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Abstract 

With the ongoing transformation of energy systems and the expanding scale of multi-park 
integrated energy systems, this paper proposes a novel multi-spatiotemporal scale sched-
uling framework that integrates robust optimization with distributed coordination to ad-
dress the challenges of complex spatiotemporal coupling and significant uncertainties in 
the coordinated operation of transmission grids and multi-park integrated energy systems 
under high renewable energy penetration. The proposed framework establishes a hierar-
chical optimization model encompassing day-ahead, intra-day rolling, and real-time 
scheduling stages, incorporating multi-energy coupling constraints and accounting for 
load uncertainty. Robust optimization is employed to effectively manage source-load fluc-
tuations arising from renewable intermiĴency. For solution implementation, the analyti-
cal target cascading (ATC) method is adopted to enable distributed collaborative optimi-
zation between the transmission system and individual park-level systems. Simulation 
results demonstrate that the proposed approach significantly enhances both the economic 
efficiency and operational reliability of the integrated energy system. 

Keywords: integrated energy system; collaborative optimization; energy supply and  
demand balance; multiple temporal and spatial scale 
 

1. Introduction 
With the transformation of the energy structure and the development of the park 

economy, the scale of multi-park integrated energy systems (MPIESs) has been continu-
ously expanding. They are gradually evolving from passive energy consumption to active 
engagement in the operation of the power system. The emergence of high-penetration 
renewable energy and a substantial number of distributed resources and energy storage 
devices, along with the autonomous operation of parks, has rendered the interaction be-
tween the transmission grid and multi-parks more frequent and intricate [1,2]. The coor-
dinated scheduling of the transmission grid and multi-parks holds the promise of enhanc-
ing the economic viability, reliability, and flexibility of the system through the optimized 
allocation of cross-domain resources. However, the aĴendant increase in uncertainties 
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and the spatiotemporal coupling characteristics pose new challenges to scheduling and 
decision-making [3,4]. 

To address uncertainties in complex system variables, robust optimization can be 
employed to define an uncertainty set that characterizes the potential variation range of 
decision parameters. This approach transforms the original stochastic problem into a de-
terministic robust counterpart, ensuring that the optimal solution remains feasible under 
all admissible realizations of uncertain parameters. References [5,6] construct a polyhedral 
uncertainty set to accurately capture the fluctuation behavior of wind power generation 
on both sides of the transmission and distribution networks, thereby guaranteeing dis-
patch feasibility across all plausible wind power scenarios. Reference [7] proposes a coor-
dinated robust unit commitment scheme based on bilevel programming and adaptive ro-
bust optimization, significantly improving both the economic performance and opera-
tional robustness of power systems. Reference [8] introduces a two-stage robust optimi-
zation framework integrating mobile energy storage systems with demand response, ef-
fectively enhancing the resilience of distribution systems during islanded operation and 
ensuring uninterrupted power supply under extreme off-grid conditions. Reference [9] 
develops a two-stage online scheduling framework using a hybrid robust and stochastic 
model predictive control approach, which improves computational efficiency and eco-
nomic benefits in microgrid operations by incorporating multi-granularity models to ad-
dress uncertainties in renewable generation and load demand. Furthermore, Reference [10] 
proposes a hierarchical robust optimization framework leveraging local energy markets 
and flexibility markets to coordinate virtual power plants and distribution system opera-
tors, thereby enhancing voltage stability and optimizing economic outcomes for market 
participants. Despite these advancements, existing studies have largely overlooked the 
impact of uncertainties in inter-system coupling variables on coordinated dispatching de-
cisions. 

Coordinated dispatch of transmission grids and multi-park systems must simultane-
ously account for the coupled characteristics across multiple temporal and spatial scales. 
To address this complexity, existing studies have adopted multi-scale modeling and col-
laborative optimization frameworks to reduce computational burden while maintaining 
solution accuracy. References [11–13] integrate multi-time-scale scheduling with multi-
agent-based cooperative optimization mechanisms to improve system stability and re-
sponsiveness. Reference [14] proposes a spatiotemporal multi-scale energy system engi-
neering methodology, demonstrating its effectiveness in optimizing system design and 
planning. References [15–17] further incorporate spatial interdependency constraints to 
formulate a distributed optimization model with explicit spatiotemporal coupling, achiev-
ing a balance between computational efficiency and the economic robustness of multi-
park coordinated operations. Reference [18] develops a rolling multi-time-scale decision-
making framework for integrated electricity–heat systems, enabling dynamic tracking of 
source-load uncertainties through receding horizon optimization. Reference [19] investi-
gates the electro-thermal coupling mechanism and innovatively introduces a coordination 
strategy that accounts for the differing response times of various energy carriers. Refer-
ence [20] proposes a hybrid time-scale reinforcement learning-based dispatch model, es-
tablishing a multi-objective optimization framework that jointly minimizes economic cost 
and carbon emissions, thereby enhancing both economic and environmental performance. 
Reference [21] presents a hybrid-resolution modeling framework that enables spatiotem-
poral co-optimization of dynamic processes in multi-energy networks by employing var-
iable time-step resolutions across different subsystems. 

Globally, the transmission–distribution coordination mechanism of power grids has 
been extensively investigated in academic research. References [22,23] explicitly elaborate 
on the pivotal role of multi-level flexibility markets, while Reference [24] validates the 



Energies 2026, 19, 1033 3 of 22 
 

https://doi.org/10.3390/en19041033 

efficacy of robust optimization in multi-energy coupled systems and its superior perfor-
mance in tackling uncertainty-related challenges. Furthermore, Reference [25] substanti-
ates the advantages of the ATC distributed algorithm in solving complex network prob-
lems. 

Beyond these spatiotemporal considerations, the recent literature has shed light on 
the broader evolution of renewable energy grid integration and the latest advancements 
in system operation strategies. Reference [26] provides quantitative evidence that climate 
change-induced high temperatures significantly accelerate the degradation of global roof-
top photovoltaic (PV) systems, necessitating a re-evaluation of asset reliability and long-
term costs. Regarding operational paradigms, Reference [27] proposes an adaptive multi-
agent reinforcement learning framework to manage the dynamic participation of multi-
energy buildings. Collectively, these studies indicate that optimal scheduling must ac-
count not only for multi-scale coupling but also for evolving physical risks and the dy-
namic engagement of distributed resources. 

From the algorithmic perspective, the coordinated dispatch problem between trans-
mission grids and multi-park systems is typically formulated as a high-dimensional, non-
convex optimization problem involving multiple objectives, nonlinear dynamics, mixed-
integer variables, and numerous operational constraints. As system scale increases, cen-
tralized solution approaches become computationally prohibitive and inherently vulner-
able to privacy disclosure due to the need for full information sharing. Consequently, hi-
erarchical decomposition and distributed optimization algorithms have emerged as 
prominent research directions. Methods such as the Alternating Direction Method of Mul-
tipliers (ADMM), Karush–Kuhn–Tucker (KKT)-based decomposition techniques, Analyt-
ical Target Cascading (ATC), and the Column-and-Constraint Generation (C&CG) algo-
rithm within two-stage robust optimization frameworks have been widely adopted to en-
able effective problem decomposition, parallel computation, and robustness assurance 
[28–32]. Among these, the ADMM exhibits strong convergence properties in handling dis-
tributed formulations with coupled constraints, while ATC leverages hierarchical objec-
tive decomposition and bidirectional coordination, making it particularly well-suited for 
systems with clearly defined organizational hierarchies. Nevertheless, poorly designed 
decomposition strategies may result in suboptimal solutions or convergence issues. More-
over, current studies remain limited in their systematic modeling and evaluation of how 
uncertainties in inter-system coupling variables influence the decomposition and coordi-
nation process. 

This paper proposes a multi-spatiotemporal scale collaborative optimization sched-
uling framework based on the coupled system model of transmission grids and multiple 
industrial parks and further develops a distributed solution scheme. The main contribu-
tions are as follows: First, a scheduling model is established that integrates spatial cou-
pling relationships and hierarchical time-scale characteristics, explicitly defining the cou-
pling variables and interactive constraints between the transmission grid and multi-park 
systems to achieve cross-domain coordinated modeling. Second, an uncertainty set com-
bined with a scenario-based processing mechanism is introduced, and a two-stage robust 
optimization approach is employed to balance the trade-off between solution conserva-
tiveness and economic efficiency, thereby enhancing the system’s resilience to uncertain-
ties such as renewable energy fluctuations. Third, leveraging Analytical Target Cascading 
(ATC) technology, a distributed solution algorithm featuring a bidirectional coordination 
mechanism is designed to ensure consistent convergence across hierarchical subsystems 
during iterative computation and maintain overall coordination performance. Finally, the 
effectiveness and superiority of the proposed framework in reducing operational costs 
and improving system robustness are demonstrated through comprehensive numerical 
simulations under multiple scenarios. 
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2. The Multi-Time and Space Scale Architecture of the Transmission 
Grid–Multi-Park System 

The power transmission within the transmission grid–multi-park collaborative sys-
tem can be categorized into two distinct levels: the bidirectional power exchange between 
the transmission grid and individual parks, and the lateral power sharing among inter-
connected parks. The transmission grid serves as the upper-level dispatching authority, 
treating each park as a controllable “load aggregation unit,” and ensures a system-wide 
balance of supply and demand through centralized resource allocation. Each park, func-
tioning as a lower-level autonomous entity, operates under internal multi-energy cou-
pling constraints and provides feedback on its adjustable power range and response ca-
pabilities to the upper-level dispatcher, thereby actively participating in global optimiza-
tion. This hierarchical structure enables a coordinated dispatching paradigm that inte-
grates multi-energy complementarity and cross-entity power interchange, facilitating uni-
fied modeling and holistic optimization of the entire system. 

According to the existing literature, load forecasting in power systems is typically 
categorized into two temporal scales: short-term day-ahead forecasting and ultra-short-
term intra-day forecasting [18,33]. 
(1) Short-term day-ahead forecasting refers to the prediction of electrical load over a 24 

to 48 h horizon, with a temporal resolution commonly set at hourly or half-hourly 
intervals. 

(2) Ultra-short-term intra-day forecasting involves high-resolution load predictions for 
time frames ranging from several minutes to a few hours ahead, with time steps as 
fine as 5 or 15 min, or even shorter. 
In this paper, a hierarchical scheduling strategy is designed by integrating the results 

of these two types of predictions. A multi-time and space scale scheduling approach is 
employed to improve economic efficiency and scheduling flexibility while ensuring sys-
tem security. The detailed architecture is presented in Figure 1. 

Transmission power grid-multi-park multi-spatiotemporal scale 
scheduling framework

Day- 
ahead 

optimiza
tion

Intra-
day 

rolling

Time scale: hourly level
Spatial scale: Transmission power 
grid-multi-park

Energy devices

Time scale: 15-minute level
Spatial scale: individual subsystems Energy devices

Real-
time 

optimiza
tion

Time scale: 5-minute level

Spatial scale: individual subsystems
Electric power 

facilities

 

Figure 1. Schematic diagram of the scheduling system architecture. 

The day-ahead scheduling is configured at the hourly scale, with a scheduling cycle 
of 24 h. Regulation and control are carried out every hour, and the scheduling objective 
encompasses all energy-supplying equipment within the transmission grid–multi-park 
system. 
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The intra-day rolling scheduling is set at the minute scale, featuring a scheduling 
cycle of 2 h. Regulation and control are executed every 15 min, and a scheduling plan for 
the upcoming 2 h is formulated. The scheduling target is all the energy-supplying equip-
ment of each subsystem. 

Real-time scheduling is also set at the minute scale, and a scheduling plan is devel-
oped every 5 min. Given the relatively long response time during this stage, the schedul-
ing objective for this stage is the electrical equipment of each subsystem. 

By implementing hierarchical regulation and control based on temporal and spatial 
differences, the efficient operation of multi-energy collaboration within the complex sys-
tem can be realized. 

In the spatial dimension, the transmission grid–multi-park collaborative system es-
tablishes a networked architecture integrating vertical centralized dispatch and horizontal 
distributed mutual support. As the upper-level coordinating entity, the transmission grid 
conducts bidirectional power exchange with individual parks to realize global resource 
integration. Meanwhile, parks engage in direct peer-to-peer (P2P) power sharing via in-
terconnection lines, forming a distributed energy mutual support network. The core of 
this architecture lies in the integrated modeling and collaborative optimization of spatial 
coupling relationships between vertical transmission and horizontal interaction. Beyond 
reflecting geographical dispersion, it achieves efficient cross-regional resource allocation 
and multi-energy complementarity through a hybrid hierarchical–networked dispatch 
paradigm, thereby providing structural support for the system to address uncertainties 
associated with high-penetration renewable energy. 

3. Transmission Grid–Multi-Park Multi-Temporal and Spatial  
Scale Model 
3.1. Day-Ahead Scheduling 

3.1.1. Objective Function 

In this section, the goal is to minimize the operating cost of the transmission grid–
multi-park collaborative system. This operating cost encompasses the operating cost TGC  
of the transmission grid and the total operating cost KC  of the parks. 

In this study, the term “subsidy” denotes an economic compensation mechanism de-
signed to incentivize user participation in multi-energy demand responses (DRs). As a 
critical price signal within the dispatch model, it regulates electricity, natural gas, and 
thermal load adjustments. By providing compensation for integrated energy DR pro-
grams—including peak electricity tariff subsidies and interruptible load compensation—
this mechanism leverages economic incentives to guide users in modifying their energy 
consumption behaviors, thereby enhancing the system’s resilience to renewable energy 
output fluctuations. 
(1) Operating cost of the transmission grid 

T T
2

TG , ,
1 1

min ( )
N G

g t g t
t g

C aP bP c
 

    (1)

In the equation: TN  denotes the scheduling period; TG  represents the set of ther-
mal power generation units in the transmission grid; ,g tP  denotes the power output of 

thermal unit g in the transmission grid at time t; and a , b  and c  are the correspond-
ing cost coefficients of the thermal units. 
(2) The integrated operating costs of multiple parks 

The total operating cost 
KC  of the park is partitioned into the power grid operating 

cost 
e,kC  , the natural gas network operating cost 

g,kC  , the district heating network 
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operating cost 
h,kC , and the subsidy revenue 

DRPC  from electricity–gas–heat coupling. It 

can be explicitly expressed as 

K e, g, h,
1

min ( )
K

k k k DRP
k

C C C C C


     (2)

Among these, the specific expression for the subsidy revenue 
DRPC  from electricity–

gas–heat interactions is 

T

T

T

DRP DRPe DRPg DRPh

shift_out cut
DRPe , shifte, , cute,

1 1

shift_out cut
DRPg , shiftg, , cutg,

1 1

shift_out cut
DRPh , shifth, , cuth,

1 1

( )

( )

( )

NK

t k t t k t
k t

NK

t k t t k t
k t

NK

t k t t k t
k t

C C C C

C P c P c

C G c G c

C H c H c

 

 

 

     


 

 










 (3)

In the equation: 
TN  represents the scheduling period; K is the set of parks partici-

pating in demand response; 
DRPeC , 

DRPgC  and 
DRPhC  are the subsidy benefits for electric-

ity, natural gas, and heat loads participating in the demand response, respectively; 
shift_out
,t kP , shift_out

,t kG  and shift_out
,t kH  are the electricity, natural gas, and heat loads transferred 

out by park k in period t, respectively; cut
,t kP , cut

,t kG  and cut
,t kH  are the electricity, natural gas, 

and heat loads cut by park k in period t, respectively; shifte,tc , shiftg,tc  and shifth,tc  are the 

subsidy unit prices for electricity, natural gas, and heat load transfer in period t for park 
k, respectively; and cute,tc  , cutg,tc   and cuth,tc   are the subsidy unit prices for electricity, 

natural gas, and heat load reduction in period t for park k, respectively. 
These subsidy parameters essentially represent incentive prices paid by the system 

operator to users in exchange for their load regulation capacity. This transaction enables 
the global optimization of system operation costs by aligning user-side flexibility with the 
system’s need for real-time balance and efficiency. 

The operating cost of the power grid encompasses the operation and maintenance 
costs of generating units and the costs associated with carbon trading. It can be expressed 
as 

T k

2e, , , , , CO , ,
1 1

( )
N G

k dg t k B t k B t k
t dg

C C P w C
 

     (4)

In the equation, for park k during the t time period, the definitions of the symbols are 
as follows: kG  represents the number of thermal power units; , ,dg t kC  represents the out-

put of thermal power units; , ,B t kP  represents the output of thermal power unit B; and 

2CO , ,t kC  represents the carbon trading cost. 

The operating cost of the natural gas network is the gas purchasing cost, and it can 
be expressed as 
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T
gas

g, , , gas,
1 1

kUN

k u t k t
t u

C G c
 

  (5)

In the equation: kU  denotes the set of natural gas sources in park k; gas,tc  represents 

the unit price of natural gas procurement; and gas
, ,u t kG   represents the gas flow rate of 

source u in park k during time interval t. 
The operation cost of the heat network consists of the output cost of the heat source 

and is expressed as follows: 

T

h, CHPh, , GBh, , heat,
1

( )
N

k t k t k t
t

C H H c


   (6)

In the equation: c and GBh, ,t kH  denote the combined heat and power (CHP) and gas 

boiler (GB) thermal output of park k at time t, and heat,tc  is the unit price of the heat source 

output cost. 

3.1.2. Constraints 

(1) Constraints of the transmission power grid 
Transmission network constraints: power balance constraint; node power balance 

constraint; line power flow constraint; phase angle constraint; generator output constraint; 
generator ramping constraint; and generator start-up and shut-down time constraint. 

 

T

G

GD
, , TGload,

1 1

GD
, , TGload, , ,

.

max max
, ij , , ,

  , refb,

 

 ( ) 0

,

  -

 

 

 π π,

 

G K

g t t k t
g k

g t t k t ij t ji t
J

ij t i t j t ij ij t ij

i t t

Power balance

Node po

P P P

P P P f f

f J F f F

wer balance

Line power flow

Phase angle

： 

： 

：  

：

 
 

 

 

 

    

    
 

 


0

 

 (7)

In the equation: GD
,t kP  represents the power transmiĴed from the transmission grid 

to industrial park k during time period t; TGload,tP  denotes the electrical load of the trans-

mission grid during time period t; i and j denote the starting and ending nodes of line ij ;

G. J  denotes the set of objects connected to the same node; ,ij tf  and max
ijF  represent 

the transmission power and its upper limit for line ij  during time period t; ijJ , ,i t  and 

,j t  denote the admiĴance of line ij  and the phase angles of nodes i and j during time 

period t, and refb,t  denotes the relaxation node phase angle. 

 
 

max
,

up max
, , 1 , 1 , 1

dn max
, 1 , , ,

Thermal power unit output: 0

Unit ramping up 1

                              1

g t g

g t g t g g t g g t

g t g t g g t g g t

P P

P P r u P u

P P r u P u

 

：   



              

 (8)

In the equation, let ,g tP   denote the output of unit g during time period t, where 
max
gP  represents the upper limit of the output, up

gr  and dn
gr denote the upper and lower 

ramp rates of unit g, and ,g tu  denotes the state variable of unit g during time period t. 
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(2) Multi-park constraints 
① Power grid constraints: power balance constraint; node power balance constraint; 

line power flow constraint; phase angle constraint; generator output constraint; genera-
tor ramping constraint; and transmission power constraint. 

k

, , CHPe, , pv, , wind, , Edis, ,
1

GD+ D D
, , , DRload, , Ech, , , ,

1, 1 1, 1
      

, , C

 

                

 

 

         

 

 

(

G

dg t k t k t k t k t k
dg

K K

t k t m k t k t k t k n
k n k m
k n k m

dg t k

P P P P P Power balance

Node power bala

P P P P P

Pnce P

： 

： 


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 

    
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



 

HPe, , wind, , pv, , Edis, ,
.

GD+ D D
, , , , , Ech, , DRload, , , , , ,

max
, , , , , , , , ,

                                   0

( , 

)

 )

t k t k t k t k
J

t k t m k t k n t k t k ab t k ba t k

ab t k ab k a t k b t k ab k ab t

P P P

P P P P P

Line power fl Fow

f f
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 
   
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
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F
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(9)

In the equation: CHPe, ,t kP , pv, ,t kP , wind, ,t kP , Ech, ,t kP , and Edis, ,t kP  represent the output 

power of CHP, photovoltaic power generation, and wind power, as well as the charging 
and discharging power of stored energy in park k during time period t; GD+

,t kP  denotes the 

power transmiĴed to park k from the transmission grid during time period t. 
Here, D

, ,t m kP  represents the power transmiĴed from park m  to park k  in period t, 

and D
, ,t k nP  represents the power transmiĴed from park k  to park n  in period t. These 

two parameters denote the lateral energy exchange among different parks (𝑘,𝑚, 𝑛), and 
they are also the key physical basis for realizing the “multi-space” collaboration in this 
model. 

Parameters a  and b  denote the sending-end and receiving-end nodes of line ab  
respectively; . J  represents the set of objects connected to the same node; , ,ab t kf  and 

max
,ab kF  denote the transmission power and its upper limit of line ab  in park k during time 

period t; ,ab kJ , , ,a t k  and , ,b t k  denote the admiĴance of line ab  and the phase angles 

of nodes a  and b  in park k during time period t; and refb, ,t k  denotes the relaxation 

phase angle of park k during time period t. 

max
, , ,
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, , ,
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
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

    

    

    , ,1 )B t ku

 

 (10)

In the formulation, , ,dg t kP  denotes the power output of thermal generating unit dg, 

while , ,B t kP   denotes the power output of thermal generating unit B. max
,dg kP   and max

,B kP  

represent the respective upper generation capacity limits of unit dg and unit B in park k. 
The parameters up

,dg kr  and dn
,dg kr  denote the upward and downward ramping rates of unit 

dg in park k, respectively, whereas up
,B kr   and dn

,B kr   correspond to the upward and 
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downward ramping rates of unit B in the same park. The state variables , ,dg t ku  and , ,B t ku  

indicate the operational status of unit dg and unit B in park k at time period t. 
② Natural gas network constraints: node flow balance constraints; gas source capac-

ity constraints; pipeline flow constraints; and node pressure constraints. 

gas
, , DRload, , CHP, , GB, ,

1

min gas max
, , , ,

min max
, , , ,

min max
, , , ,
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u t k t k t k t k
u

u k u t k u k
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N

G
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p

Gas source capacity

Pipeline flow
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G

ure

G G G
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p p

： 

：

： 

：



         





 (11)

In the formulation, CHP, ,t kG and GB, ,t kG  denote the natural gas consumption of the 

CHP unit and GB in park k during time period t, respectively. gas
, ,u t kG  denotes the output 

of the gas source in park k, with max
,u kG  and min

,u kG  representing its upper and lower gen-

eration limits, respectively. , ,cd t kG  refers to the gas flow rate through pipeline cd in park 

k during period t, constrained by its corresponding upper and lower bounds max
,cd kG  and 

min
,cd kG . , ,c t kp  represents the gas pressure at node c in park k during time period t, which is 

subject to the minimum and maximum allowable pressure limits, denoted as max
,c kp  and 

min
,c kp , respectively. 

③ Thermal network constraints: thermal power balance constraints and inlet and 
outlet temperature constraints for supply and return pipelines. 

CHPh, , GBh, , DRload, ,

s,min s s,max r,min r r,max
, , , , , , , ,

  

 

t k t k t k

o k o t k o k o k o t k o k

Thermal power balance

Node temperatur

H H H

T T T Te T T

：

： ，

      
 (12)

In the equation, CHPh, ,t kH   and GBh, ,t kH   denote the thermal power outputs of the 

CHP unit and GB, respectively, in park k during time period t. s
, ,o t kT , s,max

,o kT  and s,min
,o kT  

represent the temperature of the supply pipeline at node o in park k during period t, along 
with its upper and lower bounds. Similarly, r

, ,o t kT , r,max
,o kT  and r,min

,o kT  denote the temper-

ature of the return pipeline at node o in park k during the same period, subject to their 
respective minimum and maximum allowable limits. 
(3) Transmission power constraints 

Transmission power constraints mainly include two aspects: constraints on the 
power transmiĴed from the transmission grid to the park and constraints on the power 
transmiĴed between parks. 

GD GD+ GD GD,max
, , , ,

D D+ D D,max
, , , , , , , ,

D D+ D D,max
, , , , , , , ,

0,0

0,0

0,0

t k t k t k t k

t m k t m k t m k t m k

t k n t k n t k n t k n

P P P P

P P P P

P P P P

            

 (13)

In the equation, D+
, ,t m kP   denotes the active power delivered from park m to park k 

during time period t, with D,max
, ,t m kP   representing its corresponding upper bound. D+

, ,t k nP  

denotes the power exported from park k to park n in period t, and D,max
, ,t k nP  is its maximum 
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allowable limit. GD,max
,t kP  represents the upper limit on the power transmiĴed from the 

main transmission grid to park k in period t. 
(4) Electricity–Gas–Heat Load Constraints 

The relationship of loads before and after the response is as follows: 

shift_out shift_in cut
DRload, , load, , , , ,

shift_out shift_in cut
DRload, , load, , , , ,

shift_out shift_in cut
DRload, , load, , , , ,

t k t k t k t k t k

t k t k t k t k t k

t k t k t k t k t k

P P P P P

G G G G G

H H H H H

            

 (14)

For park k, let load, ,t kP  , load, ,t kG   and load, ,t kH   denote the electricity, gas, and heat 

loads prior to the response during time period t, respectively. And let DRload, ,t kP , DRload, ,t kG

and DRload, ,t kH  represent the electricity, gas, and heat loads after the response during time 

period t, respectively. shift_in
,t kP , shift_in

,t kG and shift_in
,t kH  respectively represent the electricity, 

gas, and heat loads transferred in during period t; shift_out
,t kP , shift_out

,t kG  and shift_out
,t kH  rep-

resent the electricity, gas, and heat loads transferred out during period t; and cut
,t kP , cut

,t kG  

and cut
,t kH  represent the electricity, gas, and heat loads reduced during period t. 

shift_out shift_in max cut max
, , shift, , cut,

shift_out shift_in max cut max
, , shift, , cut,

shift_out shift_in max cut max
, , shift, , cut,

0 ( ) ,    0

0 ( ) ,    0

0 ( ) ,    0
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        
   



 (15)

In the formula, max
shift,kP , max

shift,kG  and max
shift,kH  represent the upper limits of the trans-

ferred power, gas, and heat loads. max
cut,kP , max

cut,kG  and max
cut,kH  represent the upper limits of 

the reduced electricity, gas and heat loads. 

min max min max
shifte shifte, shifte cute cute, cute

min max min max
shiftg shiftg, shiftg cutg cutg, cutg

min max min max
shifth shifth, shifth cuth cuth, cuth

,    

,    

,    

t t

t t

t t

c c c c c c

c c c c c c

c c c c c c

            

 (16)

In the formula, let max
shiftec  , min

shiftec  , max
shiftgc  , min

shiftgc  , max
shifthc   and min

shifthc   denote the upper 

and lower bounds of the unit subsidy rates for transferred electrical, gas, and thermal 
loads, respectively. Let max

cutec  , min
cutec  , max

cutgc  , min
cutgc  , max

cuthc   and min
cuthc   denote the upper and 

lower bounds of the unit subsidy rates for reduced electrical, gas, and thermal loads, re-
spectively. 

The total quantity of the transferred-out load is equal to that of the transferred-in load: 

T T

T T

T T

shift_out shift_in
, ,

1 1

shift_out shift_in
, ,

1 1

shift_out shift_in
, ,

1 1

N N

t k t k
t t

N N

t k t k
t t
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t k t k
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 
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 

 

 

 (17)
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3.2. Intra-Day Dispatching 

During the intra-day and real-time rolling dispatching stages, the on/off status of 
thermal power units is directly inherited from the day-ahead dispatching results and is 
not subject to re-optimization. Therefore, the minimum up/down time constraints are only 
incorporated in the day-ahead stage, while the intra-day model primarily focuses on en-
forcing ramp rate constraints (Equation (10)) and active power output bounds under the 
pre-determined unit status. 

3.2.1. Load Uncertainty 

The time scale of the intra-day rolling dispatch is set to 15 min, and the dispatch cycle 
is 2 h. A dispatch plan is formulated for the upcoming 2 h period. Shortening the dispatch 
cycle can mitigate the prediction deviation of source-load uncertainty. This makes the 
probability distribution of the uncertainty more distinct, and it follows a normal distribu-
tion. To address this, scenario generation and reduction techniques can be applied to the 
source load. By doing so, uncertainty can be transformed into certainty. 

3.2.2. Objective Function 

During the intra-day rolling phase, with the spatial scale being a single park, the ob-
jective is to minimize the operating cost of the park. This cost encompasses the operating 
costs of the power grid, gas network, and heat network within the single park. The model 
is formulated as follows: 

 
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 

 

(18)

In the formulation, neT  denotes the total number of intra-day dispatch intervals; nt  
represents the initial time period for rolling optimization; pnN  refers to the number of 

scenarios considered; snp  signifies the occurrence probability of scenario np ; TGn-KnC  
represents the aggregate cost of the transmission grid and multiple industrial parks; TGnC  
denotes the operational cost of the transmission grid under scenario np  at time period t; 
and en,kC , gn,kC  and hn,kC  denote the electricity, gas, and heating network costs, respec-

tively, for park k under scenario np  at time period t. , , ng t pC and , , , ndg t k pC  denote the op-

erational costs of thermal power units in the transmission grid and park k, respectively, 
under time period t and scenario np ; , , , nB t k pP  denotes the generation output of unit B in 

park k under the same time period and scenario np . 
2CO , , , nt k pC  denotes the carbon emis-

sions of park k under time period t and scenario np ; gas
, , , nu t k pG  denotes the gas supply out-

put from the gas source for park k under the same period and scenario np  ; and 

CHPh, , , nt k pH  and GBh, , , nt k pH  denote the thermal energy outputs of the CHP unit and the 

GB in park k, respectively, under identical conditions. 
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3.2.3. Constraints 

During the intra-day rolling phase, the unit equipment within the park is required to 
respond within 15 min. Apart from the difference in dispatching time, the constraints to 
be satisfied are identical to those of the multi-park system. For detailed constraints, refer 
to Section 3.1 of this paper, as no further elaboration will be provided herein. 

3.3. Real-Time Scheduling 

3.3.1. Load Uncertainty 

The time scale of real-time scheduling is set to 5 min. During this stage, the prediction 
deviation of the source-load uncertainty is further diminished. The scenario method is 
also employed to address this issue. For the specific approach, refer to Reference [34]. No 
further elaboration will be provided herein. 

3.3.2. Objective Function 

During the real-time scheduling phase, with the spatial scale being a single park, the 
objective is to minimize the operational cost of the park’s power grid. The model can be 
formulated as follows: 

shi T

shi

2
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1 1

, , , , , , CO , , ,
1 1 1

min

                     ( )
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i

i s

pi

i i i

i s
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 

 

 

  
 (19)

In the formula: shiT  represents the total number of real-time scheduling periods and 

st  represents the starting period for real-time optimization. piN  stands for the number 

of scenes. sip  is the probability of scene ip  and TGe-KeC  is the total cost of multi-park 
power grids. , , , idg t k pC  represents the cost of thermal power units in the park k during the 

t period in scenario ip . , , , iB t k pP  denotes the output of unit B in scenario ip  at time t in 

park k and 
2CO , , , it k pC  denotes the carbon emissions in scenario ip  at time t in park k. 

3.3.3. Constraints 

During the real-time scheduling phase, the power equipment in the park is required 
to respond within 5 min. The constraint conditions only take into account the grid con-
straints. For the specific constraints, refer to Section 3.1 of this paper. No detailed descrip-
tion will be provided herein. 

3.4. Model Solution 

In this section, the Analytical Target Cascading (ATC) method, renowned for its strong 
robustness, is utilized to decouple the transmission grid and the park system. The ATC 
approach decomposes the global optimization problem of a complex system into a series 
of local optimization problems of multiple subsystems. By hierarchically transferring ob-
jectives and constraints, the overall system can achieve distributed and efficient solutions 
while ensuring coordination and consistency [29–32]. 

In practical applications, the transmission grid and the park system exhibit intricate 
coupling relationships among variables and constraints. Traditional centralized optimiza-
tion methods encounter challenges including large computational scales, complex problem 
structures, and limited robustness. ATC realizes modular processing and iterative coordi-
nation of the system by establishing a coordination mechanism for the objective functions 
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and coupled variables of subsystems at each level. This approach not only enhances the 
solution efficiency of the model but also bolsters the system’s resilience in the face of un-
certainties and disturbances. 

In order to effectuate this decoupling procedure, Lagrange multipliers 1   and 2  
and penalty factors 1  and 2  are introduced. These are employed to formulate the con-
sistency constraints and penalty terms for the coupled variables. The Lagrange multipliers 
serve to quantify the sensitivity of the coupled variables in the event of violations of the 
consistency constraints. Meanwhile, the penalty factors are utilized to modulate the sever-
ity of the penalties imposed for constraint violations during the optimization process. 

In the proposed ATC framework, the set of coupling variables acts as the bridge for 
two spatial dimensions: the transmission grid–park power exchange GDP  and the inter-
park lateral power exchange DP . Through the introduction of Lagrange multipliers ( 1  
and 2 ) and penalty terms ( 1  and 2 ), consistency constraints for both coupling types 
are rigorously calibrated. Consequently, the iterative optimization harmonizes vertical hi-
erarchical interactions with horizontal peer-to-peer support, achieving a robust multi-spa-
tial collaborative scheduling scheme. 

It is noteworthy that the distributed optimization framework based on the Analytical 
Target Cascading (ATC) method developed in this study aligns in both structure and solu-
tion mechanism with the logic of coordinated operation in liberalized electricity markets. 
The upper- and lower-level optimization problems in the model correspond respectively 
to the transmission system operator (TSO) and distributed resource aggregators (such as 
virtual power plants) in a market seĴing. The Lagrange multipliers (λ) updated iteratively 
during the solution process are equivalent to economic shadow prices, and the coordina-
tion procedure simulates the price-based market clearing and coordination mechanism. 
Therefore, this model can also serve as a methodological reference for investigating multi-
agent coordinated scheduling problems in a market-oriented environment. 

By means of iterative updates of these multipliers and penalty factors, the coupling rela-
tionships among subsystems are harmonized, thereby ensuring the convergence and con-
sistency of the ultimate solution. The specific expressions are presented as follows: 
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In the formula: *
,
GD
t kP , *

,
GD
t kP  , *

, ,
D
t k mP  and *

, ,
D
t k mP   are the coupled variables after opti-

mization, and s  is the number of iterations.   represents accelerated convergence, and 

its value ranges from 2 to 3. 
The solution steps of the model developed in this section are as follows: 

Step 1: Solve the day-ahead scheduling model of the transmission grid–multi-park system. 
Subsequently, transfer the results to the intra-day scheduling model. 
Step 2: Initialize the ATC iteration count 1s  , read the predicted values of wind and 
solar power, set the initial values of 1 , 2 , 1  and 2 to 1, and start the loop. 
Step 3: Consider the predicted values as the most adverse scenario. Substitute them into 
the master problem to obtain the initial values of the coupling variables and the unit state 
variables. Set ,

GD
t kP   and , ,

D
t k mP   equal to *

,
GD
t kP   and *

, ,
D
t k mP  , respectively, and then substi-

tute them into the sub-problem. 
Step 4: In the process of one iteration, update *

,
GD
t kP , *

,
GD
t kP  , *

, ,
D
t k mP  and *

, ,
D
t k mP  alternately. 

Step 5: Judge the loop termination condition: specify sufficiently small convergence 
thresholds T1   and T2  . If the inequalities *( 1) *( )

, , T1
GD w GD w
t k t kP P      and

*( 1) *( )
, , T2
GD w GD w
t k t kP P     hold, then terminate the ATC iteration and output the final op-

timization result. Otherwise, return to Step 3 and update 1
1
s  , s+1

2 , 1
1
s   and 1

2
s  . 

Step 6: Solve the intra-day rolling scheduling model of the single-park system and trans-
mit the results to the intra-day real-time scheduling model. 
Step 7: Solve the intra-day real-time scheduling model of the single-park system to acquire 
the intra-day real-time scheduling plans for each park. 
Step 8: Determine whether the real-time optimization period lies within the scheduling 
cycle of the current intra-day rolling stage. If so, continue to execute Step 7; otherwise, 
proceed to Step 9. 
Step 9: Determine whether the real-time optimization period is within the full-day sched-
uling cycle. If it is, output the scheduling results. If not, shift the scheduling period to the 
next rolling cycle and then continue to execute Step 3. 

The solution flowchart is presented in Figure 2. 
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Figure 2. Flowchart for solution. 

It is important to note that, according to ATC theory, the algorithm is guaranteed to con-
verge to a Karush–Kuhn–Tucker (KKT) point provided the following conditions are met: 

(1) The objective functions of each sub-problem are convex, and the constraint sets de-
fine convex feasibility regions; 

(2) The system-level coupling constraints are linear; 
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(3) The penalty factor    is sufficiently large (here, an adaptive growth strategy 
1s s

     is adopted, where [2,3]  ). 

In the proposed framework, the objective functions for each subsystem (transmission 
grid and parks) aim for cost minimization and are inherently convex. Furthermore, the oper-
ational constraints, such as power balance and equipment capacity limits, form convex sets. 
The inclusion of the quadratic penalty term   in Equation (20) further enhances the strict 
convexity of the problem, ensuring the existence and uniqueness of the global optimal solu-
tion. Consequently, the proposed model fully satisfies the aforementioned rigorous condi-
tions, thereby theoretically guaranteeing the algorithm’s convergence. 

4. Case Analysis 
4.1. Parameter SeĴings 

The topological structure of the coordinated operation system of the transmission 
grid and multi-parks is presented in Figure 3. 
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Figure 3. Schematic of the system topology. 

In Figure 3, G and DG denote thermal power units; CHP stands for combined heat 
and power (CHP) systems; WT represents wind turbines for power generation; PV refers 
to photovoltaic power generation systems; BAT represents baĴery energy storage systems; 
and g represents the gas source. 

In this section, the IEEE-39-bus power grid is employed as the transmission grid. For 
Park 1, an integrated energy park is established, which consists of an IEEE-39-bus power 
grid, a 20-node gas network, and a 6-node heat network. Accordingly, a coordinated op-
eration system of the transmission grid and multiple parks is constructed. 

The transmission grid system encompasses thermal power units and electrical loads. 
In this part, Park 1 utilizes the IEEE-6-bus power grid as a photovoltaic park, incorporat-
ing photovoltaic arrays, wind power generation facilities, electrical energy storage devices, 
and electrical loads. Park 2 consists of the IEEE-39-bus power grid, 20-node gas network, 



Energies 2026, 19, 1033 16 of 22 
 

https://doi.org/10.3390/en19041033 

and 6-node heat network as an integrated energy park. Its power grid system involves 
thermal power units, wind turbines, photovoltaic arrays, electrical energy storage, gas 
turbines, and electrical loads. The gas network system is composed of gas sources and gas 
loads. The heat network system consists of gas boilers and heat loads. 

The parameters of the units are presented in Table 1. The detailed parameters of the 
thermal power units, gas network pipelines, and heat network pipelines can be referred 
to in Reference [35]. The load prediction values are depicted in Figure 4. The simulation is 
carried out using Matlab R2021b with the call of Yalmip(version: 20210331), and the 
Gurobi( version: 9.5.1) solver is adopted for problem-solving. 

Table 1. Parameters of the equipment. 

Carbon Trading 
Parameters 

Value (kg/kWh) 
Carbon Trading 

Parameters 
Value 

(kg/kWh) 
Equipment Title 

Conversion 
Efficiency 

Maintenance 
Factor 

Rated Output 
Upper Limit 

(kW) 
δe 0.798 hc(tons) 2000 GB 0.8 0.021 12,000 

δh 0.385 ψc 0.25 CHP 
(electricity/heat) 

0.35 
0.45 

0.021 2000/ 
3000 

ωe 1.08 uc 0.2 ESS 0.8 0.021 600 

ωh 0.39 cg(yuan) 150 
wind tur-

bine/photovoltaic / 0.021 2000 
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Figure 4. Predicted values of the load: (a) predicted values of electric load; (b) predicted values of 
gas and heat loads. 

4.2. Analysis of Day-Ahead Results 

To validate the effectiveness of the multi-time-scale scheduling for the transmission 
grid–multi-park system, two scenarios are designed for analysis: 

Scheme 1: Day-ahead Optimization Model Without Considering Demand Response. 
Scheme 2: Day-ahead Optimization Model Considering Demand Response. 
The scheduling results are presented in Table 2. 

Table 2. Results of day-ahead scheduling optimization. 

Modes Parks Power Supply 
Cost (Yuan)  

Gas Procurement 
Cost (Yuan) 

Heating Cost 
(Yuan) 

Carbon Trading 
Cost (Yuan) 

Cost of the 
Park (Yuan) 

Subsidy 
Cost (Yuan) 

Transmission 
Grid Cost (Yuan) 

Total Cost 
(Yuan) 

1 1 54,725 15,875 35,676 −5221 101,055 \ 442,215 734,974 2 96,645 31,916 68,351 −5208 191,704 \ 

2 1 51,969 15,873 35,436 −5275 100,343 2340 442,169 733,499 2 92,683 31,902 67,432 −5262 190,987 4232 

The scheduling results of power supply balance are presented in Figure 5. 
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(a) scenario 1 (b) scenario 2 

  

(c) scenario 1  (d) scenario 2 

  

(e) scenario 1  (f) scenario 2 

Figure 5. Power supply equilibrium of the system. 

As evident from Table 2 and Figure 5, the total cost of the transmission grid–multi-
park collaborative system under Scheme 2 is decreased by 1475 yuan in comparison to 
Scheme 1. This indicates that the day-ahead two-layer optimization model can effectively 
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enhance the dispatching economy of the transmission grid–multi-park collaborative sys-
tem. The detailed analysis of the specific reasons is as follows: 

Under Scheme 1, the compensation mechanism of demand response is utilized to 
narrow the load gap between peak and off-peak periods in Park 1 and Park 2. This not 
only alleviates the power supply pressure of the transmission grid to the parks during 
peak hours but also, in conjunction with the iterative solution of the robust model, opti-
mizes the power output of generating units. As a result, the energy supply costs of the 
electricity, gas, and heat networks in various scenarios of Park 1 and Park 2 are all reduced. 

Plan 2 utilizes the residual natural gas retained in the pipeline as a supplementary 
gas source, thereby reducing natural gas procurement costs and effectively harnessing the 
synergistic benefits across multiple energy systems. This approach reduces power trans-
mission demands from the main grid to Park 1 and Park 2, enhancing the distributed au-
tonomy and operational independence of individual subsystems. 

4.3. Analysis of Intra-Day Rolling Results 

The power supply and heat supply balances of the transmission grid, Park 1, and 
Park 2, along with the output of the CHP units and the flow variations at the respective 
nodes, are depicted in Figure 6. 

The day-ahead scheduling results are employed as the boundaries of the decision 
variables for the intra-day rolling period, serving as a benchmark for the intra-day rolling 
scheduling plan. Specifically, although there are discrepancies in the supply–demand bal-
ance relationships of each park, the scheduling plans during the day-ahead phase, the 
output of CHP units, and the flow changes at the nodes, the general distribution trends 
remain largely consistent. 

Furthermore, the output of the generating units in each time period exceeds the heat 
load. Evidently, during the intra-day rolling scheduling stage, the system can effectively 
accommodate real-time changes. This enables the system to represent the uncertainties of 
the sources and loads, thereby further optimizing the output of the generating units. 
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Figure 6. Scheduling results of the intra-day rolling stage. (a) Power supply equilibrium of Park 1. 
(b) Power supply equilibrium of Park 2. (c) Power supply equilibrium of the transmission grid. 

4.4. Analysis of Intra-Day Real-Time Results 

The scheduling results for the intra-day real-time phase are presented in Table 3. 

Table 3. Results of the real-time scheduling optimization within a day. 

Time  
Dimension 

Parks 
Power Sup-

ply Cost 
(Yuan) 

Gas Procurement 
Cost  

(Yuan) 

Heat Supply 
Cost (Yuan) 

Carbon Trading 
Cost (Yuan) 

Transmission 
Grid Cost 

(Yuan) 

Total System 
Cost (Yuan) 

Day-ahead 
1 51,398 15,868 35,929 −5316 

441,910 732,936 
2 92,131 31,898 67,851 −5305 

Intra-day 
1 48,431 15,761 35,826 −5419 

440,375 729,104 
2 89,164 31,799 67,748 −5408 

Real-time 
1 49,002 15,758 35,817 −5426 

440,157 729,997 
2 89,735 31,783 67,745 −5415 

As can be gleaned from Table 3, all costs during the intra-day rolling scheduling 
phase are lower than those in the day-ahead phase, with the total cost decreasing by 3832 
yuan. This is aĴributed to the fact that as the scheduling time interval shrinks, the sce-
nario-based method improves the accuracy of source-load forecasting. Consequently, the 
impact of uncertain factors is mitigated, and the energy supply–demand balance is further 
optimized. During the real-time scheduling phase, building upon the intra-day rolling 
scheduling plan, the scenario-based method is employed to further reduce the influence 
of uncertain factors. This optimization of the unit output leads to a slight increase in the 
power supply operation cost and the total system cost compared to the intra-day rolling 
phase. Specifically, the increases are merely 0.6% and 0.1% respectively. This clearly 
demonstrates that the adoption of a multi-time-scale approach can reasonably take into 
account the economic efficiency of system scheduling. 

5. Discussion 
(1) The multi-temporal and spatial scale scheduling framework proposed in this 

study employs differentiated modeling approaches tailored to the uncertainty character-
istics and scheduling requirements inherent in distinct time-scale stages. During the day-
ahead stage, given the extensive prediction horizon and broad error margins, a robust 
optimization method is adopted. Here, the potential fluctuation ranges of wind–solar 
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power output and load demand are delineated by uncertainty sets, with the aim of deriv-
ing a scheduling plan that is both feasible and robust across all plausible scenarios. 

Conversely, in the intra-day real-time stage, the scheduling cycle is short (5 min), 
imposing extremely stringent demands on the real-time computational performance of 
the model. Simultaneously, the accuracy of ultra-short-term forecasting is significantly en-
hanced, and the stochastic distribution features of uncertainties are more prominent. To 
obtain executable scheduling instructions within the constrained time frame, this study 
shifts to a scenario-based stochastic optimization approach. Representative scenarios are 
generated leveraging the probability distribution of prediction errors, in pursuit of deci-
sions that optimize the expected cost. 

The day-ahead robust layer provides safety guarantees for the system, while the real-
time stochastic layer enables an economic response to high-frequency fluctuations. 

(2) To preserve the solvability of the model and focus on the multi-level, multi-spati-
otemporal coordination optimization problem, this paper simplifies the modeling of ther-
mal power units (e.g., coal-fired power plants) by assuming that the thermal power units 
in the model exhibit greater operational flexibility than actual physical equipment. Linear 
ramping constraints of the units are incorporated into the mathematical model, while non-
linear ramping characteristics are temporarily omiĴed. Future research will address these 
detailed physical constraints of the units to develop dispatch strategies that more closely 
align with real-world operational boundaries. 

6. Conclusions 
To further improve the matching degree between the energy production side and the 

demand side, an optimization scheduling method for the transmission grid–multi-park 
system at multiple time and space scales, taking into account dynamic characteristics, is 
proposed. Through case study analysis, the following conclusions can be drawn: 
(1) By taking into consideration the load time-series characteristics at different time and 

space scales and the spatial distribution characteristics of parks, and by using an in-
centive-type demand response and the scenario method to represent sources and 
loads, the potential for collaborative optimization of different energy sources in both 
temporal and spatial dimensions can be fully explored. This can further enhance the 
economic efficiency and reliability of the system operation. 

(2) Analytical Target Cascading (ATC) was employed to achieve the distributed collab-
orative solution of the transmission grid and multi-park systems. This approach not 
only enhances the efficiency of model solution but also effectively guarantees coor-
dination and consistency among different system levels. Moreover, it strengthens the 
system’s resilience to uncertainties. 

(3) The core of this work resides in the development and preliminary validation of the 
proposed methodological framework. As a framework-centric study, the primary ob-
jective of the case analysis is to demonstrate the operational viability of this inte-
grated framework. A detailed quantitative comparison with centralized optimization 
or other state-of-the-art distributed algorithms constitutes a critical direction for fu-
ture research. 
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