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Future decarbonized and resilient energy systems will rely on significant demand-side flexibility 
resources to accommodate high penetration of intermittent renewable energy, particularly considering 
the rise in extreme weather events due to climate change. These resources must manage their load or 
generation, inevitably affecting end-user interests, such as comfort, productivity, and convenience. To 
address the supply–demand imbalance from a human–system interaction perspective, this study pro-
poses ‘‘ergonomics in energy use,” a framework connecting the energy system to humans (i.e., energy 
users) through various flexibility resources, each characterized by a physical machine model, a target 
parameter, and a human evaluation model. The framework was demonstrated in an office building fea-
turing three flexibility resources: an air-conditioning system, electric vehicles with smart chargers, and a
lighting system. The framework was found to provide optimal operational strategies for these resources
to minimize user dissatisfaction in various real-time load shedding and day-ahead scheduling programs.
Based on the framework, we further present a novel method for demand flexibility quantification, defined
as the maximum change in energy use for a given increment in service quality impact (using indices such
as predicted percentage dissatisfied). This study shifts the perception of demand flexibility from a purely
engineering concept to a social engineering concept, fostering human-centric energy system design,
operation, and evaluation while paving the way for a new theory called ‘‘ergonomics in energy use.”

© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. Thi s is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/). 
1. Introductio n

1.1. Background 

As global climate change intensifies, transitioning to low-
carbon energy systems is increasingly recognized as essential for
sustainable development [1,2]. Accelerating the shift toward 
renewable energy, especially solar and wind energy, is a promising
strategy [3]. In China, the installed capacity of grid-connected solar 
and wind power generation reached 1.48 billion kW in the first 
quarter of 2025, representing 43.2% of the total installed capacity,
marking the first occasion on which renewables have surpassed
thermal power generation [4]. However, ensuring the reliability 
and safety of energy systems under high solar and wind penetra-
tion poses challenges due to the intermittent and fluctuating nat-
ure of these sources [5]. Energy storage (ES) technolo gies are key
to addressing this problem. Several studies have demonstrated that 
conventional supply-side (i.e., renewable-connected) or grid-side 
ESs alone cannot fulfill power regulation requirements of the
future decarbonized energy systems [6]. Therefore, distributed 
energy resources or demand-side energy flexibility resources must
play crucial roles [7]. 

Demand-side energy flexibility resources, such as distributed 
photovoltaics (PV), distributed batteries, electric vehicles (EVs), 
and heating, ventilation, and air-conditioning (HVAC) systems,
can manage their demand or generation to meet energy system
requirements [8,9]. This energy system-oriented concept is closely 
linked to humans (i.e., energy users). Researchers in power systems
[10,11] define the future energy system as a cyber–physical–social 
system (CPSS), integrating social factors (i.e., human behavior) into 
conventional energy cyber–physical systems. Additionally,
researchers in energy demand sectors (such as buildings [12] and 
transport [13]) have proposed the concept of generalized ES to 
quantify the equivalent storage capacity of end users, such as
buildings and EVs [12]. Nevertheless, many studies define demand 
flexibility under the premise of ‘‘maintaining human-desirable
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Table 1 
Similar development stages of human–machine and human–energy system
relationships.

Human–machine relationships 
[17,18] 

Human–energy system relationships 
(such as power systems [19]) 

Stage 1: ‘‘humans adapting to 
machines ” since the Industrial
Revolution

First-generation systems (1900– 
1950) featured by small generation 
units, low-voltage power 
distribution, and small grids. Users
adapted to frequent power outages
and restrictions

Stage 2: ‘‘machines adapting to 
humans” after World War II, in
which the modern ergonomics
theory was formed

Second-generation systems (1960– 
2000) featured by larger generation 
units, extra/ultra-high-voltage 
transmission, and interconnected 
grids. The system offered sufficient
stability and reliability to almost
meet energy demands
Third-generation systems (2000– 
2050, expected), focusing on safety, 
intelligence, decarbonization, and
flexibility, necessitate active
engagement between producers and
consumers

Stage 3: ‘‘two-way adaptive 
interaction” in the 21st century, 
that is, evolving from coexistence,
cooperation, collaboration, and
compassion toward coevolution
services” [14] or ‘‘without sacrificing end-user interests” [15]. First, 
this definition poses a paradox, as users would initially align their 
energy usage with the energy system’s objectives, such as increas-
ing air-conditioning (AC) temperature setpoints or postponing EV 
charging, if services were completely unaffected. Second, although 
some studies address service impacts, such as defining a comfort-
able indoor temperature range or an allowable magnitude of oper-
ational delays, only limited number investigate the equivalence
relationships among flexibility resources, such as prioritizing load
shedding between HVAC systems and EV chargers in response to
demand-response (DR) requests [14]. These unsolved challenges 
hinder the quantification, monetization, and promotion of demand
flexibility in energy systems.

Therefore, we propose to address these challenges from a 
human–system interaction perspective, incorporating ergonomics
(i.e., human factors) [16] into energy system design and operation.
Fig. 1 illustrates the relationship between energy systems and 
humans. This study aims to establish a new research framework
for ‘‘ergonomics in energy use” and explore potential applications.

1.2. Literature review

Ergonomics studies the interactions between humans and sys-
tem elements (such as machines) to optimize user well-being
and overall system performance [16]. The evolution of human– 
machine relationships has unfolded in three stages: ① ‘‘humans 
adapting to machines,” starting during the Industrial Revolution;
② ‘‘machines adapting to humans” which emerged post-World
War II and formed the basis for modern ergonomics [17]; ③ 
‘‘two-way adaptive interaction,” characteristic of the 21st century
[18]. Similarly, the relationship between humans and energy sys-
tems (particularly power systems, which are regarded as the lar-
gest and most complex machines) has followed this progression
[19], as shown in Table 1 [17–19]. Currently, we are in the third 
stage, making human–system interaction concepts in ergonomics
essential for future developments.

First, typical ergonomic studies were reviewed to find out how 
energy use toward sustainability was considered within this field.
Sanquist [20] discussed the potential of the ergonomics discipline 
to contribute to reducing household energy use, especially with 
rising energy prices. The work included social analysis of energy-
saving behaviors, development of effective information and guide-
lines for consumers, and design of smart metering user interfaces
for demand-side management in smart grids. Hanson [21] summa-
rized the contributions of ergonomics to sustainable development, 
which had often been overlooked in previous studies. Most energy-
Fig. 1. Ergonomics in energy use: relationshi
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related studies have focused on designing efficient facilities and 
promoting behavioral changes to reduce energy use, especially in
vehicle-transport system design and building-urban environment.
Thatcher et al. [22] reviewed ergonomics’ contributions to pressing 
global issues between 1993 and 2017. Regarding energy-related 
issues, ergonomics typically emphasizes designing safe and effi-
cient energy systems, specifically sustainable and resilient systems 
to address climate change. Future challenges necessitate macro-
ergonomics approaches to manage complex systems, such as a
CPSS in the energy sector. Bolis et al. [23] observed that although 
ergonomists prioritized energy efficiency (aligned with the United 
Nations’ Sustainable Development Goal (SDG) 7.3), there is less 
focus on enhancing users’ roles in increasing renewable energy’s 
share in the global mix (SDG 7.2). Furthermore, existing studies 
are predominantly conceptual and theoretical, with limited empir-
ical research in real energy engineering projects, largely due to a
lack of practical tools and methods to understand complex energy
systems, highlighting the need for collaboration between ergo-
nomics and energy engineering.

Second, researchers in energy engineering (such as power sys-
tems, buildings, and transportation) are increasingly prioritizing
p between energy systems and humans.

move_f0005
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human factors to solve specific problems. Typical studies in these
fields can be summarized as follows:

For power systems, the most important topics are human-
related impacts and solutions for system safety and reliability,
including the influence of human errors in imperfect maintenance
and operation [24], decision-making processes for public safety
power shutoffs [25], identifying potential human-related failure
points [26], transactive energy for supply–demand balance among 
various distributed energy resources [27], and cyber-attacks and 
privacy [28]. To address these issues, social computing is proposed 
as a future direction to model the behaviors of prosumers, con-
sumers, utilities, microgrids, and other stakeholders in smart grids
[29]. 

For buildings as an energy demand sector, human factors, 
encompassing occupant sensations and behaviors, are critical 
research areas because this discipline aims to create a desirable
indoor environment that ensures thermal comfort [30], air quality 
[31], and appropriate lighting [32] while ensuring energy effi-
ciency. Researchers have focused on understanding the character-
istics and mechanisms of indoor occupant behaviors from
individuals to populations [33], modeling these for building design
and operations [34], and guiding the behaviors toward energy sav-
ing in practice [35]. Owing to the rapid development of data 
science and control technologies, human-cen tric concepts have
been increasingly implemented across various building scenarios
[36], including urban buildings [37] and rural communities [38]. 
Moreover, since multidimensional parameters determine the 
indoor environment quality, many objective and subjective overall
parameters have been proposed to evaluate human comfort [39], 
productivity in offices [40], and health and economic benefits [31]. 

For transportation as an energy demand sector, human factors 
in EV use have gained research attention recently due to the shar-
ply increasing charging demand [41]. To encourage EV adoption, 
researchers are studying vehicle behaviors (such as mobility [42] 
and charging [43]) and modeling them to optimize the planning 
and operation of charging infrastructures [44,45]. However, the 
challenge lies in balancing the need to minimize changes to driver
habits, thereby reducing range anxiety [46], while encouraging 
grid-friendly charging behaviors, such as orderly charging and
vehicle-to-grid (V2G) [47]. By analyzing mental models of petrol 
refueling and EV charging [48], service modes can be designed to 
guide users toward efficient EV charging that is simultaneously
grid-, user-, and battery-friendly [49]. Moreover, the strong inter-
play between EVs and buildings, driven by human mobility [50] 
and energy use [51], can enhance energy demand simulation [52] 
and inform charging system design [53,54], promoting overall 
energy flexibility.

Most existing studies on human factors in energy engineering 
fields have focused on their specific objectives and scenarios. For 
example, the power system field emphasizes power grid safety 
and reliability but struggles to capture detailed user behavior 
behind the meters; the building field concentrates on indoor occu-
pants using energy in buildings; the transportation field addresses 
the behaviors of EV drivers using energy at charging stations. How-
ever, open questions remain: ① How to quantify the relationship
between energy system-oriented flexibility and human-oriented
service quality (SQ), which requires integration between energy
supply and demand sectors; ② what is the equivalence relation
among various flexibility resources, which necessitates collabora-
tion across various energy demand sectors.

1.3. Research gap and aim of this study

In summary, the relationship between humans and energy sys-
tems has developed similarly to that between humans and machi-
nes, in which ergonomics has been increasingly applied to energy
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engineering fields, covering energy generation and supply sectors 
as well as energy demand sectors, including buildings and trans-
portation. However, challenges remain in quantifying, monetizing,
and promoting demand flexibility owing to the following unsolved
problems:

(1) The common assumption of ‘‘without sacrificing end-user 
interests” overlooks the inevitable decline in SQ that arises from
demand flexibility, leading to ignoring human factors in demand
flexibility quantification.

(2) Although various demand flexibility resources consume 
energy and provide services, their equivalence relation is rarely 
considered. This requires collaboration between different energy-
related disciplines and viewing them holistically from a human-
centric perspective.

(3) Ergonomics is mostly introduced to reduce energy use, but is 
rarely considered in demand flexibility resources with the abilities
of both load up and down regulations, for example, solar pre-
cooling [55] and solar pre-charging EVs for subsequent V2G [56]. 

To address these gaps, we propose a new framework, 
‘‘ergonomics in energy use,” which bridges energy system-
oriented flexibility and human-oriented SQ. This framework is 
demonstrated through a case study in an office building that
employs three flexibility resources to optimize the SQ across various
DR programs. The main contributions of this study are as follows:

(1) Standardized characterization of a demand-side energy flex-
ibility resource using a physical machine model, a target parameter
(TP), and a human evaluation model.

(2) A systematic method for the orderly utilization of multiple 
demand flexibility resources, focusing on optimal segmentation
and allocation of total power-regulation tasks to maximize the SQ.

(3) Definition of a novel SQ-based method for quantifying 
demand flexibility, transforming it from an engineering concept
to a social engineering concept.

The remainder of this study is organized as follows. Section 2 
introduces the ‘‘ergonomics in energy use” framework and pre-
sents a typical energy system case with demand-side flexibility
resources to demonstrate the framework. Section 3 presents the 
simulation results for real-time load shedding and day-ahead 
scheduling, detailing optimal strategies in operation and flexibility
quantification. Section 4 addresses sensitivity analysis, limitations, 
and future perspectives. Finally, Section 5 concludes the study.
2. Methodol ogy

2.1. Problem formulation and framework

The research framework for the proposed ‘‘ergonomics in
energy use,” illustrated in Fig. 2, aims at bridging energy system-
oriented flexibility and human-oriented SQ. The detailed problem
formulation and framework definition are presented below.

Energy system-oriented flexibility (leftmost side of Fig. 2) is the 
ability to change the net load profile P(s)  (s is the time) based on
the energy system’s requirements. Furthermore, as expressed in
Eq. (1), P comprises the power profiles Pi of various demand-side 
flexibility resources, such as generation (such as distributed PV), 
traditional ES (such as distributed batteries), virtual ES (such as 
HVAC systems with building thermal mass, EVs with smart charg-
ers, and electrical appliances with ES), and controllable loads (such
as lighting systems, air purifiers, and computing resources).

P
i 
Pi 1

Human-oriented SQ (rightmost side of Fig. 2) determines the 
extent to which end-user interests (such as human comfort, health,
safety, and productivity [17]) can be met. Various objective or sub-
jective indices have been proposed to characterize the SQ. These

move_f0010
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Fig. 2. Research framework for ‘‘ergonomics in energy use.” P is the power; Pi is the power profile of the ith demand-side flexibility resource; Ei is the energy capacity; gi is the 
charging/discharging efficiency; T is the indoor air temperature; u is the humidity; v is the air velocity; I is the indoor illuminance; Icomfort is the comfortable indoor 
illuminance; c is the air pollutant concentration; crequired is the required air pollutant concentration; s is the task completion time; srequired is the required task completion
time; ai is the weighting factor of each flexibility resource’s SQ; PPDi is the predicted percentage dissatisfied (PPD) for demand-side flexibility resource i. SOC: state-of-charge;
SOE: state-of-energy; PMV: predicted mean vote; SET: standard effective temperature.
include the predicted percentage dissatisfied (PPD) for the subjec-
tive evaluation of comfort, disease burden (such as mortality and 
morbidity) for the objective evaluation of health, accident rate 
for the objective evaluation of safety, and output rate (or output
value) for the objective evaluation of productivity. The overall SQ
is the weighted sum of the SQ of each demand-side flexibility
resource, as expressed in Eq. (2). 

SQ
i 
ai SQ i 2

where ai [0,1] and ai =  1.  ai can be time-dependent, scenarios-
dependent (such as various building scenarios), and SQ i value-
dependent due to the complicated influence mechanism of each
resource on the overall SQ [57]. 

The energy system and humans interact through various flexi-
bility resources, each characterized successively using a physical 
machine model, a target parameter (TPi, a state parameter), and a
human evaluation model, as shown in Fig. 2. The physical machine 
model depicts the energy transfer and conversion processes in the 
machine, that is, calculating TPi mainly based on the input power,
as expressed in Eq. (3). These processes with high certainty are 
usually described using mathematical physics equations. The 
human evaluation model assesses human responses to machine
services, that is, calculating the SQ mainly based on TPi, as
expressed in Eq. (4). These responses with high uncertainty are 
usually described using probability theory and statistical methods.

TPi f i P i 3

SQ i gi TP i 4

where fi and gi represent the physical machine and human evalua-
tion models of the demand-side flexibility resource i, respectively.
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Generation and the traditional ES resources primarily serve the 
grid rather than end users directly; consequently, they do not pos-
sess a defined TP or human evaluation model. In contrast, other
flexibility resources in Fig. 2 connect their physical machine mod-
els and human evaluation models through respective TPi.  TPi quan-
tifies the material or information that influences humans, 
consciously or unconsciously, and is therefore often the control 
target in energy system design and operation. For example, TPi in
HVAC systems includes indoor air temperature T, humidity u,
and air velocity v, which are integrated into thermal comfort met-
rics, such as standard effective temperature (SET) [58] and pre-
dicted mean vote (PMV) [59]. In the field of power systems, it 
can include metrics like equivalent state-of-energy (SOE) [60]. TPi 
in EVs and electrical appliances with batteries is characterized by 
state-of-charge (SOC) or SOE. TPi in lighting systems is measured 
as indoor illuminance I.  TPi in air purifiers is represented by the 
concentration of air pollutants (c), such as total volatile organic
compounds and particulate matters, indicating indoor air quality.
TPi in computing resources is usually the task completion time or
the computational throughput (tokens per second). More details
on each resource’s TPi and the two models will be explained in
Section 2.3. 

Based on Eqs. (1)–(4), if a certain power input strategy k is 
determined, then the overall SQ under this strategy (SQ k) can be
quantified. If SQ is defined as a single value using Eqs. (2) and 
(4), the absolute and relative differences of the over-
all SQ between the strategy k and the original strategy are defined
by Eqs. (5) and (6), respectively. 

DSQk SQk SQ 0 5

CSQk DSQ k SQ0 6

(DSQk ) (CSQk ) 
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where the superscripts k and 0 refer to the power input strategy k 
and the original power input strategy without flexible regulation,
respectively.

If SQ is defined as a time-series vector, a statistical parameter is 
required to compare various power input strategies, such as the
mean value and the 25th percentile. Using the mean value as 
an example, as expressed in Eq. (7), the absolute and relative differ-
ences in the statistical overall SQ between the strategy k and the
original strategy are defined by Eqs. (8) and (9), respectively .

SQ 
Ds 

s 0 
SQ d s Ds 7

DSQ 
k 

SQ 
k 

SQ
0

8

CSQ 
k 

DSQ 
k 
SQ

0
9

where Ds represents the evaluation period for SQ, such as a day.

2.2. Service quality-based demand flexibility quantification

The proposed framework defines a method for quantifying 
demand flexibility, measuring the maximum change in energy 
use (such as power, energy, and cost of energy use) for a given
increment in SQ impact. Fig. 3 illustrates the demand flexibility 
quantification method using power as an example.

A flexibility resource is characterized by the curve shown in
Fig. 3(a). The original point implies that the energy system oper-
ates in its original state without regulation. In some cases, the 
energy system can flexibly regulate its energy use without com-
promising the SQ, such as turning off AC or lighting systems when 
there are no indoor occupants and slowing down EV charging 
when not in use. This results in a vertical rise of the curve from 
the ‘‘original point” to the ‘‘no-sacrifice point.” Any further incre-
ment in flexible regulation will negatively affect the SQ, such as 
increasing the AC set temperature, turning off lights when there
are indoor occupants, or slowing down EV charging when the dri-
ver is about to use it. Therefore, energy flexibility increases with
the impact on SQ from the no-sacrifice point to the maximum
point, determined by the minimum SQ requirements or the phys-
ical constraints of the energy system. Moreover, marginal flexibil-
ity is defined as the slope of the curve at a given SQ. From the
perspective of the input–output relation, resources exhibit dimin-
ishing marginal utility [61], meaning the marginal flexibility

SQ 
Fig. 3. SQ-based demand flexibility quantification method, measuring the maximum cha
of a flexibility resource; (b) comparative quantification of various resources. If DSQ takes
to 0, the maximum change in power is denoted as DPmax|DSQ=0. DSQmax is the maximu
denoted as P’ is the maximum marginal flexibility, defined as |dP/dSQ|. The supe
DSQ approaches 0 from the positive side.
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DP DSQmax 
.

decreases as the impact on SQ increases, resulting in a concave
downward curve.

Fig. 3(b) illustrates three demand flexibility resources within an 
energy system to determine an orderly utilization strategy that 
minimizes the impact on the overall SQ. Initially, each resource 
contributes to flexible regulation in no particular order until reach-
ing its respective no-sacrifice point. Here, Resource 3 remains inac-
tive as its original and no-sacrifice points overlap. Subsequently,
the resource with the maximum marginal flexibility P’ = |dP/dSQ|
(i.e., the minimum impact on SQ) has priority in further flexible
regulation. Once all resources reach no-sacrifice points in this case,
the resource with the largest marginal flexibility
(Resource 1) will engage first. Owing to the nonlinear relationships 
between the resources’ energy flexibility and SQ, the order of
resource involvement may change as the SQ impact increases.

2.3. Flexibility resource models

To demonstrate the proposed framework and flexibility quan-
tification method, we consider ‘‘comfort” as the main end-user 
interest and quantify the SQ by users’ dissatisfaction level, that
is, SQ = PPD (Fig. 2). As an example, we consider an office building 
featuring three flexibility resources: an AC system with building 
thermal mass, EVs with smart chargers, and a lighting system.
Their respective physical machine models and human evaluation
models (Fig. 4, data from Refs. [62‒64]) are given below.

2.3.1. Air-conditioning system with building thermal mass
The AC system handles a building’s internal heat sources and 

heat transfer through external envelopes to maintain a comfort-
able indoor thermal environment. The building’s thermal mass 
enables flexible cooling from the AC system. The physical machine
model calculates the indoor air temperature based on a given AC
power input, simplified in this study as a widely used first-order
resistance–capacitance model [65,66], as shown in Eq. (10). 

T s 1 f 1 PAC T s Q in s Tout s T s
R PAC s EER

C
Ds

10

where T(s) and Tout(s) are the indoor and outdoor air temperature at 
time step s, respectively; the cooling capacity is calculated by mul-
tiplying the AC electrical power PACle(s) with the energy efficiency
ratio (EER); Qin(s) is the internal heat sources; R and C represent
the thermal resistance and capacity of the building, respectively.

P DSQ 0 
nge in energy use for a given increment (k) in SQ impact (DSQ). (a) Characterization 
 the value of k, the maximum change in power is denoted as DP|DSQ=k. If DSQ equals
m allowable increment in SQ impact, at which the maximum change in power is
rscripts 1, 2, and 3 refer to Resources 1, 2, and 3, respectively; DSQ→ 0+ denotes the
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Fig. 4. Typical human evaluation models in an office building scenario used to establish the relationships between TPs and PPD. (a) AC system (data from Ref. [62]); (b) EV 
charger (data from Ref. [63]); (c) lighting system (data from Ref. [64]).
The PMV model, based on Fanger’s thermal comfort theory [59], 
comprehensively evaluates the main factors, such as air tempera-
ture, relative humidity, air velocity, radiant temperat ure, human
activity metabolic rate, and clothing thermal resistance. In the
office building scenario [62], the human evaluation model in
Fig. 4(a) calculates the AC system’s PPD using temperature T (°C) 
as the critical factor, fitted into a quadratic function to simplify
subsequent calculations, as shown in Eq. (11). 

PPDAC g1 T 0 0258 T2 1 32 T 17 0 T 21 30

11

where PPDAC is the predicted percentage of people dissatisfied with 
the indoor air temperature; the numerical values are the fitting
parameters.

Contrary to previous studies that specify a narrow comfortable 
indoor temperature range (such as (25 ± 2) °C) [67], we set a max-
imum PPDAC of no more than 50%, as shown in Eq. (12), providing 
flexibility in indoor air temperature control. Thus, the indoor air 
temperature is directly associated with the AC system’s SQ.

Tmin PPDAC 50 T Tmax PPD AC 50 12
2.3.2. Electric vehicle with smart charger
Smart chargers in the parking lot of a building can charge or dis-

charge EVs while adhering to rated power constraints, ensuring 
users have sufficient energy for travelling upon departure. Thus, 
the physical machine model of an EV with a smart charger aims
to calculate the EV’s SOC based on a given charging or discharging
power, as shown in Eqs. (13)–(16) [68]. 

SOCEV s 1 f 2 PEV 

SOCEV s yc s Pc 
EV s gc 

y dc s Pdc
EV s gdc Ds Cbat 13

PEV yc Pc 
EV ydc Pdc

EV 14

yc ydc 1 15

0 Pc 
EV Cbat DsEV 0 Pdc 

EV Cbat DsEV 16

where SOCEV(s) is the SOC of an EV at time step s; PEV is the EV
power, determined by the charging or discharging power or 

and their corresponding Boolean variables (yc and ydc); gc and
(Pc 

EV 

Pdc 
EV )
280
gdc are the charging and discharging efficiencies, respectively; Cbat 
is the EV battery capacity; DsEV is the rated charge/discharge time.

The human evaluation model for an EV with a smart charger 
evaluates the charging service when the user verifies the EV’s 
SOC before departure. Many existing studies surveyed the proba-
bility of an EV user choosing to charge at different SOC levels
[63]. Those who charge are unsatisfied with the current SOC, 
whereas those who do not are satisfied. Utilizing these survey data,
the human evaluation model in Fig. 4(b) calculates the PPD of EV 
charging based on SOC, as shown in Eq. (17). 

PPDEV g2 SOCEV 1 1 
2pr 

SOCEV 

e 
x l 2 

2r2 dx SOCEV 0 100%

17

where PPDEV is the predicted percentage of people dissatisfied with 
their EVs’ SOC upon departure; r is the standard deviation; l is the
expected value; x is the integration variable.

Because smart chargers have V2G functions, an EV’s SOC at each 
time step is constrain ed by the allowable depth-of-discharge
(DODEV), as shown in Eq. (18). Similar to the SQ constraint of the
AC system discussed in Section 2.3.1, PPDEV no more than 50% is 
set to provide a lower limit of SOC upon departure, as shown in
Eq. (19). 

1 DODEV SOCEV s 95% 18

SOCmin 
EV PPDEV 50% SOCEV smax 95% 19

where defines the lower limit for the EV’s SOC at 
departure. The upper limit of EV’s SOC is set at 95% to avoid over-
charging [69]; DODEV is set at 80% to avoid overdischarging [70]. 

2.3.3. Lighting system
Artificial and natural lighting jointly maintain a comfortable 

indoor luminous environment. Thus, the physical machine model 
of the lighting system accounts for the illuminance of artificial
lighting Ilight and interior daylight Idaylight, as shown in Eq. (20) 
[71,72]. 

I f 3 PL Ilight Idaylight 
PL gL U K 

S 
Droom Is A sin b B

20

where PL is the lighting power; gL is the luminaire efficacy; U is the 
coefficient of utilization; K is the maintenance factor; S is the area of
the working surface; Droom is the daylight factor; Is is the

SOCmin 
EV PPDEV 50%
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illuminance at sunrise/sunset; A is the solar altitude illuminance 
coefficient; b is the solar altitude angle; B is the solar altitude illu-
minance index.

Based on subjective experiments in an office building [64], the 
human evaluation model in Fig. 4(c) calculates PPD of the lighting 
system using I (lx), which is then fitted into a quadratic function to
simplify subsequent calculations, as shown in Eq. (21). 

PPDL g3 I 3 92 10 7 I2 9 44 10 4 I 0 749
I 300 2100

21

where PPDL is the predictedpercentage of people dissatisfiedwith the 
interior illuminance; the numerical values are the fit ting parameters.

PPDL no more than 50% is similarly set to provide a feasible
range of interior illuminance, as shown in Eq. (22). 

Imin PPDL 50 I Imax PPD L 50 22
2.4. Case for demonstration

Fig. 5 illustrates a case study of an office building with a total 
floor area of 3000 m2 and six commuters’ private EVs (vehicle elec-
trification rate is 30%). This study showcases the application of the
Fig. 5. Office building with an AC system, a lighting system, and EV chargers used to d
power intake from the grid; the superscripts ‘‘before” and ‘‘after” refer to the parameters
from the grid before a DR program; c is a given constant; Pother is the remaining electrical
the weighting factors of the three resources’ SQ, determined by their relative importanc
humans staying indoors and using the AC and lighting systems, respectively; is th
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pnorm 
EV 
proposed framework for optimizing operations across two types of 
DR programs: real-time load shedding to achieve peak shaving of 
the power system during a specific period and day-ahead schedul-
ing with a time-of-use (TOU) tariff as an incentive signal. For real-
time load shedding, the strategy to minimize overall PPD is solved 
with the constraints of load shedding rate (DP/P) and time (start 
time s0 and response period Dsr). The decision variables are the 
power of the AC and the lighting systems during the response per-
iod and the power of the EV chargers from the response start time
until the EV’s departure. For day-ahead scheduling, the strategy to
minimize overall PPD is solved for a given electricity cost (CT)
reduction rate (DCT/CT). The decision variables include the power
of the AC system, lighting system, and EV chargers throughout the
day.

The overall PPD in this case study is defined as the weighted 
sum of PPD across the three resources, as shown in Eqs. (23)– 
(27). Moreover, the PPD of each resource is evaluated only when 
a human experiences the service. Specifically, the PPD of AC and 
lighting systems are calculated at each time step and then adjusted
by the normalized probabilities of human occupancy at that time

and . The PPD of EV charging is evaluated with a delay 
until departure, thus adjusted by the normalized probability of EV
departure .

(pnorm 
AC pnorm 

L )

(pnorm 
EV )
emonstrate the proposed ‘‘ergonomics in energy use” framework, where P net is the
before and after a DR program, respectively s the maximum power intake 
load excluding the AC system, lighting system, and EV chargers; and are 
e to users in different situations; and are the normalized probabilities of 
e normalized probability of EV departure; is the EV departure time.

; Pbefore max 
net i

aAC aEV,, aL 

pnorm 
AC pnorm 

L 
sdep 

move_f0025
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PPD aAC 

s0 Dsr 

s0 

pnorm 
AC PPDACds aEV 

sdep 

s0 

pnorm 
EV PPDEVds 

aL 

s 0 Dsr

s0
pnorm
L PPDLds

23

aAC aEV aL 1 24

pnorm 
AC 

pAC 
s0 Dsr 
s0 

pACds
25

pnorm 
EV 

pEV 
sdep 
s0 

p EVds
26

pnorm 
L 

pL 
s0 Dsr 
s0 

pLds
27

where and are treated as equal in Section 3 and as vari-
ables in Section 4.1. For the real-time load shedding, s0 and Dsr are 
determined by the DR program; for the day-ahead scheduling, s0 is 
0:00 and Dsr is 24 h. pAC and pL are the probabilities of humans
staying indoors and using the AC and lighting systems, respectively;
pEV is the probability of EV departure.

Table 2 lists all calculation cases and their settings. We evaluate 
the performance of individual resources and the combined three 
resources across various DR programs. For cases with the three 
resources, ‘‘SQ optimal” strategy based on the proposed framework
is compared with ‘‘Sequential” and ‘‘Equal” strategies, that is, typ-
ical rule-based strategies currently used in engineering projects.

aAC, aEV, aL 
Table 2 
Calculation cases and settings.

DR 
strategy 

DR program Calculation cases

Real-time load 
sheddinga 

SQ 
optimalb

Three resources, varied start times

SQ 
optimalb

Three resources, varied Dsr and DP/P

SQ 
optimalb

Three resources, three DR strategies, three start
times

Sequenti

Equald 

Single resource, three start times AC

EV

Lighting

SQ 
optimalb

Day-ahead scheduling Three resources, varied DCT/CT

SQ 
optimalb

Three resources, three DR strategies

Sequenti
Equald 

Single resource AC
EV
Lighting

a Response period is within 0.5 to 2 h; load shedding rate is within 0 to 40%

and

program’s response period if this DR program were not executed.
b SQ optimal: optimally segmenting a DR program and assigning subtasks to the thre
c Sequential: each resource participates sequentially, with increasing depth or respo

traversed and evaluated, in which the sequence with the highest SQ was used to repres
d Equal: all resources account for equal share of the total DP/P or DCT/CT.
e These cases achieve the maximum value of D P/P or DCT/CT, respectively.
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P before mean s0 s0 Dsr 
net Pafter net s LR Pbefore max

net

LR Pbefore max
net

0 1
s0 Dsr 
s0 

P before mean s0 s0 Dsr 
net Pafter net s LR Pbefore max

net ds

LR Pbefore max
net Dsr

0

3. Results 

This section analyzes the optimization results of the case build-
ing participating in various DR programs using the proposed
framework. Sections 3.1 and 3.2 detail the findings from real-
time load shedding and day-ahead scheduling, respectively.
Section 3.3 illustrates the SQ-based demand flexibility quantifica-
tion method.
3.1. Real-time load shedding

Fig. 6 illustrates the regulation performance of the case building 
participating in DR programs with a requested 20% peak power 
reduction lasting 60 min and potential start times every hour 
throughout the day. Only the programs with start times between 
8:00–17:00 can be implemented; outside this timeframe, the load 
shedding rates fall below the requested 20%. Furthermore, to main-
tain optimal SQ, the three resources play different roles in the DR 
programs, with various start times throughout the day. During 
8:00–17:00 (i.e., office hours), the commuters’ EVs are in the park-
ing lot of the office building and are connected to the smart charg-
ers. If the program starts between 8:00–15:00 (i.e., two or more
hours before the EVs’ departure time), the requested load shedding
can be realized solely through the EVs. Initially, the smart chargers
lower their charging power or even discharge the EVs. Then, the
EVs can still be recharged to a satisfactory SOC before departure,
keeping the overall PPD nearly constant compared to a scenario
without DR. If the program starts between 16:00–17:00 (i.e., as
Response 
period 

Load shedding rate or cost reduction
rate

Start times 

 
0:00–24:00, 
hourly 

60 min DP/P = 20%

 
16:00 30–120 min DP/P = 10%–40%

 
9:00/15:00/ 
18:00 

120 min DP/P = 0–97%/0–49%/0–18%e 

9:00/15:00/ 
18:00 

alc 120 min DP/P = 0–97%/0–49/0–18%e 

9:00/15:00/ 
18:00 

120 min DP/P = 0–97%/0–49%/0–18%e 

9:00/15:00/ 
18:00 

120 min DP/P = 14%/14%/11%e 

9:00/15:00/ 
18:00 

120 min DP/P = 94%/47%/—e 

9:00/15:00/ 
18:00 

120 min DP/P = 8%/8%/7%e 

 
0:00 24 h DCT/CT = 10–46%e 

 
0:00 24 h DCT/CT = 0–46%e 

alc 0:00 24 h DCT/CT = 0–46%e 

0:00 24 h DCT/CT = 0–46%e 

0:00 24 h DCT/CT = 18%e 

0:00 24 h DCT/CT = 18%e 

0:00 24 h DCT/CT = 13%e 

[73]. Load shedding accuracy follows the constraints outlined in Ref. [74]: 

where s the mean power intake from the grid during a DR 

e resources to maximize SQ using the proposed framework, as shown in Fig. 5. 
nse period of load regulation; six response sequences of the three resources were
ent this strategy’s performance.

05, Pbefore mean s0 s0 D sr
net i
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Fig. 6. Real-time load shedding program: potentially starting every hour throughout the day, lasting 60 min, and requesting a 20% reduction in the peak power.
commuters begin to leave), the EVs alone cannot achieve the 
requested load shedding, requiring the AC and lighting systems 
to contribute. This leads to a slight rise in the overall PPD due to 
increasing indoor air temperature and decreasing interior illumi-
nance. If the program starts outside these hours (i.e., when no
parked EV), the AC and lighting systems fail to achieve the
requested load shedding, resulting in a significant increase in the
overall PPD.

Furthermore, Fig. 7 illustrates the contributions of the three 
demand flexibility resources in real-time load shedding programs 
starting at 16:00, when the utility grid faces evening peak demand 
and all three resources have opportunities to participate. Overall, 
the EVs are the predominant resource across various programs, fol-
lowed by the AC and lighting systems. Specifically, the EVs alone 
accomplish most of the load shedding task in a short-term program
(those with 60 min or less response time), contributing to over 60%
of the total power reduction. As the response period increases, the
AC system gradually takes precedence, especially in programs with
relatively low load shedding rates. Furthermore, the lighting sys-
tem comes into play in programs with a prolonged response period
Fig. 7. Roles of the three flexibility resources in the real-time load shedding programs st
40%. (a) AC system with its reduced power denoted as DPAC; (b) EVs with its reduced p
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(> 90 min) and high load shedding rate (> 20%) because its SQ is
more sensitive to power reductions than the other two resources.

3.2. Day-ahead scheduling

Fig. 8 illustrates the day-ahead scheduling results of the case 
building across different operational cost reduction rates, from 
no reduction (DCT/CT = 0) to the maximum (DCT/CT = 46%). Each 
resource plays a specific role in cost savings. If DCT/CT is between 
0 and 10%, the EVs contribute the most to the cost savings. The EVs 
are discharged during peak hours and recharged during valley 
hours to a satisfactory SOC before departure, which minimally 
impacts the overall PPD. When DCT/CT increases from 10% to
20%, the AC system becomes the primary contributor to the eco-
nomic savings through energy-efficient on–off control during office
hours, leading to a slight increase in the overall PPD. When DCT/CT
increases from 20% to 40%, the lighting system takes a larger role in
the cost reduction regulation, initially cutting nighttime usage and
then reducing daytime usage, significantly increasing the overall
PPD. If DCT/CT further increases to the maximum reduction of
arting at 16:00, with a duration of 30–120 min and a power reduction of up to 10%– 
ower denoted as DPEV; (c) lighting system with its reduced power denoted as DPL.
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Fig. 8. Day-ahead scheduling based on TOU tariff: minimizing the PPD while adhering to the given operational cost reduction constraints.
46%, the EVs must be discharged just before departure during peak 
hours, resulting in low SOC and increasing the overall PPD to 41.3%.

3.3. Demand flexibility quantification and comparison

The SQ-based demand flexibility quantificati on method defined
in Section 2.2 is illustrated in Fig. 9 using the office building case. 
Here, we use DPPD, that is, the difference between overall PPD 
and the original overall PPD (PPD0) with no flexibility regulation
to assess ‘‘impact on SQ” (Fig. 3). The ‘‘energy flexibility” (Fig. 3) 
is expressed as the relative power reduction rate DP/P in real-
time load shedding and the relative cost reduction rate DCT/CT 
in day-ahead scheduling. The value of each curve at DPPD = 5%
serves as a reference point for quantitative comparisons.

In real-time load shedding, the EVs, even at a 30% electrification 
rate, usually provide greater flexibility potential than the station-
ary AC and lighting systems, but they exhibit stronger time-
varying characteristics. The EVs have a no-sacrifice point at DP/P = 
97% at 9:00; however, the curve gradually moves downward to 
zero as the departure times approach. The AC system typically 
showcases higher energy flexibility than the lighting system in
load shedding (i.e., all points on the curve) because of its higher
energy consumption and lower impact on human satisfaction.
However, the ranking of energy flexibility based on cost reduction
rate in day-ahead scheduling is different: The AC system has the
highest potential owing to its accumulated effect during the day,
followed by the EVs and the lighting system.

Moreover, different strategies for using these resources enable 
the whole building system’s energy flexibility to be exercised to 
varying degrees. The ‘‘SQ optimal” strategy, based on the proposed
framework, maximizes the energy flexibility across all the pro-
grams, as shown in Figs. 9(a-ii), (b-ii), (c-ii), and (d-ii). This strategy 
consistently engages the resource with the highest marginal flexi-
bility (i.e., minimum impact on SQ) in further increments of flexi-
ble regulation, as analyzed in Section 2.2, thereby adapting to the 
nonlinear relationships between the resources’ energy flexibility
and SQ, as shown in Figs. 9(a-i), (b-i), (c-i), and (d-i). Conversely, 
‘‘Sequential” and ‘‘Equal” strategies are less optimal and cannot
consistently outperform one another. As shown in Figs. 9(a-i), 
(b-i), and (c-i), the three resources exhibit a relatively clear order-
ing of their marginal flexibilities (i.e., P’ =  |dP/dPPD|) during each 
response period. As a result, the ‘‘Sequential” strategy is more
advantageous in real-time load shedding as it utilizes the resources
284
in a certain fixed order similar to the optimal descending order of 
marginal flexibility. However, the ‘‘Equal” strategy is more benefi-
cial in day-ahead scheduling. As shown in Fig. 9(d-i), the three 
resources have relatively close marginal flexibilities (i.e., CT’ = 
|dCT/dPPD|) that change dramatically with increasing DPPD; con-
sequently, this strategy equally utilizes the resources and avoids
relying on any single one at each DPPD to approach the ‘‘SQ opti-
mal” strategy.

4. Discussion 

4.1. Sensitivity analysis of human preferences

Human preferences for the SQ of various flexibility resources 
influence the system regulation strategies. This subsection con-
ducts a sensitivity analysis by adjusting the weighting factors of
the three flexibility resources, that is, aAC, aEV, and aL.

Fig. 1 0 illustrates the impact of human preferences on the reg-
ulation strategies in real-time load shedding programs. In every 
subgraph, as one resource’s a increases while the other two remain 
equal, this resource’s importance to the overall SQ increases, and 
thus its share in the total power reduction decreases or remains
unchanged at least. Nevertheless, the resources’ time-varying char-
acteristics result in different sensitivities of regulation strategies to
human preferences in different time periods. For the programs
starting at 9:00 (Fig. 10(a)), the requested load shedding can be 
realized solely by the EVs without impacting the SQ, as explained
in Fig. 6; thus, the regulation strategies are completely insensitive 
to the a values. For the programs starting at 18:00 (Fig. 10(c)), the 
requested load shedding (i.e., 20%) cannot be fully realized by the 
AC and lighting systems, despite operating at their maximum reg-
ulation thresholds, resulting in the regulation strategies also being
insensitive to the a values. However, for the programs starting at
15:00 (Fig. 10(b)), the three resources collectively realize the 
requested load shedding while impacting the SQ, making the a sig-
nificantly influence the regulation strategies.

Fig. 11 illustrates the impact of human preferences on the reg-
ulation strategies in day-ahead scheduling programs for cost
reduction. Similar to real-time load shedding in Fig. 10, as one 
resource’s a increases while the other two remain equal, this 
resource’s share in the total cost reduction decreases or remains
unchanged at least. Nevertheless, the relationship between energy
flexibility and SQ (Fig. 3) results in varying sensitivities of regula-
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Fig. 9. Demonstration of the SQ-based demand flexibility quantification method using the office building case: (a-c) DP/P in real-time load shedding increasing with PPD 
starting at (a) 9:00, (b) 15:00, and (c) 18:00; (d) DCT/CT in day-ahead scheduling increasing with PPD. (a-i), (b-i), (c-i), and (d-i) compare the three demand flexibility
resources. (a-ii), (b-ii), (c-ii), and (d-ii) compare the three strategies (Table 2) for utilizing these resources.

 

tion strategies to human preferences when requesting different
cost reductions. As shown in Fig. 11(a), the requested 10% cost 
reduction can be achieved without impacting the SQ because the 
no-sacrifice points of the AC system and EVs are 10% and 5%,
respectively (Fig. 9(d-i)); thus, the regulation strategies show 
insensitivity to the a values. As shown in Fig. 11(d), when the 
requested cost reduction approaches the maximum value of 46%
(Fig. 8), all the resources must fully harness their flexibility poten-
tial, reducing the influence of a . However, for programs with mod-
erate cost reductions, like 20% and 30% (Figs. 11(b) and (c)), the 
three resources collectively realize the requested cost reductions 
while impacting the SQ, making the a significantly influence the
regulation strategies.
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4.2. Limitations 

The physical machine models used in this study were simplified 
for calculation efficiency, for example, the first-order resistance–
capacitance model for an AC system with building thermal mass
(Eq. (10)) and the simplified EV charging/discharging model (Eq.
(13)). Future work can utilize advanced models, such as building 
energy simulation software (such as EnergyPlus) and EV battery
dynamic models (such as the modified Shepherd model) [52]  to
enhance calculation precision.

The models and scenarios selected for SQ evaluation in this 
study are based on established literature, as explained in Sections 
2.3 and 2.4. However, this specific office building case does not
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Fig. 10. Sensitivity analysis of human preferences in real-time load shedding: real-time load shedding programs with a 20% reduction in peak power lasting 60 min and
starting at (a) 9:00, (b) 15:00, and (c) 18:00. aAC + aEV + aL = 1.
encompass the full spectrum of possible real-world applications. 
Future research should explore diverse scenarios, including resi-
dential communities and industrial parks, necessitating models
tailored to reflect the SQ for various user groups there.

As discussed in Section 4.1, the weighting factors of flexibility 
resources’ SQ reflect human preferences, making them critical for 
system regulation strategies. While preset in this study, human 
preferences vary significantly across different scenarios, popula-
tions, and time periods. In future applications, the initial weighting
factors can be set based on literature or default values (such as
equal ai) and then gradually updated using user feedback, enhanc-
ing the generalizability and robustness of the proposed framework.

4.3. Future perspectives

Toward new-generation energy systems (Table 1), we call for 
interdisciplinary collaboration among researchers from different 
backgrounds to develop a new research field of ‘‘ergonomics in 
energy use.” This study is a pioneering initiative in this field to
bridge the energy system-oriented flexibility and the human-
oriented SQ, moving beyond engineering guidelines. Fig. 12 high-
lights future work spanning energy systems to human aspects.

First, from an energy system perspective, the standardized 
quantification of demand-side resource flexibility is critical. This
forms the foundation of an incentive design for maximizing the
286
exploration of demand flexibility. The quantification method
defined in Section 2.2 and discussed in Section 3.3 offers a fresh 
perspective on ‘‘demand regulation cost.” We illustrate this cost 
using dissatisfaction, which can be extended to the costs of other 
services, such as the disease burden for health assessments and 
the output rate for productivity evaluation. Additional detailed
work is needed to enable practical applications and balance the
demand regulation costs with the benefits from energy systems,
such as DR incentives, dynamic electricity price, and carbon price.

Second, the proposed framework uses physical machine models 
to characterize energy-consuming machines. These characteriza-
tion methods should balance the model accuracy and computation 
time. Thus, machine learning algorithms (or artificial intelligence) 
can be introduced to represent parts of the physical process that
are clear in principle but difficult in terms of parameter identifica-
tion or fast computation, such as the thermal dynamics of build-
ings for HVAC system controls [75] and aggregations [76]. 
Furthermore, advanced control methods, such as reinforcement
learning [77], can be applied to achieve optimal or near-optimal 
states when facing fluctuating inputs from energy systems and
users.

Third, it is essential to define principal TPs of various energy-
consuming machines. A desirable TP should be measurable for con-
trol purposes and faithfully reflect user demands. For single-
function devices, such as the SOC of EVs, identifying the TP is
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Fig. 11. Sensitivity analysis of human preferences in day-ahead scheduling: day-ahead scheduling programs with a cost reduction of (a) 10%, (b) 20%, (c) 30%, and (d) 40%.
aAC + aEV + aL = 1.
straightforward. However, for multiple-function devices or sys-
tems, such as thermal comfort parameters of HVAC systems [30], 
health parameters of indoor environment control systems [31], 
and lighting comfort parameters of lighting systems [32], defining 
a comprehensive TP is more complex and requires understanding
the interactions among multiple factors.

Fourth, the proposed framework uses human evaluation models 
to characterize the impacts on SQ. The demonstration case in Sec-
tion 3 focuses on human evaluation in a steady state, which is widely 
adopted in existing studies on human factors. Nevertheless, human 
evaluation in dynamic states better reflects real-world scenarios 
aligned with user deman ds (such as a dynamic thermal environment
[30]), necessitating further experiments. Moreover, the p roposed
287
framework requires an aggregated evaluation of SQ because energy 
systems serve groups of people (such as all occupants in a building). 
Thus, the heterogeneity of human demands poses a si gnificant diffi-
culty in establishing a human evaluation model [35]. Furthermore, 
since SQ covers many dimensions, such as comfort, health, safety, 
and productivity, the relationships between a TP and each dimension 
under various s cenarios remains unclear.

Fifth, from a human perspective, weighting the effects of vari-
ous resources on the overall evaluation is complex yet vital. Deter-
mining weighting factors in Eq. (2) is difficult because they are 
time- and scenario-dependent, and subject to different constraints. 
This can only be determined through more subjective experiments
under various scenarios.
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Fig. 12. Future perspectives of ‘‘ergonomics in energy use”: bridging energy system-oriented flexibility and human-oriented SQ.
5. Conclusion s

In the context of climate change, demand-side energy flexibility 
(defined as the two-way adaptive interaction between end users 
and energy systems) will be critical for future decarbonized and 
resilient energy systems. From a human–system interaction per-
spective, this study establishes the ‘‘ergonomics in energy use”
framework. The framework was demonstrated using an office
building featuring three flexibility resources (i.e., AC system, EVs,
and lighting system) to optimize the SQ in various power DR pro-
grams. The main contributions and conclusions are summarized as
follows:

(1) The framework connects the energy system and humans 
through various flexibility resources, each characterized 
successively using a physical machine model, a TP, and a human
evaluation model. In this way, the relationship between energy
system-oriented flexibility and human-oriented SQ is quantita-
tively established.

(2) The framework provides a strategy for the effective use of 
different flexibility resources, focusing on optimal segmentation 
and assignment of a total power regulation task to maximize the 
SQ. In the case study, this strategy guides the optimal utilization
of the AC system, EVs, and lighting system in real-time load shed-
ding and day-ahead scheduling programs, significantly enhancing
the building’s energy flexibility compared to conventional rule-
based strategies.

(3) The framework provides a new method to define SQ-based 
demand flexibility, specifically the maximum change in energy 
use for a given increment in SQ impact. This redefines the demand 
flexibility from an engineering concept to a social engineering con-
cept. In the case study, this method quantitatively compared the
flexibility of the AC system, EVs, and lighting system, clarifying
the advantage of the proposed optimal utilization strategy.
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