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PUBLIC SUMMARY
■   Proposes  a  framework  combining  electric  ride-hailing  vehicle  (ERV)  mobility  sharing  with  building  energy  sharing

demand to promote vehicle-to-building(V2B) interaction.

■   A  two-stage strategy oriented towards building energy  sharing to  guide  spatial  distribution of  ERV charging loads.

■   Pre-charging guidance matches the final car-hailing orders for ERVs triggered range alerts, considering the region of
building energy sharing requirement.

■   Guidance  strategy  recommends  building  charging  piles  that  maximizes  charging  satisfaction  for  ERV  drivers.
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With the characteristics of spatial-temporal flexibility, the charging load of
electric  vehicles  can  provide  excellent  flexibility  for  the  low-carbon  and
economical  operation  of  buildings,  via  implementing  rational  charging
guidance  strategies.  Focusing  on  the  electric  ride-hailing  vehicle  (ERV)
group,  a  charging  guidance  strategy  for  ERVs  is  established  oriented
towards  building  energy  sharing,  accounting  for  the  influence  on  spatial
distribution of charging loads caused by online car-hailing order matching.
First, combining ERV mobility sharing with building energy sharing demand
together,  an  urban  mobility-energy  sharing  service  framework  is
constructed and illustrated with the integration of information, energy, and
value  flows.  Then,  considering  the  spatial  effect  of  mobility  orders  on  the
following  charging  behavior,  a  two-stage  guidance  strategy  of  ERVs  is
proposed. The first stage deals with a pre-charging guidance problem with
final  car-hailing order  matching  for  ERVs  triggered  range  alerts  consider-
ing the region of building energy sharing requirement. Subsequently, in the
second  stage,  an  optimal  charging  station  recommendation  strategy  is
proposed  to  meet  the  refined  energy  sharing  demand  of  the  buildings
nearby,  considering  ERVs’ charging  decision-making  behavior.  Simulation
results verify that the proposed method successfully creates a synergistic
interaction between ERV charging loads and building energy sharing,  with
seamlessly improving the charging experience for ERV drivers.

 INTRODUCTION
 Research background

Building operational energy consumption accounts for 30% of the world’s
total  energy end-uses,  and its  related carbon emissions account for  26% of
global energy sector emissions.1 These figures underscore the imperative to
transition building energy systems toward green, low-carbon development2-4

and  to  advance  building  electrification.5,6 While,  with  the  integration  of
distributed  renewable  energy  and  the  rising  demand  for  uncertain  multi-
energy loads,  building  energy  management  (BEM)  faces  significant  chal-
lenges  due  to  volatile  price  and  carbon-containing  factor  of  external  power
supply. In this context, the energy sharing7,8 mechanism offers a novel solu-
tion  to  mitigate  power  supply-demand imbalances  in  building,9,10 as  well  as
enhancing  the  flexible  adjustment  capability11,12 and  operational  efficiency13

of  building  energy  system.  With  this  mechanism,  electric  vehicles  (EVs)
become a kind of promising medium to supply spatial and temporal flexible
load resources to participate in BEM through charging-price guidance strate-
gies.14

The  past  decade  has  witnessed  a  remarkable  surge  in  the  global  EV

market. With  sales  exceeding  17  million  units  in  2024  and  projections  indi-
cating  a  global  stock  of  hundreds  of  millions  by  2030,15 the  ecosystem  is
rapidly evolving. Meanwhile, with the thriving sharing services,16,17 the number
of electric ride-hailing vehicles (ERVs)18-20 is  becoming non-negligible.  ERVs,
characterized  by  prolonged  operational  duration  and  frequent  charging
patterns, are  regarded  as  pivotal  assets  for  coordinated  charging  manage-
ment  within  integrated  power-transportation  networks.21-23 Similarly,  their
potential  as  interactive  resources  with  building  energy  systems  presents
significant  opportunities  for  enhancing  the  flexibility  and  low-carbon opera-
tion of urban buildings. Distinct from private vehicles, ERVs’ operational data
are consolidated through ride-hailing platforms, and their routing is predomi-
nantly  order-driven.  By  integrating  ERVs’ charging  demands  with  urban
buildings’ energy  sharing  needs  on  ride-hailing  platforms,  trip  assignments
can  be  coordinated  with  charging  schedules,  guiding  vehicle-to-building
(V2B)  interactions  and  fostering  low-carbon  synergy  between  electrified
transportation and buildings.

 Existing work and research objective
Currently, EVs are widely utilized in vehicle-to-grid (V2G) and V2B interac-

tions24 due to their ability to regulate spatially and temporally variable electri-
cal  loads.  Existing  studies  on  EV  charging  load  guidance  strategies  can  be
divided  into  two  categories:  time-dimensional  guidance  and  space-dimen-
sional guidance.  Temporal  guidance primarily  focuses on optimizing charg-
ing schedules,  leveraging the flexible load characteristics of EVs to enhance
grid  operational  economy  and  security,  such  as  promoting  the  local
consumption  of  new  energy,25 improving  the  voltage  of  the  distribution
network,26 and  reducing  the  peak-valley  load  difference.27 However,  this
approach requires significant temporal flexibility from EVs, making it difficult
to apply to ERVs, which rely on fast charging and have the characteristic of
uninterrupted charging loads in time.

In  recent  years,  growing  scholarly  attention  has  been  directed  toward
space-dimensional  charging  guidance  strategies,  which  mainly  covering
three  areas:  charging  path  optimization,28 dynamic  charging  navigation29-31

and charging station recommendation.32 Su et al.29 introduced a multi-agent
deep reinforcement learning algorithm by integrating modeling of three-party
information  from  transportation  networks,  charging  stations  (CSs),  and
drivers, offering a new paradigm for charging navigation. Based on a hierar-
chical cyber-physical system, Tao et al.30 employed distributed crowd-sens-
ing  technology  to  achieve  fast  CS  assignment  and  charging  navigation  to
EVs.  To  address  the  issue  of  distribution  network  voltage  violation,  Sun  et
al.31 proposed  a  three-layer  hierarchical  voltage  control  strategy  with
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customized charging navigation in the second layer,  establishing a charging
decision-making  model  covering  six  drivers’ preference  modes.  Habbal  et
al.32 integrated user preferences with multi-attribute decision-making theory
to propose a novel CS recommendation scheme, providing users with accu-
rate and personalized charging suggestions. These studies focus on general
EVs,  not  available  to  the  order-oriented  feature  of  ERVs,  whose  routes  are
highly dependent on the spatial distribution of real-time mobility orders.

More critically,  there is an inherent time conflict between charging behav-
iors of ERVs and their order-accepting behaviors. Due to their unique opera-
tional  characteristics,  scholars  have  conducted  a  series  of  studies  on  ERV
charging  guidance.  Yi  et  al.33 proposed  a  comprehensive  scheduling  and
charging management framework for autonomous electric ride-hailing fleets
to  improve  transportation  system  operational  and  energy  efficiency  via
centralized  optimization.  To  address  centralized  scheduling  defects,  Wang
et  al.34 used  a  multi-agent  reinforcement  learning  framework  to  optimize
urban  ERVs’ daily  operations,  covering  scheduling,  charging,  and  order
response.  Li  et  al.35 integrated  charging  and  order-accepting  decisions-
making  into  a  Markov  decision-making  process,  developing  a  two-stage
heuristic coordinated reinforcement learning method that outperforms tradi-
tional approaches in driver income, passenger experience, and CS utilization.
Li  et  al.36 first integrated  stochastic  guidance,  matching,  and charging  deci-
sion-making into a data-driven stochastic optimization framework. Zhong et
al.37 constructed  a  charging  navigation  method  to  provide  optimal  charging
period  and  path  to  balance  the  load  of  CSs,  divert  traffic  flow,  and  improve
the operating income of  electric  taxis.  Ni  et  al.38 jointly  modeled idle  electric
taxi  charging  scheduling  and  taxi-calling  task  assignment,  innovatively
proposing  a  task  allocation  framework  that  provides  a  reliable  solution  for
electric taxi-hailing platform scheduling. While, the combined time and space
sequence modeling of ERVs still requires further research to support mobility-
order matching and charging recommendation.

As for the interaction between EVs and buildings, existing researches have
shown  that  EV  charging  loads  can  participate  in  building  demand-side
management, thereby enhancing the local consumption of renewable energy,
reducing building energy costs,  and lowering carbon emissions. Patankar et
al.39 developed a scalable LSTM model to predict the charging and discharg-
ing power of EVs to support EV participation in BEMS. Dai et al.40 established
a  real-world  dataset  encompassing  different  CSs,  revealing  the  inherent
behavioral and energy-use coupling between electric vehicles and buildings.
This provides data support for EV participation in BEMS. However, it lacks of
the research on the interaction of ERVs and building, collaboratively consid-
ering mobility sharing and energy sharing.

In  summary,  existing  studies  mainly  concentrated  on  the  overall  benefit
optimization of ERV fleet operators, considering passenger matching, vehicle
scheduling,  and  charging  guidance  jointly.  Few  have  considered  the  last
mobility  order’s  guiding  role  in  the  spatial  distribution  of  charging  load
oriented to buildings’ energy sharing requirement.  When the state of charge
(SOC) is close to the range anxiety threshold of drivers, ERV charging behav-
ior  can  be  effectively  guided  by  a  consecutive  decision-making  framework,
with passenger  mobility  order  matching followed by  CS selection.  Addition-
ally, charging queuing time, a key factor affecting charging behavior, requires
more  refined  calculation  by  a  dynamic  CS  queue  model  considering  multi-
vehicle competition. Thus, a two-stage charging guidance strategy for ERVs
is  proposed  here,  based  on  the  establishment  of  an  urban  mobility-energy
combined sharing service framework. The main contributions are as follows:

1)  Construct  an  urban  mobility-energy  sharing  service  framework  based
on the  existing  ride-hailing platform,  and specifically  elaborate  on the  infor-
mation-energy-value  flow  (3-Flow)  interaction  mode  and  operation  time
sequence of the sharing service modules.

2) Propose an ERV charging pre-guidance mechanism that embeds mobil-
ity service chains into charging behavior guidance. By guiding the last order
of  ERVs,  the  spatial  distribution  of  charging  demand  is  dispersed,  further
improving the charging experience for ERVs.

3)  Introduce  an  optimal  CS  recommendation  system  based  on  real-time
information, achieving process linkage with pre-charging guidance (PCG) and
providing  an  effective  regulation  means  for  participating  in  building  energy
sharing.

 MATERIALS AND METHODS
 Urban mobility-energy sharing service framework

 Combined  sharing  service  framework. Driven  by  the  dual  demands  of
guiding  the  charging  behavior  of  ERV  and  optimizing  BEM,  this  paper
proposes  an  urban  combined  mobility-energy  sharing  service  framework.
The  core  function  of  existing  car-hailing  platforms  is  passenger  mobility
order  matching  with  ERVs.  Building  upon  this,  our  framework  integrates
charging  guidance  function  into  current  platform.  Note  that  the  integrated
charging guidance function include two key services for  ERVs:  PCG and CS
recommendation,  to  promote  energy  sharing  between  ERVs  and  buildings.
Thus, the proposed framework can be operated with the following four func-
tional modules.

(1) Mobility order matching
A  delayed  centralized  dispatching  strategy  is  employed  to  match  ERVs

with passenger mobility demands. This strategy achieves an optimal match-
ing  by  synthesizing  real-time  mobility  data  (e.g.,  origins,  destinations,  time
windows),  ERV  status  information  (e.g.,  location,  state  of  charge,  service
status), while ensuring all constraints on user service quality are met.

(2) Pre-charging guidance
The range anxieties of ERV drivers can be preset to the platform, or can be

observed  from  their  usual  charging  habits  by  the  platform.  When  the  real-
time  ERVs’ SOC  approximate  the  thresholds,  they  are  triggered  to  start  the
PCG  stage  by  the  platform.  In  this  stage,  the  platform  can  make  one  last
mobility  order  matching  for  each  of  these  ERVs  before  recharge.  Different
from the normal mobility order matching, the mobility order matching here at
PCG stage combined the mobility order and the next stage of CS recommen-
dation  together  by  taking  the  regional  charging  prices  of  buildings  into
account. Based on the discrete event simulation method, the platform simu-
lates  ERV drivers’ charging selection  behavior  and its  spatiotemporal  distri-
bution  through  the  coupled  optimization  of  mobility  orders  and  charging
decisions, ultimately screening mobility orders that maximize charging satis-
faction.  This  PCG  stage  can  effectively  disperse  the  spatial  distribution  of
charging  demand  by  using  mobility  orders,  thereby  improving  the  charging
experience  of  ERV  drivers,  as  well  as  considering  buildings’ energy  sharing
requirement reflected by their charging price.

(3) CS recommendation
Upon  completing  the  final  mobility  order  assigned  in  PCG  stage,  an  ERV

needs a  suitable  CS  recommended  to  meet  its  charging  demand.  To  over-
come  drivers’ limited  capacity  for  information  processing,  the  platform  can
recommend  several  stations  according  to  their  charging  satisfaction.  The
recommendation  synthesizes  three  key  factors:  building-released  charging
prices,  driving  times  derived  from  real-time  traffic,  and  charging  waiting
times estimated from dynamic station queues. In contrast to the PCG stage,
which relies on simulation to forecast behavior, critical uncertainties, like traf-
fic  conditions  and  charger  availability,  now  resolve  into  determinate  ranges
as  the  vehicle  approaches  its  charging  event.  Leveraging  these  high-confi-
dence  and  multi-source  data,  the  platform  generates  a  globally  optimal  CS
selection for the ERV.

(4) CS information update
To realize the functions of PCG and optimal CS recommendation, the plat-

form not  only  needs to  integrate  mobility  order  information  and ERV status
information, but also needs to update and process multi-dimensional data of
regional  CSs,  including  the  charging  piles  of  energy-sharing  buildings.  The
information that needs to be updated mainly includes the real-time charging
prices, charging queues, geographic locations of idle charging piles.

Regarding the above four major modules,  mobility order matching mainly
realizes the mobility  sharing service of  the platform,  while  PCG and optimal
CS  recommendation  form  a  two-stage  coupled  charging  guidance  method
for ERVs to assist in completing the buildings’ energy sharing service of the
platform. CS information collection and update provides information support
for the energy sharing service. Based on these two services of mobility shar-
ing and energy sharing,  the platform can not only efficiently match passen-
gers’ mobility  orders,  but  also  improve  the  charging  experience  of  ERV
drivers, and address the BEM problems with energy sharing.

 The information-energy-value flow interaction mode. The 3-Flow inter-
action mode of the mobility sharing and the energy sharing service is speci-
fied as follows.
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(1) 3-Flow interaction mode of the mobility sharing service
Passengers  send  mobility  requests  and  transmit  relevant  information  to

the platform. The platform matches suitable ERVs for passengers by collect-
ing real-time location and SOC status of ERVs, and feeds back the matched
vehicles information to  the passengers.  ERVs pick  up and drop off  passen-
gers  in  accordance  with  the  dispatch  instructions  from  the  platform  to
complete mobility orders, and then passengers pay service fees to the ERVs
to  complete  value  transmission.  Finally,  the  platform  deducts  platform
service fees from each mobility order, realizing value transmission from ERVs
to the platform.

(2) The 3-Flow interaction mode of the energy sharing service
When the SOC status of an ERV is close to the range anxiety threshold, a

PCG request is triggered by the platform automatically. At this time, the plat-
form  starts  the  mobility  order  matching  for  PCG,  based  on  the  updated  CS
information  of  buildings,  the  SOC  status  of  ERVs,  and  the  real-time  travel
request  of  passengers.  Once  PCG  is  finished,  i.e.  the  last  mobility  order  is
completed,  the  CS  recommendation  service  begins  by  the  platform  for  the
ERV.

Thus,  the energy sharing service  is  mainly  divided into  two stages:  in  the
first stage, the matching of the last mobility order is completed before charg-
ing, on the basis of simulating the charging selection behavior of ERVs. The 3-
Flow interaction mode in this stage is similar to that of normal mobility shar-
ing service,  but additionally  considers the regional  buildings’ energy-sharing
charging  price  information.  In  the  second  stage,  the  recommended  CS  is
optimized  for  ERVs  that  finished  last  ride-hailing  order.  According  to  the
collected  charging  location  and  price  information,  the  optimal  CS  decisions
are  made  comprehensively  considering  the  driving  time,  waiting  time  and
charging cost. At this time, the platform releases the recommendation infor-
mation to both the ERV and the building simultaneously. Upon arrival at the
CS,  ERVs  begin  charging  via  piles  in/around  the  buildings  to  meet  their
energy-sharing requirement. The ERVs pay for the charging to the buildings
to  realize  value  transmission.  Both  of  the  energy  and  value  transmission  is
ultimately achieved through the information interactions among the platform,
ERVs and Passengers.

 Module  operation  sequence. Within  the  urban  mobility-energy  sharing
service  framework,  a  key  coupling  exists  between  the  mobility  sharing  and
energy sharing services,  as the PCG for  energy sharing directly  depends on
the  outcomes  of  mobility  order  matching.  Furthermore,  the  updating  CS
information  is  dynamically  influenced  by  both  the  PCG  and  the  optimal
station recommendation  processes.  To  make  the  operation  of  four  func-
tional  modules  fluently,  a  standardized  operational  sequence  is  established,
illustrated in Figure 1.

 Building-side  energy  sharing  mechanism. The  core  mechanism  of  the
building-side  energy  sharing  lies  in  guiding  the  spatial  distribution  of  ERV
charging  loads  through  dynamic  charging  prices,  thereby  optimizing  the
operational efficiency  of  the  building  energy  system.  Specifically,  the  build-
ings accordingly set charging prices for their charging piles on the platform.
These  prices  are  determined  based  on  real-time  factors  including  internal
renewable  energy  generation,  distributed  flexible  energy  resources,  multi-
energy load requirement, and the external power prices and carbon emission
factors.  Thus,  the  charging  price  from  a  building  signal  the  internal  energy

production and consumption, as well as green value of charging at that loca-
tion. By strategically reducing charging prices during periods of high renew-
able output, buildings can attract more ERV charging, thereby directly chan-
neling electric  vehicle  demand to enhance the local  consumption of  renew-
able energy.

 Two-stage charging guidance strategy
 CS dynamic queue problem description. Based on the idea of simulation

clock advancement in discrete-event systems, a three-layer queue model is
formulated to simulate the dynamic queuing of CSs. This model divides the
CS  queue  into  reservation  queue,  waiting  queue,  and  charging  queue,  as
shown in Figure 2. The queues are updated dynamically through the progres-
sion of four types events in ERV CSs: CS reservation, arrival at the CS, start of
charging, and end of charging.

CSt = {cs1,t, · · · ,csk,t, · · · ,csK,t}
Assuming the traffic road network contains K CSs, the set of CSs at time t

is  represented  as .The  information  of  CSs
mainly  includes their  location,  the number of  charging piles,  and three-layer
queue information. The information is defined using Equation (1). 

csk,t = {lk,nk, [Mk (t) ,Nk (t) ,Gk (t) ,qk (t)]} (1)

lk nk

Mk (t) Nk (t) Gk (t)
qk (t)

Where,  denotes the location of CS k;  represents the number of charging
piles at CS k; , ,  indicates the number of ERVs in the reserva-
tion,  waiting,  charging  queue  at  time t separately;  indicates  the  set  of
charging end times for all  ERVs in the three-layer queue at time t (sorted in
ascending order).

Requesting and reserving charging of ERVs is defined as Event R. Arriving
at CS is defined as Event A. Starting charging is defined as Event J, and leav-
ing CS is defined as Event L.

When  an  ERV  submits  a  charging  request  and  ultimately  selects  CS k,
Event R is  triggered,  adding  a  new  time  node  to  its  corresponding  set.  The
arrival  time is  calculated based on the distance between the ERV and CS k,
then updates Event A. Subsequently, Event J and L are updated according to
waiting duration and charging duration. Therefore, the time sets of Event R, A,
J and L at CS k are represented as follows. 

HR
k =

{
Tr

k,1,Tr
k,2, · · ·

}
,HA

k =
{
Ta

k,1,Ta
k,2, · · ·

}
(2,3)

 

HJ
k =

{
Tj

k,1,Tj
k,2, · · ·

}
,HL

k =
{
Tl

k,1,Tl
k,2, · · ·

}
(4,5)

Tr
k,1

Ta
k,1 T

j
k,1 Tl

k,1

Where,  represents  the  time  node  corresponding  to  the  ERV  that  first
submits a charging request in the current CS queue.   and  respec-
tively  represent  the  time  nodes  corresponding  to  the  ERV  that  first  arrives,
starts  charging,  and  leaves  the  CS.  By  counting  the  time  nodes  of  all  four
types of events that ERVs trigger, the time set T of all events is obtained. 

T= HR∪HA∪HJ∪HL = {T1,T2, . . . ,Tf, . . . ,TF} (6)

Tf

Wk (Tf)

Xk (Tf) Yk (Tf)

Zk (Tf)

For  Charging  CS k at  each  time  node  in  the  time  set T,  define  binary
variables  to  denote  whether  an  ERV  reserves  CS k under the  guid-
ance of the station recommendation, as shown in (7). Besides, , ,

 separately  represents  whether  an  ERV  arrives,  starts  charging,  and
leaves CS k or not, defined as (8-10). 

Wk (Tf) =

{
1,Tf ∈ HR

k

0,Tf /∈ HR
k

,Xk (Tf) =

{
1,Tf ∈ HA

k

0,Tf /∈ HA
k

(7,8)

 

Yk (Tf) =

{
1,Tf ∈ HJ

k

0,Tf /∈ HJ
k

,Zk (Tf) =

{
1,Tf ∈ HL

k

0,Tf /∈ HL
k

(9,10)

Tf Sk (Tf)The total queuing number of ERVs at time node  , defined with , is
expressed as: 

Sk (Tf) =Mk (Tf)+Nk (Tf)+Gk (Tf) (11)

Tf+1At time , the moment when the next event occurs, the number of ERVs
in each queue of CS k can be updated by Equation (12). 

 

t1 t2 t3 t4 t5

t1 t2 t3 t4 t5 t6

T1 T2 T3 T4 T5

t t t t

T1 T2 T3 T4 T5

Charging station
information update

Optimal charging station
recommendation

Pre-charging guidance

Mobility order matching

Time nodes for charging station information update

Time nodes for passenger mobility order appearance

Time nodes for charging station recommendation optimization

Time nodes for pre-charging guidance optimization

Figure 1.  Module operation sequence of mobility-energy sharing service
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
Mk (Tf+1) =Mk (Tf)+Wk (Tf)−Xk (Tf)

Nk (Tf+1) = Nk (Tf)+Xk (Tf)−Yk (Tf)

Gk (Tf+1) = Gk (Tf)+Yk (Tf)−Zk (Tf)

Sk (Tf+1) = Sk (Tf)+Wk (Tf)−Zk (Tf)

(12)

Tg
n

Ta
n

Assuming PCG of ERV n is completed at time , the time of ERV arrival at
CS  can be calculated using (13): 

Ta
n = Tg

n+
dis⟨ln,t, lk⟩

Vet
(13)

dis⟨ln,t, lk⟩
ln,t lk Vet

Tg
n Ta

n

HR
k HA

k

Where,  denotes the shortest  path length between the ERV’s loca-
tion  and the CS’s location , calculated by the Dijkstra algorithm,  repre-
sents the average speed of the ERV on urban roads. Base on  and , The
time set  and  of Event R and A can be updated.

T≥ Ta
n

qk(Ta
n) = {T̃l

k,1, T̃l
k,2, · · ·} twn,k

Furthermore,  the  charging  end  times  of  ERVs  in  the  charging  queue  are
sorted in  ascending order.  Specifically,  by  filtering time nodes where 
from  the  time  set  of  Event L,  a  sorted  charging  end  time  set

 is constructed. Thus, the waiting time  for ERVs can
be calculated using (14). 

twn,k =

{
0,Nk (Ta

n)+Gk (Ta
n)< nk

qk (Ta
n) [Nk (Ta

n)+Gk (Ta
n)−nk+1]−Ta

n,Nk (Ta
n)+Gk (Ta

n)≥ nk

(14)

qk (Ta) [x]
qk (Ta)

Where, denotes  the x-th  element  in  the  charging  end  time  set
.

nk = nk−1
tchn,k

At this point,  if  a charging pile at CS k is damaged, update the number of
available charging piles at CS k though . The calculation for charg-
ing duration  of ERVs is derived as (15). 

tchn,k =
se
nEet

n −Ea
n

ηc
kPc

k

(15)

se
n Eet

n

Ea
n ηc

k

Pc
k

HJ
k HL

k

HJ
k HL

k

Where,  indicates the driver’s desired SOC;  is the battery capacity of the
ERV;  indicates the remaining battery capacity when ERV arrives at CS; 
stands for charging efficiency;  denotes the charging power. Then, the time
sets  and  for Events J and L need to be updated. As for the ERVs that
complete  CS  reservations  before n but  arrive  later,  their  corresponding
elements  in  and  should  be  modified,  and  the  charging  waiting  time
recalculated accordingly.

ETt = {et1,t, · · · ,etn,t, · · · ,etN,t}
Pt = {p1,t, · · · ,pm,t, · · · ,pM,t}

CSt = {cs1,t, · · · ,csk,t, · · · ,csK,t}

 Pre-charging  guidance  strategy  for  ERVs. Define  the  information set  of
ERVs  sending  PCG  requests  at  time t as ,  the
travel order set of the passengers as , queue infor-
mation  set  of  CS  as .  The  elements  of  these
sets can be defined as (16)-(18). 

etn,t = {ln,t,sn,t} (16)
 

pm,t = {om,t,dm,t} (17)
 

csk,t = {lk,nk, [Mk (t) ,Nk (t) ,Gk (t) ,qk (t)]} (18)

ln,t sn,t

om,t dm,t m
Where,  represents the location of ERV n at time t;  denotes the SOC of
ERV n;  and  are the origin and destination of passenger ’s mobility
order.

The PCG strategy for ERVs is generated via following steps.
Step 1: PCG request collection
When an ERV’s SOC is close to the range anxiety threshold, PCG requests

can be automatically  generated and sent to the platform via terminal  Appli-
cation. At this point,  upon receiving the request,  the platform collects all  the
PCG requests within the time period [t-∆t, t] and processes them uniformly at
time t. Based on the chronological order of PCG requests submitted by ERVs
during  the  period  [t-∆t, t],  the  platform sequentially  executes  the  matchable
order scanning and the optimal mobility order matching procedure.

Step 2: Screening of Pre-guidance matchable orders

MAt = {ma1,t, · · · ,man−1,t}

etn,t Pt

CSt

P′n,t

Taking  ERV n participating  in  PCG  as  an  example,  ERVs  that  submitted
PCG  requests  before  ERV n during  the  time  period  [t-∆t, t]  have  completed
optimal mobility order matching, and the matching results are assumed to be

. The platform needs to screen mobility orders that
can meet the PCG requirements of the ERV based on the location and SOC
information ,  the  origin  and  destination  information  of  the  mobility
order  set,  and  the  location  information  of  the  CSs.  These  orders  are
defined as pre-guidance matchable orders .

The  screening  process  for  pre-guidance  matchable  orders  is  listed  as
follows:

Pt

1)  First,  the  platform  conducts  a  primary  screening  on  the  mobility  order
set  based  on  the  origin-destination  pairs  of  each  passenger,  retaining
mobility orders that meet the following conditions for ERV n: 

dis⟨ln,t,om,t⟩
Vet

≤ tw,max (19)

dis⟨ln,t,om,t⟩
ln,t om,t m tw,max

Where,  represents the  shortest  path  lengths  between  the  loca-
tion  of ERV n at time t and the origin  of passenger ’s mobility,  is
the maximum acceptable waiting time for passengers.

2)  For  the  mobility  orders  retained  after  the  primary  screening,  a  further
screening  is  performed  to  verify  whether  ERV n can  reach  the  nearest  CS
after  order  completion  given  its  current  SOC.  This  further  screening  retains
mobility orders should meet (20). 

sn,tEet
n −ΔEet

n (dis⟨ln,t,om,t⟩+dis⟨om,t,dm,t⟩
+min{dis⟨dm,t, lk⟩ ,k ∈ K})≥ smin

n Eet
n

(20)

ΔEet
n smin

nWhere,  is  the  power  consumption  per  kilometer  of  ERV n;  is  the
minimum acceptable SOC threshold for ERV drives.

MAt = {ma1,t, · · · ,man−1,t}

3)  Since each passenger  can only  be assigned to  one ERV,  the pre-guid-
ance matchable orders of ERV n must not conflict with the mobility orders in
the matching result , thus completing the screening
process.

Step 3: Optimal mobility order matching for ERVs under PCG
The  optimal  mobility  order  matching  model  is  designed  to  simulate  the

charging  selection  behavior  of  ERV  drivers  under  different  matching
schemes, and complete passenger-ERV matching with the goal of maximiz-
ing drivers’ charging satisfaction.

etn,t P′n,t =
{
p′1,t, · · · ,p′m,t, · · · ,p′M,t

}
man,t ∈ P′n,t

Following the screening process,  the set  of  matchable mobility  orders for
ERV  is  updated  to . The  platform  subse-
quently  simulates  the  CS  selection  results  of  the  ERV  after  completing  the
corresponding mobility orders under different matching schemes .

man,t = p′m,tTaking  the  matching  scheme  as  an  example,  the  specific
simulation  process  of  charging  selection  behavior  for  ERV  is  organized  as
follows.

man,t

p′m,t

etn,t
csqn,m,t

1) Under the matching scheme , the position and SOC of the ERV can
be determined after completing the mobility order .  Thus, the set of CSs
accessible  to  ERV is  identified.  Combining  the  CS  selection  range  with ,
the candidate CS queue  is ultimately obtained. 

 

⋯ ⋯⋯
⋯ ⋯⋯
⋯ ⋯⋯

⋮

⋮ ⋮
⋮

⋮
⋮

Reservation queue Waiting queue Charging queue Charging station

Event R  Event A  Event J  Event L  

Figure 2.  Three-layer dynamic queue model of CS
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csqn,m,t = {xn,m,1, · · · ,xn,m,k, · · · ,xn,m,K} (21)
 

xn,m,k =


1,sn,tEet

n −ΔEet
n (dis⟨ln,t,om,t⟩+dis⟨om,t,dm,t⟩+dis⟨dm,t, lk⟩)≥ smin

n Eet
n

and dis⟨om,t,dm,t⟩ ≤ dcs,max

0,sn,tEet
n −ΔEet

n (dis⟨ln,t,om,t⟩+dis⟨om,t,dm,t⟩+dis⟨dm,t, lk⟩)< smin
n Eet

n

and dis⟨om,t,dm,t⟩> dcs,max

(22)

xn,m,k

dcs,max

Where,  indicates whether the charging CS k is in the candidate CS queue
of  ERV n,  if  ERV  can  reach  CS k,  the  value  equals  1,  else  equals  0; 
represents  the  CS  search  range  of  the  ERV,  i.e.  the  maximum  acceptable
distance to a CS.

qcsk,t

csqn,m,t csqn,m,t

qcsk,t

csqn,m,t [k] = 1 qcsk,t

2) Update of the selected queue  for CS k based on the candidate CS
queue  of ERV n. When the value of the k-th element in  equals
to  1,  CS k is  a  potential  candidate  for  ERV n,  then  add  the  ERV n to  the
selected queue  of  the corresponding station based on the principle of

.  The  specific  update  for  the  queue  set  is  expressed  as
(23). 

qcsk,t←

{
qcsk,t∪{etn,t} ,csqn,m,t [k] = 1
qcsk,t,csqn,m,t [k] = 0

,k ∈ K (23)

3) Based on the selected queue of the CS and the queue information of the
CS,  the  probability  distribution  of  the  queuing  waiting  time for  the  ERV n to
select CS k can be obtained.

t′

pm,t

First,  update the time sequence to the time  when the ERV n completes
the mobility order  and arrives at the CS k with (24). 

t’ = t+
dis⟨ln,t,om,t⟩+dis⟨om,t,dm,t⟩+dis⟨dm,t, lk⟩

Vet
(24)

twn,k
[Mk (t

′
) ,Nk (t

′
) ,Gk (t

′
) ,qk (t

′
)] t′

The  queue  waiting  time can  be  directly  calculated  according  to  CS k’s
queue information  at time  and (14).

However,  among  the  ERVs  that  have  completed  optimal  mobility  order
matching,  there is still  a  subset of  ERVs in the PCG stage that have not yet
made  their  final  CS  selection  decision.  The  competitive  relationships  for
charging  service  resources  between  these  ERVs  and  ERV n persists, mani-
fested  primarily  as  follows:  the  charging  selection  behavior  of  such  ERVs
may alter the relative position of ERV n in the target station’s selection queue,
thereby  affecting  its  charging  waiting  time.  In  this  scenario,  the  charging
selection  behavior  of  ERV n becomes a  decision-making  process  based on
queuing risk.

qcsk,t

Vk,t

qcsk,t

eta,t etb,t
px,t py,t eta,t etb,t eta,t

etb,t qcsk,t

To establish this ERV risk decision-making scenario,  the candidate queue
of CSs must first  be reorganized based on the chronological  order of  ERVs’
arrival in the queue . This reorganized queue is referred to as the virtual
queue . Considering that CS’s queuing system adopts the first-come-first-
served principle, an ERV’s position in the virtual queue is associated with the
time sequence of its arrival at CS. Therefore, the queue  is reorganized.
For example,  assume that  the matched mobility  orders for  and  are

 and ,  respectively.  When  and  satisfy  (25),  will be  posi-
tioned ahead of  in the queue . 

dis⟨la,t,ox,t⟩+dis⟨ox,t,dx,t⟩+dis⟨dx,t, lk⟩ ≤ dis⟨lb,t,oy,t⟩+dis⟨oy,t,dy,t⟩+dis⟨dy,t, lk⟩
(25)

Vk,t

qcsk,t

Vk,t[etn,t] etn,t Vk,t twn,k
etn,t

The virtual queue  achieves the sorting of the ERVs’ arrival sequence at
CS k within  the  selected  queue .  Furthermore,  based  on  the  position

 of  in the virtual queue , the charging queue waiting time  of
 can be obtained. 

twn,k (Vk,t [etn,t]) =


0 ,Mk (t’)+Nk (t’)+Gk (t’)+Vk,t [etn,t]−1< nk

qk (t’) [Mk (t’)+Nk (t’)+Gk (t’)+Vk,t [etn,t]−nk]− t’

,Mk (t’)+Nk (t’)+Gk (t’)+Vk,t [etn,t]−1≥ nk

(26)

Vk,t[etn,t] Vk,t

Tw
n,k

For ERVs positioned ahead of  in virtual queue ,  their decisions
on whether to charge at CS k constitutes an uncertain event. After account-
ing  for  charging  uncertainty,  the  probability  distribution  of  can  be

expressed by (27)-(28). 

Tw
n,k =

{
twn,k (1) ,pk,1; · · · ; twn,k (x) ,pk,x; · · · ; twn,k (Vk,t [etn,t]) ,pk,Vk,t[etn,t]

}
(27)

 

pk,x =
Cx−1

Vk,t[etn,t]−1

2Vk,t[etn,t]−1
=

(Vk,t [etn,t]−1)!
(x−1)!(Vk,t [etn,t]−x)!

2Vk,t[etn,t]−1
(28)

pk,x

etn,t
Where,  represents  the  probability  distribution  of  different  queue  waiting
time for .

Tw
n,k

Cn,k,t

4) Based on the probability distribution of , the comprehensive charging
cost  of  ERV  in  risk  decision-making  scenarios  can  be  obtained  using
(29)-(31). 

Cn,k,t = vot∑
Vk,t[etn,t]
x=1

[
twn,k (x)+ trn,k

]
pk,x+Cch

n,k
(29)

 

trn,k =
dis⟨ln,t, lk⟩

Vet
(30)

 

Cch
n,k = ρk,t

(se
n−sn,t)Eet

n +ΔEet
n (dis⟨ln,t,om,t⟩+dis⟨om,t,dm,t⟩+dis⟨dm,t, lk⟩)

ηc
k

(31)

vot
Cch

n,k

ρk,t k
t

Where,  is the time-value factor, representing the conversion between the
time cost attributes and fee cost attributes;  is the fee that ERV n pay after
completing the charging at CS k;  represents the charging price at CS  at
time .

csqn,m,t

Finally,  the  ERV n will  select  the  CS  with  the  minimum  comprehensive
charging cost from the candidate CS queue . 

argmin
k∈K,csqn,m,t [k]=1

[Cn,k,t] = argmin
k∈K,csqn,m,t [k]=1

[
vot

Vk,t[etn,t]
∑
x=1

[
twn,k (x)+ trn,k

]
pk,x+Cch

n,k

]
(32)

P′n,t =
{
p′1,t, · · · ,p′m,t, · · · ,p′M,t

}5) Furthermore, the optimal mobility order is determined from the match-
able  mobility  orders  for  ERV n.  The  specific
matching objective function is (33). 

min
man,t∈P′n,t

[
argmin

k∈K,csqn,m,t [k]=1
Cn,k,t

]
(33)

Through  Step  1 - Step  3,  the  PCG  for  ERVs  based  on  mobility-sharing
services  ultimately  is  completed.  The  complete  matching  process  for  all
ERVs in PCG stage within the time period [t-∆t, t] can be found in Figure S2.

 Optimal  CS  recommendation  decision-making  for  ERVs. The  platform
achieves the last mobility order’s optimal matching for ERVs via PCG based
on the  mobility  sharing  service,  effectively  improving  the  charging  satisfac-
tion.  To further  optimize the charging experience of  ERV drivers,  an optimal
CS recommendation service is introduced, i.e.  the second stage of charging
guidance.  According  to  the  real-time  information  of  ERVs  after  completing
the PCG mobility orders, the service recommends the CS with the minimum
comprehensive charging cost from the candidate CS queue for drivers.

To ensure the decision-making accuracy of the optimal CS recommenda-
tion  module,  a  CS  queue  update  module  is  introduced  to  update  the  queue
status based on four types of events: Event R, Event A, Event J, and Event L.
The  specific  update  methods  for  the  three-layer  dynamic  queue  and  virtual
queue of the CS when different types of events are triggered are as follows.

etn,t
etn,t

trn
HR

k

xn,m,k = 1 csqn,m,t

Vk,t

etn,t

1) Upon completion of  the PCG phase,  the platform activates the optimal
CS  recommendation  module  for  ERV .  Based  on  the  recommendation
result,  the  ERV  submits  a  charging  request  to  the  corresponding  CS k
and  join  the  charging  reservation  queue.  This  action  triggers  a  charging
request event R,  and a corresponding time node  is  added to the time set

.  Furthermore,  the CS reservation queue can be updated according to (7)
and (12). Meanwhile, since the ERV has determined the CS selection, the CS k
with  in  the  candidate  CS  queue  needs  to  synchronously
update the status of the virtual queue . The specific update method is as
follows: remove the ERV  from the virtual queues of these CSs.

2) After completing the updates of the charging reservation queue and the
virtual  queue,  the  platform  plans  the  optimal  route  to  the  CS  for  the  driver
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tan
HA

k tan

using  Dijkstra’s  algorithm.  When  the  ERV  arrives  at  the  CS,  event A is trig-
gered. The mobility time from the ERV's position to the CS can be calculated
using (13), thereby determining the arrival time , which is then added to the
time .  As  the  simulation  clock  advances  to ,  the  reservation  queue and
waiting queue of the CS are subsequently updated in accordance with (8) and
(12).

tan

tjn tln
tjn

tln

3) At time , the queue waiting time and charging duration for the ERV are
calculated using  Eq.  (14)  and  (15)  respectively,  this  enables  the  determina-
tion of  two key time nodes:  when charging begins,  and  when charging
ends. When the simulation clock advances to , event J is triggered, requir-
ing updates to the station’s waiting queue and charging queue according to
(9) and (12). Subsequently, when the simulation clock advances to , event L
is  triggered,  necessitating  a  corresponding  update  to  the  charging  queue
based on Equations (10) and (12).

etn,t
ten

ten

Based on real-time CS queues information, the optimal CS recommenda-
tion  module  screens  the  CS  with  the  lowest  comprehensive  cost  for  ERVs.
Assuming that  ERV  completes its  PCG mobility  order  and activates the
recommendation  module  at  time .  At  this  moment,  according  to  the  CS
queue and virtual queue information at time , the CS selection risk scenario
is  reconstructed using Equations (27) -(28),  ultimately  yielding the  objective
function for the optimal CS recommendation is obtained. 

argmin
k∈K,csqn,m,ten

[k]=1
[Cn,k,t] = argmin

k∈K,csqn,m,ten
[k]=1

[
vot

Vk,ten [etn,t]
∑
x=1

[
twn,k (x)+ trn,k

]
pk,x+Cch

n,k

]
(34)

The optimal CS recommendation module activates an ERV event-tracking
function  after  completing  the  CS  recommendation  for  ERV.  This  function
monitors  vehicle  charging  events  in  real  time  and  maintains  information
sharing with the CS queue update module. In turn, the queue update module
dynamically  adjusts station queue status based on the event  data fed back
from  the  recommendation  module.  This  mechanism  ensures  that  both  the
PCG module and the CS recommendation module always operate with accu-
rate, up-to-date queue information, maintaining system-wide consistency in
subsequent decision-making cycles.

 RESULTS
 Algorithm feasibility

This study developed the actual algorithm using the Python 3.9 program-
ming language  within  the  PyCharm IDE,  and  implemented  it  on  a  commer-
cial  computer  equipped  with  32GB  RAM  and  an  Intel(R)  Core  (TM)  Ultra  9
275HX  processor.  The  proposed  strategy  does  not  require  real-time
responses to ERV drivers. When drivers trigger range anxiety and submit PCG
requests,  they  are  typically  still  engaged  in  an  ongoing  order.  During  the
period  from  the  request  submission  until  the  completion  of  that  order,  the
platform has sufficient time to match the driver with an optimal final mobility

order.  Therefore,  even  in  high-demand  scenarios,  ample  time  remains  for
order  matching.  In  the  optimal  CS  recommendation  phase,  as  uncertain
parameters  gradually  converge  to  deterministic  ranges,  the  computational
complexity  is  not  high.  In  summary,  the strategy does not  impose stringent
requirements on the real-time performance of the algorithm.

 Scenario setup
This  study  validates  the  effectiveness  of  the  proposed  urban  mobility-

energy sharing service framework using a real-world transportation network
from a specific city, as detailed in supplementary note 3. To evaluate the effi-
cacy  of  the  two-stage  charging  guidance  method  for  ERVs  in  guiding  the
spatial distribution of charging loads for ERVs and enhancing drivers’ charg-
ing experience, two comparative scenarios are designed:

Scenario 1: The charging behavior of ERV drivers remains unguided. When
charging is required,  drivers search for accessible CSs within a 5 km radius
and select  the  one  with  the  lowest  comprehensive  charging  cost,  as  deter-
mined by the station selection model (Equation S4).

Scenario 2: Drivers adopt two-stage charging guidance from the platform,
and complete  the  charging  process  through  PCG  and  optimal  CS  recom-
mendation.

 Analysis of service conditions for building CSs
Figure 3 compares the service rates and their deviations across CSs under

Scenarios 1 and 2.  Given the varying numbers of  charging piles per station,
the service rate, which reflects the average daily service volume per charging
pile,  is  defined  in  this  study  as  the  ratio  of  the  daily  total  number  of  ERVs
serviced at a station to its number of charging piles. As shown in Figure 3, the
service  rate  distribution  in  Scenario  1  is  highly  dispersed,  with  significant
deviations from the mean and a variance of 27.35. This indicates that, with-
out  guidance  for  ERV  charging  behavior,  concentrated  demand  leads  to
severe  congestion  at  some  stations  while  others  remain  underutilized,
revealing an uneven distribution of resources. In contrast, Scenario 2 exhibits
a  more  balanced  service  rate  distribution  with  notably  smaller  deviations
from  the  mean,  reducing  the  variance  to  13.96  and  significantly  improving
utilization efficiency. A comprehensive analysis shows that the pre-guidance
mechanism, which matches ERVs to CSs based on their  last mobility order,
effectively  diverts  traffic,  disperses  charging  demand,  and  enhances  overall
station  utilization.  These  results  confirm  the  effectiveness  of  the  proposed
mechanism in optimizing the spatial allocation of ERV charging resources.

To visually demonstrate how the PCG mechanism optimizes the utilization
balance  across  CSs,  this  paper  analyzes  two  representative  cases:  CS  8,
located  in  a  central  area,  and  CS  13,  situated  in  a  remote  area. Figure  4
shows the reservation rates for the two CSs under Scenarios 1 and 2 over the
service period. This rate is defined as the ratio of ERV reservations to charg-
ing  piles  per  time  period,  to  eliminate  the  influence  of  the  difference  in  the
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Figure 3.  CS service rates and their deviations across two Scenarios
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number  of  charging  piles.  In  Scenario  1,  CS  13  exhibits  significantly  lower
reservation  rates  than  Station  8  across  most  periods,  constrained  by  its
remote location. In Scenario 2, however, the PCG mechanism matches ERVs
with mobility orders to remote areas, thereby directing them to underutilized
peripheral stations. This results in a more balanced reservation rate between
central  and  remote  stations,  demonstrating  that  the  mechanism  not  only
improves utilization  balance  but  also  helps  prevent  severe  station  conges-
tion.

 Analysis of charging satisfaction for ERV drivers
To  quantify  the  impact  of  the  PCG  framework  on  ERV  charging  service

satisfaction, this paper analyzes two key dimensions: the mobility duration to
CSs  and  the  queue  waiting  time  at  stations.  By  comparing  these  metrics
between Scenarios 1 and 2, the extent to which the framework improves the
charging experience can be systematically evaluated.

Figures  5A  &  B  compare  the  mobility  duration  of  ERVs  to  CSs  under
Scenarios 1 and 2. In Scenario 1, this duration is measured from the moment
a  charging  demand  is  generated  until  station  arrival.  In  Scenario  2,  it  is
defined  as  the  time  between  completing  the  PCG  and  reaching  the  station.
Analysis  reveals  that,  as  the  distance  between  network  nodes  typically
exceeds  1.5  km,  the  mobility  duration  almost  always  surpasses  2  minutes,
except when a demand arises exactly at a station. Notably, Scenario 2 shows
a significant reduction in the number of ERVs with mobility times between 2-
8 minutes. This indicates that the PCG effectively shortens mobility duration
by matching ERVs with mobility orders destined for CSs.

The distribution of queue waiting times is presented in Figures 5C & D. As
analyzed  in Figure  S5,  a  sustained  peak  in  charging  demand  begins  after
11:00.  In  Scenario  1,  without  the  two-stage  guidance,  queue  waiting  times
rise continuously, reaching up to 150 minutes. In contrast, Scenario 2, lever-
aging  the  PCG,  distributes  the  demand  evenly  across  stations  via  mobility
order  assignment.  Consequently,  despite  increased  demand,  waiting  times
are  largely  contained  within  60  minutes,  effectively  mitigating  prolonged
queuing and significantly improving the driver experience.

Complementing  the  preceding  analysis  of  the  mobility  duration  and  the
queue waiting time, Table 1 compares the average values of key ERV perfor-
mance indicators under Scenarios 1 and 2.

As  shown  in Table  1,  ERVs  charging  satisfaction  demonstrate  significant
improvements  in  both  time  metrics.  Specifically,  compared  to  Scenario  1,
during the  charging  process  of  ERVs,  Scenario  2  achieves  a  67.45% reduc-
tion  in  average  mobility  duration  and  a  50.73%  decrease  in  average  queue
waiting time.

 CONCLUSION
This  paper  constructs  an  urban  mobility-energy  sharing  service  platform

oriented  towards  passenger  mobility  sharing  and  proposes  a  two-stage
charging guidance decision-making method, combining PCG with optimal CS
recommendation. The PCG stage incorporates dynamic CS queues to model
the  probability  distribution  of  waiting  times,  establishing  a  risk-aware deci-
sion-making  framework.  By  matching  ERVs  with  a  final  mobility  order  that
minimizes their overall  charging cost,  this stage optimizes the spatial  distri-
bution of charging demand considering the regional building energy-sharing
price.  Subsequently,  the  CS  recommendation  stage  synthesizes  factors  like
mobility  duration and queue waiting time to provide drivers  with  an optimal
CS,  thereby  enhancing  the  charging  experience  and  the  energy  sharing  of
nearby  buildings.  Simulation  results  demonstrate  that,  compared  to  an
unguided charging mode,  the proposed two-stage guidance under  the plat-
form significantly improves inter-station utilization balance and the charging
experience  for  ERV  drivers.  This  strategy  offers  an  effective  regulatory
approach  for  integrating  ERVs  into  building  energy-sharing  systems.  More
importantly, this  study elucidates and validates a novel  pathway for  achiev-
ing V2B interactions by integrating mobility services with charging decision-
making.

 LIMINATIONS AND PERSPECTIVES
In  this  paper,  the  simulation  assumes  fixed  vehicle  models  and  charging

times. However, with the rapid development of the new energy vehicle indus-
try,  real-world scenarios involve various types of ERVs. Moreover,  as charg-
ing piles  from different  manufacturers  have  different  output  powers,  charg-
ing durations also vary. In addition, under real-time pricing, the frequency of
changes in charging costs increases significantly. Future research will further
explore  scenarios  with  different  vehicle  models,  charging  times,  and  pricing
strategies.

While  this  study  focuses  on  achieving  a  balanced  spatial  distribution  of
charging loads through ERV guidance, the optimization of temporal guidance
and the development of spatiotemporal coordination mechanisms remain to
be explored. Moreover, the current energy interaction framework only consid-
ers ERVs and buildings, without incorporating the power grid as a key stake-
holder. Establishing a comprehensive energy interaction framework encom-
passing ERVs, buildings, and the power grid will be an important direction for
future research.
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