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Abstract

To address renewable generation and load uncertainty in multi-campus integrated energy
systems, this paper proposes a distributionally robust day-ahead-real-time coordinated
scheduling model under a cloud-edge collaborative architecture. The studied system
consists of photovoltaic, wind power, and combined heat and power campuses, each
equipped with energy storage and transferable load resources. The cloud layer determines
the day-ahead baseline dispatch plan, while the edge layer performs scenario-dependent
real-time corrections. To improve adaptability to adverse operating conditions, bounded
forecast-error scenarios are constructed, and a conditional value-at-risk-based distribution-
ally robust objective is formulated. Meanwhile, a soft day-ahead-real-time energy-binding
mechanism is introduced to maintain plan-execution consistency while allowing necessary
real-time adjustments. Case studies show that, compared with the cases without peer-to-
peer energy exchange, demand response, and energy storage, the proposed model reduces
the objective value by 5.22%, 10.96%, and 5.05%, respectively. Sensitivity analysis and
stress tests verify its feasibility and robustness under increased uncertainty and reduced
flexible-resource capacities.

Keywords: cloud-edge collaboration; multi-micro network; two-stage DR; DRO

1. Introduction

With the accelerating transition of energy systems toward low-carbon, distributed,
and digitalized operation, integrated energy systems (IES) have become an important path-
way for improving energy efficiency, promoting renewable energy accommodation, and
enabling coordinated multi-energy utilization. By coupling electricity, heat, gas, hydrogen,
renewable generation, storage, flexible loads, and grid interaction, IESs can provide greater
flexibility than conventional single-energy systems. However, the increasing penetration
of photovoltaic and wind power intensifies source-side and load-side uncertainty, which
challenges supply—demand balance, economic dispatch, and operational enforceability.
In multi-campus scenarios, different campuses usually have heterogeneous resource en-
dowments, load characteristics, and operational constraints. This heterogeneity creates
opportunities for inter-campus energy complementarity, but also increases the complexity
of coordinated scheduling under multiple agents, timescales, and coupled constraints [1,2].
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Existing studies have provided important foundations for multi-energy coupling,
flexible regulation, and uncertainty-aware scheduling. Dong et al. [2] proposed a robust
real-time scheduling strategy based on multi-step interval prediction to handle renewable
and load uncertainties. Wang et al. [3] studied low-carbon operation of electricity—heat—gas—
hydrogen interconnected systems, while Zhang et al. [4] investigated electricity—gas—heat
scheduling by coordinating flexibility and reliability. These works show that IES scheduling
should consider not only economic operation, but also multi-energy coupling, reliability,
and flexible resource utilization.

Compared with single-area IESs, multi-campus IESs require stronger spatial coordina-
tion. Shi et al. [5] studied distributed scheduling for IES clusters with peer-to-peer (P2P)
energy transactions, demonstrating the potential of cross-regional energy sharing. Chen
et al. [6] proposed an asymmetric Nash bargaining-based cooperative trading strategy for
multi-park IESs under carbon trading, and Liang et al. [7] developed a mixed-game-based
low-carbon dispatch method for regional IESs. These studies indicate that multi-campus
and multi-agent IES scheduling has already received considerable attention. Therefore, the
key gap is not the absence of multi-campus studies, but the lack of a unified framework that
simultaneously characterizes heterogeneous campus coordination, uncertainty response,
and day-ahead-real-time (DA-RT) execution consistency.

Cloud-edge collaboration provides a suitable architecture for hierarchical scheduling
of distributed energy systems. The cloud layer aggregates global information and performs
system-level optimization, while the edge layer responds rapidly to local disturbances.
Xia et al. [8] studied privacy-preserving operation of networked microgrids based on
edge-cloud cooperative learning. Mansouri et al. [9] proposed a cloud—fog framework
for real-time energy management in multi-microgrid systems. Liu et al. [10] constructed
a cloud-edge cooperative scheduling model for regional multi-energy systems, and Yin
et al. [11] developed a cloud-edge collaborative multi-timescale scheduling strategy in-
tegrating day-ahead dispatch, intraday optimization, and real-time adjustment. These
studies confirm the feasibility of cloud-edge coordination. However, most focus on com-
munication architecture, privacy protection, task allocation, distributed control, or general
multi-timescale dispatch. Explicit mathematical coupling between cloud-edge coordination
and DA-RT plan-execution consistency remains insufficient. Although Li et al. [12], Liao
et al. [13], and Han et al. [14] have studied cloud-edge dispatch, bi-level scheduling, and
hierarchical stochastic optimization, these works mainly emphasize economic dispatch,
power allocation, or revenue coordination. The explicit DA-RT linkage between planned
schedules and real-time execution trajectories under renewable and load uncertainty re-
mains insufficiently characterized.

DA-RT coordinated scheduling is an effective way to balance economic planning and
real-time feasibility. Chen et al. [15] proposed a Stackelberg-Nash game-based low-carbon
scheduling strategy for multi-agent park IESs. Jani and Jadid [16] established a two-stage
scheduling framework for multi-microgrid systems in a market environment, and Lu
etal. [17] developed a two-stage robust scheduling and real-time load control method for
community microgrids with multiple uncertainties. These methods improve adaptability
under uncertainty. Nevertheless, if real-time dispatch is treated only as an independent
correction process, its result may deviate greatly from the day-ahead plan. Therefore,
DA-RT deviation constraints or penalties are needed to balance consistency and flexibility.

Uncertainty modeling is another core issue in IES scheduling. Stochastic optimization
relies on accurate scenario probabilities, whereas conventional robust optimization may
become overly conservative when the uncertainty set is large. Fan et al. [18] introduced dis-
tributionally robust adaptive model predictive control for IES scheduling under renewable
uncertainty, showing that distributionally robust optimization can improve the balance
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between economy and robustness. Feng et al. [19] studied integrated day-ahead unit com-
mitment and real-time dispatch for a renewable-thermal-storage base, while Yang et al. [20]
proposed a two-stage robust optimization method for IESs considering ammonia energy
and waste heat utilization. Risk-oriented methods further support robust decision-making.
Duan et al. [21] studied day-ahead and intraday scheduling of electricity-hydrogen—gas
IESs considering spectral risk theory. Ji et al. [22] proposed an information gap decision
theory-based risk strategy for park-level IESs, and Han et al. [23] developed a dual-layer
model predictive control method for electricity-hydrogen-district heating systems. Theo-
retically, Rockafellar [24] established the conditional value-at-risk (CVaR) framework, and
Delage and Ye [25] developed distributionally robust optimization under distributional
ambiguity. Thus, a CVaR-based distributionally robust formulation is suitable for adverse
high-cost scenarios when the actual uncertainty distribution is difficult to obtain.

P2P energy exchange, demand response (DR), and storage are important flexibility
resources for multi-campus IESs. Bian et al. [26] proposed a P2P energy sharing model
considering shared energy storage, while Bo et al. [27] studied P2P electricity-hydrogen
trading for multi-microgrids. Gao et al. [28] investigated distributed robust operation based
on P2P multi-energy trading, and Jiang et al. [29] developed P2P energy trading for energy
local area networks with decentralized energy routing. Review studies by Gorbatcheva
et al. [30] and Tariq and Amin [31] further summarized the development of P2P energy
trading from electricity sharing toward decentralized multi-energy coordination. Xiong
et al. [32] studied IES operation considering energy trading and integrated DR, while
Luo et al. [33] analyzed refined load demand response under carbon trading. These
studies demonstrate their value, but their joint contribution to DA-RT scheduling under
distributional uncertainty remains insufficiently revealed.

Based on the above review, three research gaps remain. First, cloud-edge scheduling
has not been sufficiently integrated with explicit DA-RT energy binding. Second, few stud-
ies combine a CVaR-based distributionally robust objective with plan-execution deviation
control in multi-campus IESs. Third, P2P exchange, DR, and energy storage are often mod-
eled separately, while their coordinated role under heterogeneous campus complementarity,
uncertainty adaptation, and real-time execution consistency needs further investigation.

To address these gaps, this paper proposes a distributionally robust DA-RT coordi-
nated scheduling model for multi-campus IESs under a cloud-edge collaborative archi-
tecture. The studied system consists of a photovoltaic campus, a wind power campus,
and a CHP campus. Each campus is equipped with energy storage and transferable
load resources, and the campuses are connected through P2P energy exchange lines. The
cloud layer generates the day-ahead baseline dispatch plan, while the edge layer performs
scenario-dependent real-time adjustment. Photovoltaic output, wind power output, and
load demand uncertainties are represented by bounded-error scenarios. A CVaR-based
distributionally robust objective is constructed to improve adaptability to adverse high-
cost scenarios. Meanwhile, a soft DA-RT energy-binding mechanism is introduced to
limit excessive deviation between day-ahead planned energy and accumulated real-time
executed energy.

The main contributions are as follows:

First, a cloud-edge collaborative DA-RT scheduling framework is developed by em-
bedding cloud-edge coordination into a two-stage optimization model.

Second, a CVaR-based distributionally robust objective is formulated to address pho-
tovoltaic, wind power, and load uncertainties without fixed scenario probabilities.

Third, a soft DA-RT energy-binding mechanism is established to maintain plan-
execution consistency at both system and component levels.
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Fourth, a unified coordination model of P2P exchange, DR, and storage is constructed
to improve economy, renewable utilization, and robustness.

The remainder of this paper is organized as follows. Section 2 presents the cloud-edge
collaborative framework. Section 3 formulates the proposed distributionally robust DA-RT
coordinated scheduling model. Section 4 provides case studies and comparative analyses.
Section 5 concludes the paper and discusses future research directions.

2. Frameworks

To achieve intelligent coordinated dispatch of multi-site integrated energy systems,
this paper proposes an overall framework based on the cloud-edge collaboration con-
cept. Guided by the design principle of “centralized coordination and distributed auton-
omy,” this framework establishes information exchange and decision-making collaboration
mechanisms between the cloud and edge layers. This enables an organic integration of
system-wide economic efficiency, local flexibility, and real-time operational responsiveness.

The system adopts a three-tier hierarchical structure comprising the cloud coordination
layer, edge energy layer, and sensing communication layer, forming a closed-loop system of
“cloud decision-making—edge execution—end-point sensing.” The sensing communication
layer utilizes IoT devices to achieve high-precision sensing and real-time transmission of
multi-source data, including PV output, wind power generation, CHP operational status,
energy storage levels, campus loads, and electricity prices. The edge energy layer, centered
on each park’s energy management system, handles local energy balancing and multi-
energy coordinated scheduling. The multi-park system studied here comprises three
typical node types: PV-load parks, wind-load parks, and CHP-load parks. Each park is
equipped with energy storage devices, enabling local source-load—storage balancing and
flexible regulation. The cloud coordination layer serves as the system’s global decision
center, aggregating forecast and operational data from all campuses. It centrally plans
wind and solar power utilization, energy storage charging/discharging strategies, and
inter-campus energy mutual support relationships to ensure system energy conservation
and constraint consistency.

Figure 1 illustrates the cloud-edge collaborative optimization framework proposed in
this paper. The cloud layer leverages centralized computing resources to aggregate and
optimize operational data from various campuses, generating scheduling plans through
distributed collaborative algorithms. The edge layer performs autonomous control and
energy allocation based on instructions issued by the cloud and local constraints. The per-
ception layer enables real-time monitoring and information feedback, thereby establishing a
closed-loop operational mechanism of “information aggregation—cloud decision-making—
edge execution—feedback verification.” In Figure 1, orange arrows denote scheduling
instructions issued from the cloud-edge coordination layer, blue dashed arrows denote
information feedback from edge devices and parks, and gray bidirectional arrows denote
inter-park energy exchange.

This framework adopts a two-stage optimization structure: day-ahead and intraday.
During the day-ahead stage, cloud-based systems perform global scheduling decisions
to determine power purchase/sale capacities for each campus, energy storage operation
trajectories, and energy exchange boundaries. In the intraday stage, edge nodes implement
rolling adjustments to operational plans based on real-time disturbances and state changes,
enabling rapid local responses while maintaining consistency with day-ahead constraints.
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Figure 1. Cloud-edge collaborative framework.

In summary, the cloud-edge collaborative optimization framework fully leverages
the computational advantages of the cloud and the autonomous capabilities of the edge,
balancing the system’s centralized and distributed characteristics. This system provides a
unified operational foundation and data interface for the two-stage optimization model
of multi-site integrated energy systems, effectively supporting the economic and efficient
operation of integrated energy systems in complex environments.

3. Models
3.1. System Architecture

To characterize the coordinated operation of multi-campus integrated energy systems
under renewable uncertainty, this paper constructs a multi-agent energy system composed
of a photovoltaic park, a wind power park, and a combined heat and power park. The
three parks are connected to the main grid through grid interconnection points and are also
linked through P2P energy exchange lines. Each park is equipped with an energy storage
system and transferable load resources, which provide flexible regulation capability for the
day-ahead and real-time scheduling process.

The model adopts a day-ahead-real-time dual-scale coordinated optimization strategy.
The day-ahead layer uses a 1 h time step and contains 24 periods, while the real-time layer
uses a 15 min time step and contains 96 periods. Each day-ahead period is divided into four
real-time periods. In the day-ahead stage, the cloud layer generates the baseline scheduling
plan according to forecasted renewable generation, load demand, electricity prices, and
inter-campus energy exchange conditions. In the real-time stage, the edge layer follows the
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day-ahead plan as the operational reference and performs local adjustments according to
short-term fluctuations in renewable output and load demand.

3.2. Objective Function

To characterize the influence of renewable generation and load demand uncertainty
on the operating cost of the multi-campus integrated energy system, this paper constructs
a distributionally robust objective function based on the CVaR risk envelope. The objective
is established on a finite set of sampled uncertainty scenarios. By allowing the probability
weights of these scenarios to vary within a prescribed risk envelope, the incomplete knowl-
edge of the actual uncertainty distribution can be represented. Therefore, the scheduling
model can consider the overall economic performance under different scenarios while
improving its adaptability to adverse high-cost scenarios.

The construction of the objective function consists of three parts. First, uncertainty
scenarios of photovoltaic output, wind power output, and load demand are generated
according to bounded forecast errors. Second, the real-time operating cost and the day-
ahead-real-time deviation penalty are calculated for each scenario. Third, a distributionally
robust objective is formulated based on the CVaR risk envelope.

For scenario s, the photovoltaic output, wind power output, and load demand are
expressed as:

Ppy s = max{0, Ppy ;i (1 + epy 5) }
Py s = max{0, Py, (1+ ey js) } 1)

Lipns =max{0,L;,(1+eins)}

The forecast errors satisfy:
epV hss €W hss CLijs € [—€ €] )

where pvpvlh, ﬁW,hr Zi,h denote the forecasted photovoltaic output, wind power output, and
load demand of park i at time &, respectively; epy 1, s, €w 15, €1,i s denote the forecast errors
of photovoltaic output, wind power output, and load demand; and ¢ is the uncertainty
bound. The scenario set contains both typical fluctuation scenarios and a conservative
adverse scenario. The adverse scenario is used to describe the operating condition in which
renewable generation decreases and load demand increases within the uncertainty bound.
The remaining scenarios are generated by truncated disturbances within the same error
bound. In this way, both common forecast deviations and adverse disturbance conditions
can be represented.
The scenario cost consists of the real-time operating cost and the DA-RT devia-
tion penalty:
G = CRT,s + Cdev,s 3)

where C is the total cost, Cgr is the real-time operating cost, and Cg,, is the DA-RT devia-
tion penalty.

The real-time operating cost includes grid purchase and sale cost, CHP fuel cost,
energy storage degradation cost, and demand response cost, which is expressed as:

buy ~buy,RT sell,RT
Crrs = ZZART(”k TGy — G )
- i, i

+ ¥ ArrecrpGRs
‘ RT RT @
+ % Y ARTCES,i (P chkis T D dis,k,i,s)
1

+ %;ARTCDR (Sﬁﬂ,i,s + 515&,;5)
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where Agr is the real-time scheduling interval; ﬂZ”y , ﬂ,ie” are the electricity purchase and
sale prices at time k, respectively; Gi;f,ys’RT, G,S(,el-li’RT are the grid purchase and sale power of
park i at time k under scenario s; G}{%T . is the CHP output of the CHP park; PCI;:,Tk,i,s' PfisT,k,i,s
are the charging and discharging power of the energy storage system; SIiTk s Slfk,i, ; denote
the load shifted into and out of the current period; ccyp, cgs i, cpr are the cost coefficients
of CHP generation, energy storage operation, and demand response.

To maintain the coordination between the day-ahead plan and real-time execution, a

deviation penalty cost is introduced:
Cievs = Ach %Ziléch,h,i,s + Adis %;5(11‘5,;1,1‘,5
+ADR %125DR,h,i,s + Acup %‘SCHP,h,s
+Ap2p %% Op2Php,s T AMbuy % 125buy,h,i,s

+)\sell % Z (Ssell,h,i,s + /\ext %Z ‘Sext,h,i,s
i i

where Se i Odis iis ODR hiss OCHP h,s» OP2P 1, p,sObuy,hi,sr Osell b isr Oext s TE€PTEsent the DA-
RT deviations of energy storage charging, energy storage discharging, demand response,
CHP output, P2P energy exchange, grid purchase, grid sale, and net external energy under
scenario s, respectively. The corresponding A terms are the deviation penalty coefficients.
Through the deviation penalty term, the model allows real-time dispatch to adjust according
to uncertain disturbances while preventing excessive deviation from the day-ahead plan.

After the scenario costs C; are obtained, the distributionally robust objective is further
constructed under the CVaR risk envelope. Let g5 denote the probability weight of scenario
s, S denote the total number of scenarios, and  denote the risk level, where 0 < g < 1. The
feasible set of the scenario probability vector g is defined as:

W, VS} (6)

where Pg is the probability ambiguity set constructed from the CVaR risk envelope. This

Pg = {q |gs>0,) g5 =1,9s < a

set requires all scenario probabilities to be non-negative and sum to one, while the upper
bound of g5 limits the maximum probability weight that can be assigned to a single scenario.
As B increases, the admissible upper bound of g5 increases, allowing adverse high-cost
scenarios to receive larger weights under the worst-case probability distribution. Therefore,
B is used to regulate the trade-off between operating economy and robustness.

Based on the above probability ambiguity set, the distributionally robust objective is
expressed as:

minsup Z qsCs (7)
qgePp s
Equation (7) minimizes the expected operating cost under the most unfavorable
probability distribution within the CVaR risk envelope. The objective is not optimized only
for a single worst-case scenario. Instead, it adjusts the probability weights of scenarios and
gives more attention to the set of high-cost scenarios, thereby improving the adaptability of
the scheduling strategy to renewable generation and load uncertainty.
For computational tractability, Equation (7) can be equivalently transformed into the
following linear CVaR form:
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subject to:
gs 2 CS - ’7/ gs 2 0/ VS (9)

where 7 is an auxiliary risk threshold variable, and (s is the excess cost variable of scenario
s. When the scenario cost C; is higher than #, {s represents the part exceeding # and is
included as the risk cost in the objective function. Therefore, Equations (8) and (9) assign
higher importance to adverse high-cost scenarios while considering all sampled scenarios.
Through this CVaR risk-envelope formulation, a distributionally robust objective func-
tion is established for the DA-RT coordinated scheduling of the multi-campus integrated
energy system.

3.3. System Power Balance Constraints

In the day-ahead stage, each park forms a baseline power balance according to the
forecasted generation and load. For park i, the power balance at day-ahead time / is
expressed as:

buy DA

G dzsh1+G +N}?,i L +phhl+GsellDA (10)

where GhDZ.A is the local generation power of park i at day-ahead time #; P{E;‘h i Pgﬁ ; are

the discharging and charging power of the energy storage system; GZL;/ b4 GSEU DA are the

grid purchase and sale power; NEiA is the net P2P inflow power; and LE? A s the load after
demand response.

In the real-time stage, the dispatch result varies with scenario s. The power balance of
park i at real-time sub-period k is:

huy,RT sell,RT
les+ dlskzs+Gk,i,s Nkzs LkIS Pchkzs les (11)

NRI is the net P2P inflow power in the real-time stage. The power balance constraints
ensure that each park satisfies the balance among generation, load, storage, grid interaction,
and P2P energy exchange at different timescales.

3.4. Energy Storage Constraints

The energy storage system regulates the park power balance through charging and
discharging, and its state of charge changes with charging and discharging power. For
simplicity, t is used to denote a general scheduling period. For day-ahead scheduling, ¢
corresponds to the day-ahead period &, while for real-time scheduling, t corresponds to the
real-time sub-period k. For either scheduling layer, the state transition relationship can be
expressed as:

E,;=E -+A< P, —Pd”“> (12)
t,i t—1,i Neh,iLcn,t,i .
Ndis,i
where A is the corresponding time interval; E;; is the stored energy; #.,; and 7,5, are
the charging and discharging efficiencies; and P, ; ;, Py;s 1 ; are the charging and discharg-
ing power.
The energy storage capacity and charging/discharging power are constrained by:

E;mn S E X S Emax
ES
OSPch,tzSPCrﬂa,X ti (13)

0 < Piys < PR (1 uff)
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where EMin, EM2X are the lower and upper limits of energy storage capacity; PR, Phiay
are the maximum charging and discharging power; and utEls is the charging /discharging
status variable.

To avoid cross-day energy transfer within the scheduling cycle, the terminal stored
energy is constrained as:

Ef = E) (14)
This constraint ensures the daily energy closure of the energy storage system.

3.5. Constraints on Wind, Solar, and CHP Output

Photovoltaic and wind power are fluctuating renewable sources, and their available
output is constrained by resource conditions. Under real-time scenario s, their output
constraints are: _

0 < Gpvs < Ppyps

- (15)
0< GW,t,s < PW,t,s

where Gpy 15, Gw 1 s and are the dispatched PV and wind output at time under scenario s;
Ppy s, Pw + ¢ are the available PV and wind output in the corresponding scenario.
The CHP unit must satisfy its technical output limits:

Pekip < Genpps < PCiip (16)

where Gcpp s s is the CHP output, and Péng},, PEYp are the minimum and maximum techni-
cal output of the CHP unit.
The ramping constraint of the CHP unit is imposed as:

—RT"A < Geppys — Genpi-1,5s < R'PA (17)
where R"P, RA0WN are the upward and downward ramping rates of the CHP unit.

3.6. Demand Response Constraints

Demand response is modeled through transferable loads. The adjusted load is deter-
mined by the baseline load, shifted-in load, and shifted-out load:

Ltis:Zti,s+S+ti5_S—tis (18)

where L, ; ; is the load after demand response of park i at time ¢ under scenario s; Zti’s is the
baseline load in the corresponding scenario; and Sy ;;¢,S_ ;; ; are the load shifted into and
out of the current period, respectively.
To ensure user comfort and load transfer acceptability, the shifted load is constrained
by a transfer ratio:
0 S S+,t,i,s § Pzt,i,s

- (19)
0 < Sf,t,i,s < th,i,s

where p is the maximum transferable load ratio.
Over the entire scheduling horizon, the total shifted-in load must equal the total
shifted-out load:

Z Sitis = Z S_tis (20)
t t
The adjusted load must also satisfy the load envelope constraint:

Lg;in S Lt,i,s S Ll(f;ax (21)
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3.7. P2P Energy Exchange Constraints Between Parks

To enhance resource complementarity among different parks, the P2P energy exchange
mechanism is introduced. For P2P line p connecting two parks, two non-negative power
flow variables are used to represent forward and reverse transmission. To avoid simulta-
neous bidirectional transmission on the same line in the same period, a direction status
variable is introduced:

max
0< fp,ts = Fa bpzp,t,s

(22)
0< fors < By, (1= 2ps)

where f;r 1 denotes the power flow from park a; to park b, on line p, and f,, . denotes
the reverse power flow from park b, to park a,. ;?ax g“aux are the transmission capacity
limits in the two directions, and zj s is the direction status variable. In the day-ahead stage,
the scenario index s is removed, and ¢ is replaced by the day-ahead period h.

The net P2P inflow power of park i is determined by all P2P lines connected to the park:

Ni,t,s = Z f;t,s_ 2 f;t,s—i_ Z f;;t,s Z fp,ts (23)

p:bp=i p:ap=i piap=i p:bp=i
where N;; ; is the net P2P inflow power of park i.

3.8. Grid Connection Constraints

Each park can purchase electricity from or sell electricity to the main grid through its
grid interconnection point. To avoid simultaneous purchase and sale in the same period, a
grid interaction status variable is introduced:

buy max ,,G
0< Gtzs < Ggrzdz t,i,s

24
0< Gsell < Gmax'(l o uG. ) ( )

tis — “grid,i ti,s

max

where G™Y, Gs¢!! are the grid purchase and sale power of park i; aridi

tzs’ t,i,s

is the grid exchange

limit; and u® i; s 18 the grid interaction status variable.

3.9. DA-RT Deviation and Energy Binding

The day-ahead plan provides an operating reference for real-time dispatch, while
real-time dispatch performs corrections according to short-term fluctuations in renewable
generation and load demand.

The net external energy of park i at day-ahead time & is defined as:

DA  _ buy,DA sell, DA
Eext,h,i = Apa (Gh,i - Gh,i + N ) (25)
where EeDXf n; is the day-ahead net external energy; Apy is the day-ahead time interval;
buy,DA ~sell, DA DA
Ghi G Nj,i
ahead net P2P inflow power.

are the day-ahead grid purchase and sale power; and is the day-

Under scenario s, the corresponding accumulated real-time net external energy within
hour £ is:

huy,RT sell,RT
Eexthzs ARt Z( ks kl,s Nkzs) (26)

RT
Eext hji,s
hour /1 under scenario s, and ), represents summation over all real-time sub-periods
keh

where is the accumulated real-time net external energy of park i within day-ahead

belonging to that hour.
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The soft DA-RT binding relationship of net external energy is expressed as:

. RT _ DA

(Sexhh,lrs > Eext,h,i,s Eext,h,i 27)
. DA _ pRT

(SBXf,h,l,S > Eext,h,i Eext,h,i,s

where 6,y ), i 5 is the DA-RT deviation of net external energy. When this deviation is zero,
the real-time execution is fully consistent with the day-ahead plan at the hourly energy
scale. When the uncertainty disturbance is large, a certain deviation is allowed, and its
magnitude is limited by the penalty term in the objective function.

In addition to the net external energy deviation, the model also considers component-
level deviations, including energy storage charging, energy storage discharging, demand
response, CHP output, P2P energy exchange, grid purchase, and grid sale. They are
uniformly expressed as:

RT DA
§x,h,r,s e Ex,h,r,s - Ex,h,r

(28)

DA RT
5X,h,7,5 > Ex,h,r - Ex,h,r,s

where x € {ch,dis,DR, CHP, P2P,buy, sell} denotes different scheduling components. »
denotes the corresponding object index; it is the park index for energy storage, demand
response, grid purchase, and grid sale, the line index for P2P exchange, and can be omitted
for CHP. EE,;:"F is the day-ahead planned value of component x at time /, Efﬁr, , is the
accumulated real-time execution value of component x within the same hour under scenario
s, and 6, , , s is the corresponding DA-RT execution deviation. Through these deviation
constraints, the model can realize real-time corrections under the guidance of the day-ahead

plan while considering both plan consistency and uncertainty adaptability.

4. Case Study Analysis
4.1. Case Study Setup

The scheduling horizon is set to 24 h. The day-ahead layer adopts an hourly res-
olution, resulting in 24 scheduling periods, while the real-time layer adopts a 15 min
resolution, resulting in 96 scheduling periods. Each day-ahead period therefore corre-
sponds to four real-time sub-periods. In the day-ahead stage, the cloud layer determines
the baseline dispatch plan according to forecasted renewable generation, load demand,
electricity prices, and inter-park energy exchange conditions. In the real-time stage, the
edge layer performs scenario-dependent adjustments under renewable generation and
load uncertainty while maintaining consistency with the day-ahead plan through the soft
DA-RT energy-binding mechanism.

Before comparing the operating performance of different cases, the solver settings and
computational performance are first clarified. All optimization models were implemented
in MATLAB R2024b using YALMIP 20230622 and solved by CPLEX 12.10.0.0. For the main
DRO case, the uncertainty bound was set to £10%, the CVaR risk level was set to 0.80, and
the number of uncertainty scenarios was set to 12. The CPLEX mixed-integer programming
solver adopted dynamic search and deterministic parallel mode with up to 16 threads. The
relative MIP gap tolerance was set to 0.0001 to ensure high solution accuracy.

For the Proposed case, CPLEX presolve reduced the model to 43,051 rows, 51,413 colu-
mns, 267,194 nonzero coefficients, and 10,584 binary variables. The recorded wall-clock
solution time was 53.69 s, and the model was successfully solved by CPLEX. In the deter-
ministic benchmark cases, the solution times ranged from 0.81 s to 1.01 s, while the DRO
sensitivity, ablation, and stress-test cases were solved within 9.18-82.44 s. These results
indicate that the proposed model can be solved within an acceptable computational time
for the studied three-campus system.
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The first scenario is designed as a conservative adverse scenario, in which renewable
generation decreases and load demand increases within the prescribed uncertainty bound.
The remaining scenarios are generated as bounded fluctuation scenarios. This setting allows
the model to consider both typical forecast deviations and adverse operating conditions.
The main model parameters used in the case study are summarized in Table 1.

Table 1. Main parameters.

Parameters Value Parameters Value
c 0.10 Heh,ir Ydis,i 0.95
pmax Pmin
B 0.80 CHP’ *CHP [300,120] (kW)
up d
Emax [50,100,100] (kWh) Rehp REhp 60 (KW /h)
Emin [10,20,20] (kWh) P 0.10
Acis Adiss AcHP, Ap2p
Eio [25,50,50] (kWh) 0.05
RT
Pcr};f}x, P;;Sa} [6.25,12.5,12.5] (kW) CCHP,CDR 0.55, 0.02
qux i
L 100 (KW) grid,i 300 (kW)
by, Al 1.00 Aext 5.00
ey 0.02 S 12

For comparative analysis, four cases are designed to evaluate the contribution of
different scheduling mechanisms:

Case 1 is the proposed model, in which P2P energy exchange, demand response,
energy storage operation, and soft DA-RT energy binding are all considered.

Case 2 removes the P2P energy exchange mechanism while retaining demand response
and energy storage, so as to evaluate the contribution of inter-park energy sharing.

Case 3 removes demand response while retaining P2P energy exchange and energy
storage, so as to examine the regulation effect of transferable loads.

Case 4 removes energy storage operation while retaining P2P energy exchange and
demand response, so as to analyze the role of energy storage in multi-period energy shifting
and real-time fluctuation smoothing.

4.2. Data and DRO Scenario Generation

The input data include the forecasted photovoltaic output, wind power output, load
demand of the three parks, and time-of-use electricity prices. The day-ahead scheduling
layer uses 24 h forecast profiles as the baseline information, while the real-time schedul-
ing layer uses scenario-dependent high-resolution profiles obtained from the uncertainty
scenario set. The photovoltaic output, wind power output, and load demand are the main
uncertain variables considered in the case study. Specifically, the forecast ranges of wind
and photovoltaic power output are shown in Figure 2, and the load demand ranges of the
three parks are presented in Figure 3. The electricity purchase and sale prices are regarded
as known time-of-use price signals, as shown in Figure 4.
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Figure 2. Wind and solar power output range.
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Figure 4. Time-of-use electricity pricing.

To describe the uncertainty of renewable generation and load demand, a finite scenario
set is constructed for the real-time layer. In the main case, the number of scenarios is set to
12, and the uncertainty bound is set to 0.10. For each scenario, the photovoltaic output, wind
power output, and load demand are generated by applying bounded forecast errors to the
corresponding day-ahead profiles. All error terms are restricted within the interval defined
by the uncertainty bound. The first scenario is constructed as a conservative adverse
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scenario, in which photovoltaic and wind power outputs decrease while the load demands
of all three parks increase. This scenario represents a high-cost operating condition caused
by insufficient renewable generation and increased demand. The remaining scenarios are
generated as bounded fluctuation scenarios to describe ordinary forecast deviations. For
the distributionally robust optimization model, the scenario costs are not evaluated only
under a fixed empirical probability distribution. Instead, the probability weights of the
scenarios are allowed to vary within the CVaR risk envelope. Therefore, the model can
assign greater importance to adverse high-cost scenarios while still considering all sampled
scenarios. This setting enables the proposed scheduling strategy to balance operating
economy and robustness under renewable generation and load uncertainty.

4.3. Overall Performance Comparison Under the DRO Setting

All cases are solved under the same scenario set, uncertainty bound, and CVaR risk
level. Therefore, the comparison can reflect the operational contribution of each functional
module under renewable generation and load uncertainty. The economic and risk-related
results are summarized in Table 2. The flexible resource utilization results are presented in
Table 3.

Table 2. Economic and risk performance under different cases.

Case Objective Mean Scenario Cost Max Scenario Cost
Proposed 4478.88 4384.22 4644.54
No-P2P 4725.57 4630.61 4891.73
No-DR 5030.29 4781.83 5377.19
No-ESS 4717.35 4591.19 4938.11

Table 3. Flexible resource utilization under different cases.

. . ESS e

Case Grid Buy P2P Energy DR Shift Throughput Utilization
Proposed 2411.80 2444.70 1296.89 225.72 82.76%
No-P2P 4289.26 0.00 1030.39 218.04 81.75%
No-DR 2648.78 2477.42 0.00 243.91 82.49%
No-ESS 2575.76 2182.46 1170.40 0.00 82.12%

As shown in Table 2, the Proposed case achieves the lowest objective value among the
four cases. Compared with No-P2P, No-DR, and No-ESS, the objective value is reduced
by 5.22%, 10.96%, and 5.05%, respectively. This indicates that the coordinated use of P2P
energy exchange, demand response, and energy storage can effectively improve the overall
scheduling performance under renewable generation and load uncertainty.

The comparison results also show the specific contribution of each module. When P2P
exchange is removed, grid-purchase energy increases from 2411.80 kWh to 4289.26 kWh,
indicating that inter-park energy sharing significantly reduces dependence on the main
grid. When demand response is removed, the objective value and the standard deviation
of scenario cost increase most significantly, showing that DR contributes to both economic
operation and risk mitigation. When energy storage is removed, the mean deviation cost
increases from 28.99 to 78.10, demonstrating that ESS plays an important role in smoothing
the deviation between day-ahead planning and real-time execution.

In addition, the Proposed case achieves the highest renewable utilization rate of 82.76%.
This result indicates that the proposed model does not improve economic performance by
sacrificing renewable energy consumption. Instead, it coordinates P2P exchange, DR, and
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ESS to enhance renewable energy utilization while maintaining lower operating cost and
better risk-control performance.

4.4. Power Balance Analysis of Three Parks

To further reveal the operational mechanism of the proposed scheduling model,
this section analyzes the power balance results of the three parks under the proposed
DRO dispatch case. Figures 5-10 illustrate the day-ahead and intraday power balance
results for the photovoltaic park, wind power park, and CHP park, respectively. Specif-
ically, Figures 5 and 6 show the day-ahead and intraday power balance of the PV park,
Figures 7 and 8 correspond to the wind power park, and Figures 9 and 10 correspond to

the CHP park.
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Figure 5. Day-ahead power balance of the PV park.
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Figure 6. Intraday power balance of the PV park.
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Figure 7. Day-ahead power balance of the wind park.

I Generation (G) [ Discharge [ Grid purchase
—Charge

I -Load
500 T T T T T T T T

P2P from PV [ P2P from CHP

I —Grid sell [ -P2Pto PV I -P2P to CHP

400
300

200

—_
(=3
(=}

Power/kW

—100

—200

—300

—500 :

—400

T T T T T T T T T T T T T T

|||||I|||||[

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

I R SN TR NN RN S|
o1 2 3 4 5 6 7 8 9

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Time/15 min

Figure 8. Intraday power balance of the wind park.
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Figure 9. Day-ahead power balance of the CHP park.
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Figure 10. Intraday power balance of the CHP park.

For the photovoltaic park, the local generation is mainly concentrated during the
daytime, especially around the middle of the scheduling horizon. During periods with
sufficient photovoltaic output, the park can satisfy its own load demand and export surplus
electricity to other parks through P2P exchange. When photovoltaic output is insufficient
or fluctuates in the real-time stage, energy storage discharge, grid purchase, and P2P inflow
jointly compensate for the power shortage. Compared with the day-ahead plan, the real-
time power balance presents more detailed short-term adjustments, indicating that the
edge-side dispatch can respond to photovoltaic uncertainty while maintaining the overall
supply—demand structure.

For the wind power park, wind generation shows stronger fluctuation over the schedul-
ing horizon. Its output does not completely coincide with the load demand profile, so the
park frequently interacts with other parks and the main grid. In the day-ahead stage, the
wind park participates in inter-park energy exchange according to the forecasted wind
output and load demand. In the real-time stage, the P2P exchange and storage operation
are adjusted according to wind power deviations. This demonstrates that the wind park
mainly provides complementary support when wind output is sufficient and receives
external support when wind output decreases.

For the CHP park, the CHP unit provides relatively stable generation and acts as a
dispatchable supporting source in the multi-park system. Different from the photovoltaic
and wind parks, the CHP park has stronger controllability and can maintain a more stable
power balance under uncertain scenarios. During periods of insufficient renewable genera-
tion or high load demand, the CHP park supports the system through local generation and
P2P exchange. Meanwhile, energy storage and grid interaction are used to further smooth
short-term deviations and maintain operational feasibility.

Overall, the power balance results show that the proposed model can coordinate
heterogeneous resources across different parks. The photovoltaic park mainly contributes
daytime renewable generation, the wind park provides fluctuating but complementary
renewable power, and the CHP park supplies stable dispatchable support. Through the
joint operation of P2P exchange, energy storage, demand response, and grid interaction,
the system can maintain power balance at both day-ahead and real-time timescales. The
comparison between the day-ahead and intraday results further indicates that the proposed
DRO scheduling model can preserve the main structure of the day-ahead plan while
allowing necessary intraday corrections under uncertainty.
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4.5. Verification of DA-RT Net External Energy Binding

The DA-RT net external energy binding is introduced to maintain consistency between
the day-ahead plan and intraday execution. In the proposed model, the net external energy
of each park is determined by grid interaction and P2P energy exchange.

Figures 11-13 show the DA-RT net external energy binding results of the PV park,
wind park, and CHP park, respectively. The two sets of bars are close in most periods,
indicating that the intraday dispatch maintains good consistency with the day-ahead
plan. The small differences between them reflect necessary intraday corrections caused by
renewable generation and load uncertainty.

As shown in Figures 11-13, the aggregated intraday net external energy generally
follows the day-ahead planned value in all three parks. The consistency between the
two bar groups demonstrates that the proposed soft-binding mechanism can effectively
transmit the day-ahead energy schedule to the intraday execution layer. The results also
show that the intraday layer does not rigidly replicate the day-ahead plan. Instead, it
performs limited corrections according to the scenario-dependent renewable output and
load demand. This is consistent with the soft-binding formulation in the proposed model.
The deviation penalty suppresses excessive departures from the day-ahead plan, while the
soft constraint still allows feasible intraday adjustments under uncertainty.
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Figure 11. DA-RT net external energy binding verification of the PV park.
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Figure 12. DA-RT net external energy binding verification of the wind park.
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Figure 13. DA-RT net external energy binding verification of the CHP park.

4.6. Demand Response Analysis

Figure 14 presents the intraday baseline load and shifted load profiles of the three
parks after demand response. The comparison directly reflects the regulation effect of
flexible loads under renewable generation uncertainty, electricity price signals, and DA-RT
consistency requirements.
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Figure 14. Intraday load profiles before and after demand response.

As shown in Figure 14, the shifted load profiles generally follow the baseline load
trends, while moderate adjustments appear in several periods. The load is redistributed
according to renewable output, system balance requirements, and electricity price signals.
This indicates that the proposed model does not rely on large-scale load reshaping in the
intraday layer, but uses demand response as a flexible resource for local correction and
short-term balancing.
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The effectiveness of demand response is also supported by the comparative results in
Section 4.3. When demand response is removed, the objective value increases from ¥4478.88
to ¥5030.29, and the standard deviation of scenario cost increases from 81.98 to 189.19. This
demonstrates that demand response contributes to both operating cost reduction and risk
mitigation under uncertain scenarios.

4.7. P2P Energy Exchange Analysis

Figure 15 shows the intraday P2P energy exchange among the three parks. Positive and
negative values indicate opposite power-flow directions on each P2P line. The variation in
P2P power indicates that the parks exchange energy according to their local supply-demand
conditions, enabling spatial complementarity among PV, wind, and CHP resources.

100
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Figure 15. Intraday P2P energy exchange.

The contribution of P2P exchange is further supported by the ablation results in
Section 4.3. When P2P exchange is removed, the grid-purchase energy increases from
2411.80 kWh to 4289.26 kWh, and the objective value increases from ¥4478.88 to ¥4725.57.
Therefore, P2P exchange is not only a physical energy-sharing channel, but also an effective
mechanism for reducing grid dependence and improving multi-park coordination.

4.8. Sensitivity Analysis of the Uncertainty Bound

To further evaluate the influence of renewable generation and load uncertainty on
the proposed DRO scheduling model, sensitivity analysis is conducted by changing the
uncertainty bound e. Four values are considered: 0.05, 0.10, 0.15, and 0.20. A larger ¢
represents a wider uncertainty range of photovoltaic output, wind power output, and load
demand. The results are summarized in Table 4.

Table 4. Sensitivity analysis under different uncertainty bounds.

€ Ob;j. Max Cost Dev. Cost Grid Buy/kWh  Utilization
0.05 3852.13 3924.89 19.73 1736.42 90.71%
0.10 4478.88 4644.54 28.99 2411.80 82.76%
0.15 5193.84 5387.40 76.68 3176.01 72.19%
0.20 5893.91 6183.18 140.62 4053.47 63.33%

Note: Obj. denotes the optimal distributionally robust objective value; Dev. cost denotes the mean DA-RT
deviation cost.

As shown in Table 4, the objective value increases from 3852.13 to 5893.91 as ¢ in-
creases from 0.05 to 0.20. Meanwhile, the maximum scenario cost, standard deviation of
scenario cost, and mean deviation cost also increase. This indicates that a wider uncertainty
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bound leads to higher operating risk and requires a more conservative scheduling strategy.
The grid-purchase energy increases from 1736.42 kWh to 4053.47 kWh, while renewable
utilization decreases from 90.71% to 63.33%. This shows that when renewable generation
and load uncertainty becomes stronger, the system relies more on the main grid to maintain
supply—demand balance. Therefore, the increase in operating cost reflects the robustness
cost required to guarantee feasible operation under a wider uncertainty set.

4.9. Stress-Test Analysis

To further examine the adaptability of the proposed DRO scheduling model under
constrained flexible resources, stress tests are conducted by reducing the P2P transmission
capacity and energy storage capacity. Different from the uncertainty-bound sensitivity
analysis in Section 4.8, this section focuses on whether the system can maintain feasible
and stable operation when the physical regulation capability is weakened. The results are
summarized in Table 5.

Table 5. Stress-test results.

Stress Case Ob;. Grid Buy P2pP ESS Utilization
P2P_CAP_075 4484.24 2502.03 2126.46 220.80 81.76%
P2P_CAP_050 4534.69 2756.41 1780.87 209.71 81.56%
P2P_CAP_025 4673.47 3369.24 1062.45 220.28 81.35%
ESS_CAP_075 4518.81 2456.84 2426.85 163.86 81.79%
ESS_CAP_050 4560.34 2472.69 2368.63 94.83 81.64%
ESS_CAP_025 4609.42 2538.35 2568.29 48.88 81.39%

As shown in Table 5, the proposed model remains feasible under all reduced-flexibility
cases. When the P2P capacity decreases from 75% to 25%, P2P energy exchange decreases
from 2126.46 kWh to 1062.45 kWh, while grid-purchase energy increases from 2502.03 kWh
to 3369.24 kWh. This indicates that limited P2P capacity weakens inter-park energy comple-
mentarity and shifts part of the balancing task to the main grid. When the energy storage
capacity is reduced, ESS throughput decreases significantly from 163.86 kWh to 48.88 kWh.
The objective value increases from 4518.81 to 4609.42, indicating that insufficient storage
capacity weakens inter-temporal regulation. However, the system still maintains feasi-
ble operation because P2P exchange, demand response, and grid interaction can provide
complementary flexibility.

Overall, the stress-test results show that the proposed DRO model can remain oper-
ationally feasible when flexible-resource capacity is reduced. Lower P2P or ESS capacity
increases the operating objective to different degrees, but the coordinated use of multiple
flexibility resources helps preserve system robustness under constrained conditions.

5. Conclusions

This paper proposes a distributionally robust day-ahead-intraday coordinated
scheduling model for multi-park integrated energy systems under a cloud-edge collab-
orative architecture. The model incorporates a CVaR-based DRO objective to address
photovoltaic, wind power, and load uncertainty, and jointly considers P2P energy exchange,
demand response, energy storage, and soft DA-RT energy binding. The main conclusions
are as follows:

First, the proposed model improves the overall scheduling performance under un-
certainty. Case study results show that the Proposed case achieves the lowest objective
value. Compared with No-P2P, No-DR, and No-ESS, the objective value is reduced by
5.22%, 10.96%, and 5.05%, respectively.
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Second, the three flexible mechanisms play complementary roles. P2P exchange
reduces dependence on the main grid through inter-park energy sharing. Demand response
reduces operating cost and scenario cost fluctuations through flexible load adjustment.
Energy storage supports inter-temporal regulation and helps smooth the deviation between
day-ahead planning and intraday execution.

Third, the DA-RT soft-binding mechanism maintains plan-execution consistency while
allowing necessary intraday corrections. The net external energy binding results show
that the aggregated intraday execution generally follows the day-ahead planned values,
confirming the effectiveness of the proposed soft-binding formulation.

Fourth, the sensitivity and stress-test results verify the robustness of the proposed
model. A larger uncertainty bound leads to higher operating costs and grid-purchase
energy, reflecting the robustness cost under wider uncertainty sets. Under reduced P2P or
energy storage capacity, the model can still maintain feasible scheduling by coordinating
multiple flexibility resources.

Overall, the proposed model provides an effective optimization approach for cloud-
edge collaborative multi-park integrated energy systems, achieving a balance among
operating economy, renewable energy utilization, risk control, and execution feasibility.

Future work will extend the framework to electricity-heat-gas—hydrogen coupling,
market-oriented mechanisms such as dynamic P2P pricing and carbon trading, and data-
driven rolling optimization methods for more adaptive real-time operation.
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