAC component of the total demand is generated
by the building air-conditioning model under an indoor temperature setting of 26 °C.
The resulting aggregated forecast profile serves as the reference trajectory against which
regulation actions are evaluated in the scenario studies.
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Figure 15. Forecasted load-demand profile for the case day.

5.5. Emergency Regulation Scenarios and Evaluation Metrics

This section evaluates the proposed emergency regulation strategy under fixed case-
day forecasts and operational constraints. The evaluation focuses on three aspects: (i) the
economic impact of each resource type on the load aggregator (LA), (ii) the net benefits
of participating users under the incentive mechanism, and (iii) the temporal contribution
patterns of heterogeneous resources during emergency periods.

To enable a controlled comparison, we consider one baseline case without emergency
regulation and four resource-participation scenarios. The baseline case serves as the
reference. The four emergency scenarios enable different subsets of demand-side resources:
BAC only (Case 1), DP/PV only (Case 2), EV only (Case 3), and joint participation of BAC,
DP/PV, and EV (Case 4). Case 4 represents the full capability of the proposed two-level
coordination mechanism, whereas Cases 1-3 isolate the marginal contribution of each
individual resource type.

Accordingly, performance is quantified by using three categories of metrics. First, LA
economics are evaluated by recording category-level revenues and expenditures, includ-
ing electricity purchase costs and incentive payments, and computing the resulting net
profit. Second, user benefits are assessed by accounting for incentive income and electricity
purchase costs for each user group to obtain net benefit, while BAC comfort feasibility is en-
forced through the indoor temperature requirement. Third, temporal response behavior is
characterized by using time-series regulation profiles to capture the timing and magnitude
of each resource’s contribution, complementing the aggregate economic indicators.

5.6. Results and Discussion

This subsection presents the case study results by summarizing both economic out-
comes and operational response behaviors across the baseline and emergency regulation
scenarios. The results highlight how different resource-participation settings affect aggre-
gator performance, user benefits, and the temporal allocation of regulation actions under
rainstorm-driven emergency conditions. This subsection reports the simulation outcomes
of the emergency regulation strategy under the baseline and the resource-participation sce-
narios. The results are summarized from three perspectives, including the load aggregator’s
economic performance, the net benefits of participating user groups, and the time-series
regulation behaviors of BAC, DP/PV, and EV resources during emergency periods.

5.6.1. LA Economic Performance

To compare LA economic performance under different resource-participation settings,
four emergency regulation (ER) cases are evaluated: Case 1 (BAC only), Case 2 (DP/PV
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only), Case 3 (EV only), and Case 4 (BAC + DP/PV + EV). The Normal case corresponds to
the baseline condition without ER participation.

Table 8 summarizes the LA’s revenue and expenditure by category. Under the consid-
ered emergency conditions, Cases 1-3 yield higher profits than the Normal case despite
the incentive payments. Case 4 achieves the largest profit improvement when all three
user groups respond concurrently, indicating that coordinated multi-resource participation
provides the most favorable economic outcome for the LA in this numerical example. In
addition, the LA profit in Cases 2 and 3 is higher than that in Case 1, which is consistent
with the heterogeneous flexibility characteristics discussed in Section 2, where BAC is less
adjustable than DP/PV and EV in this setup. The incentive payments also differ across
user groups, with higher incentives allocated to DP/PV and EV users than to BAC users in
this case.

Table 8. LA revenue and cost breakdown under different cases (CNY).

Amount LA Emergency Benefits/CNY
Category Normal Case 1 Case 2 Case 3 Case 4
BAC load 5347.77 5228.39 5347.77 5347.77 5228.39
DP load - - 162.88 - 162.88
EV load 439.92 439.92 439.92 683.54 683.54
Other 34,148.2 34,148.2 34,148.2 34,148.2 34,148.2
Loads
Cost of
electricity —32,209.32 —32,011.28 —31,989.28 —31,885.32 —30,724.8
purchase
BAC -- —54.8 - - —54.8
Incentive
DP. -- -- —300.28 —300.28
Incentive
EV. - - - —285.89 —285.89
Incentive
Profits 7726.57 7750.43 7809.21 8008.3 8857.24

5.6.2. User-Side Benefits

Table 9 reports the income and expenditure of the three user groups participating
in ER. BAC users receive incentive income while maintaining thermal comfort under the
indoor temperature setting (26 °C). DP/PV users do not purchase electricity from the grid
in this case and can generate additional revenue through ER participation. When EV users
participate in ER, their net expenditure is CNY 397.65, which is lower than under normal
conditions and therefore better aligns with their cost preferences in this numerical example.
Overall, the results indicate that the proposed regulation strategy provides measurable
incentive gains for the participating user groups while maintaining feasibility with respect
to user-side constraints.

Table 9. Comparison of the benefits of the three user groups.

BAC DP EV
Incentive
income/CNY 54.8 300.28 285.89
Power
purchase —5228.39 - —683.54
cost/CNY
Total/CNY —5173.59 300.28 —397.65
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5.6.3. Time-Series Regulation Behavior

Figure 16 illustrates the time-series contributions of different resources during ER.
DP/PV participation is concentrated between 08:00 and 09:00, consistent with the availabil-
ity of PV output in the morning. For BAC users, the LA selling price is constant. During
valley-price periods, the electricity purchase price is below the selling price and demand
is relatively low; activating ER in these intervals would increase incentive payments and
can therefore increase the LA’s economic losses. EV discharging is concentrated during
peak-demand periods, leveraging EV energy-storage capability for peak shaving and valley
filling. BAC load shedding occurs primarily between 18:00 and 20:00, and BAC and DP/PV
can contribute concurrently during this period. Because the peak electricity purchase price
exceeds the selling price in this interval, the LA’s loss is reduced while maintaining supply—-
demand balance. Overall, the time-series results show that the strategy schedules regulate
actions in periods where they are operationally effective and economically meaningful.
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Figure 16. ER when each resource contributes.

6. Conclusions

This study proposes a risk-aware emergency regulation framework for rainstorm con-
ditions, integrating meteorology-driven fault-risk estimation with demand-side multi-load
flexibility aggregation. First, we develop a multi-load aggregation framework for BAC,
DP/PV, and EV resources. We also propose a response-capability function to distinguish
response levels and support implementable flexibility assessment and dispatch. Second,
to enable data-driven emergency triggering, we construct a backpropagation (BP) neural
network to estimate regional fault probabilities from rainstorm-related meteorological
variables. The model is validated using a representative rainstorm event in Southern China.
The resulting fault-probability signals enable high-risk identification on the IEEE 30-bus
benchmark and define practical triggers and spatial priorities for targeted emergency reg-
ulation. Third, building on these risk signals and flexibility evaluation, we formulate an
incentive (driven load-aggregator (LA)-coordinated regulation and allocation strategy that
coordinates heterogeneous aggregated resources and promotes user participation. Case
studies and detailed analyses show that coordinated multi-load participation improves
emergency response performance and yields more favorable outcomes than single-resource
participation. These benefits are achieved while maintaining BAC comfort constraints and
offering economically meaningful incentives to users. Compared with prior studies that
typically address either extreme-weather fault prediction or demand response schedul-
ing under routine uncertainty, this work establishes an explicit end-to-end linkage from
rainstorm-driven fault-risk estimation (for triggering and spatial prioritization) to targeted
emergency regulation and allocation over heterogeneous demand-side resources.
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Despite these results, the evaluation remains partly simulation-based and relies on sim-
plified representations of storm-induced impacts on the flexibility portfolio (e.g., reduced
PV availability, changes in EV connectivity, and participation reliability under communica-
tion constraints). Future work will incorporate higher-resolution spatiotemporal weather
inputs and online updates for risk estimation. We will also develop uncertainty-aware
emergency regulation designs. The proposed framework will be further validated using
utility-grade operational datasets and constraints derived from real events to improve
practical applicability.
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Nomenclature

Acronyms

DR Demand response

ER Emergency response/emergency regulation
LA Load aggregator

BAC Building air-conditioning (flexible load)

Dr Distributed photovoltaics

1Y% Photovoltaic

EV Electric vehicle

EVA Electric vehicle aggregator

V2G Vehicle-to-grid

G2V Grid-to-vehicle

IoT Internet of Things

BP Backpropagation neural network

MES Multi-energy system

IEO Independent electricity operator

NSGA Non-dominated sorting genetic algorithm
Symbols

t Time index

At Time interval of scheduling/response

T Total number of time periods in the regulation horizon
fmax Maximum response time of a flexible resource
P Failure probability of line/area i(BP output result)

https:/ /doi.org/10.3390/app16020952


https://doi.org/10.3390/app16020952

Appl. Sci. 2026, 16, 952 32 of 34

Yi Fault (failure) label of line/area i(0/1)

X Wind speed feature in area i

Xpp Rainfall intensity feature in area i

X3 Lightning warning level feature in area i

Xi4 Ambient temperature feature in area i

wi,wy, w3 Weight coefficients in the BP neural network

Peria ¢ Power purchased from the grid by the load aggregator at time ¢
Perid min Minimum grid purchasing power

Perid max Maximum grid purchasing power

Ppact Regulation power provided by BAC at time ¢

Ppp s Regulation power provided by DP/PV at time ¢
Pey Regulation power provided by EVs at time ¢

Ppr Total demand response (regulation) power at time ¢
Cpac,t Compensation cost paid to BAC users at time ¢
Cpp,t Compensation cost paid to DP/PV users at time ¢
Cev Compensation cost paid to EV users at time ¢
TTBAC,t Incentive price for BAC at time ¢

TTpp ¢ Incentive price for DP/PV at time ¢

TTEV ¢ Incentive price for EV at time ¢

Asell t Retail electricity price of LA at time ¢

Tin(F) Indoor temperature at time ¢

Tout (1) Outdoor temperature at time ¢

Ceq Equivalent thermal capacitance of aggregated BAC
Req Equivalent thermal resistance of aggregated BAC
Meq Equivalent energy efficiency ratio of BAC

P ev s EV charging power at time ¢

PiisEv EV discharging power at time ¢

Py max Maximum charging power of EV (or EVA)

Piismax Maximum discharging power of EV (or EVA)
Epy(t) Stored energy/SOC-related energy of EV (or EVA) at time ¢
Neh Charging efficiency

Ndis Discharging efficiency
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