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Source-load Coordinated Optimization  

Framework for Distributed Energy Systems  

Using Quasi-potential Game Method 

Guofeng Wang, Bei Jiang, Yuchen Liu, Licheng Wang, Youbing Zhang, Jun Yan, and Kai Wang 

Abstract—Addressing carbon reduction in the energy 
sector is crucial in the global fight against climate change. 
In response to this, a source-load coordinated optimiza-
tion framework is proposed for distributed energy sys-
tems (DES). The high carbon-emitting power plants in the 
source side are transformed into carbon capture power 
plants to capture CO2 generated during power generation, 
thereby improving the power efficiency and decreasing 
the carbon emissions of the DES. On the load side, the low 
carbon demand response (LCDR) method is introduced to 
replace the traditional price-driven demand response. 
Governed by dynamic carbon emission factors, LCDR 
aims to facilitate a low carbon shift in end users’ energy 
consumption patterns. An extensive analysis is conducted 
on the viability of the proposed source-load coordinated 
framework for low-carbon economic scheduling and an 
optimal optimization model is formulated by considering 
the comprehensive cost of the DES. The original problem 
is then transformed into a hierarchical Stackelberg game 
model with multi-leaders and multi-followers, which is 
further solved by an efficient quasi-potential game (QPG) 
algorithm. The practicality and scalability of the proposed 
work are validated through simulations conducted on the 
modified IEEE39-node and IEEE118-node test systems. 
The findings verify that the proposed framework is highly 
effective in improving power plant efficiency, optimizing 
the use of renewable energy, and substantially lowering 
carbon emissions. 

Index Terms—Carbon capture power plant, low-carbon 
demand response (LCDR), source-load coordinated framework, 
low-carbon economic scheduling, quasi-potential game (QPG). 
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Ⅰ.   INTRODUCTION 

lobal warming, acknowledged by the scientific 

community as a significant threat to human civili-

zation [1], presents a complex array of environmental, 

social, and economic challenges. The Paris Agreement 

sets a target to keep warming between 1.5 ℃ and 2 ℃. 

However, the global temperature has already risen by 

about 1.1 ℃ by 2023 [2]. This increase is mainly driven 

by high 2CO  emissions, highlighting the need for 

strategies to reduce carbon emissions for a sustainable 

future. Electricity power sector is a key source of these 

emissions, responsible for approximately 40% of the 

global total, more than any other major sources. Thus, 

reducing carbon emissions in the power sector is crucial 

for addressing climate change. 

Carbon capture and storage (CCS) technology is the 

core means to reduce emissions with net-zero carbon 

objectives, and its role is reflected in decarbonizing 

industries that are difficult to reduce emissions [3], 

technical support for negative emissions [4] and energy 

transformation bridge [5]. In the energy sector, the in-

tegration of CCS technology in transforming traditional 

coal-fired power plants into carbon capture power 

plants (CCPPs) not only markedly reduces carbon 

emissions but also provides these plants with greater 

operational flexibility. This improvement substantially 

enhances the integration of renewable energy sources 

(RES) [6], while also plays a pivotal role in scenarios 

where the grid is not required to accommodate surplus 

RES generation [7] or operates under significant un-

certainty [8]. A single CCPP, however, is difficult to 

achieve the best effect of the system. 

Substantial research has been conducted on opti-

mizing the source side of the distributed energy system 

(DES), aiming to enhance its overall energy efficiency 

and economic benefits. A carbon cycle system that 

incorporates power-to-gas (P2G), carbon capture, and 

supercritical 2CO  processes is developed to increase 

the energy transformation efficiency of integrated en-

ergy systems [9]. Study on two-stage planning models 

for combined power and gas systems, taking into ac-

count uncertainties such as global carbon tax, carbon 
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prices, and load, demonstrates effectiveness, robustness, 

and sensitivity [10]. A novel concept called committed 

carbon emission operation region (CCEOR) of inte-

grated energy systems is proposed, which can charac-

terize the low-carbon feasible space (LCFS) visually 

[11]. Furthermore, a novel tri-dimensional equilibri-

um-based stochastic optimal dispatching model is pro-

posed in [12], offering decision-makers effective tools 

for addressing multi-objective dispatching challenges in 

DES. The above studies contribute greatly to the low 

carbon optimization of DES, but they ignore the effect 

of load side response on the low carbon level. 

In the context of rapid advancements in RES and 

CCS technologies, several governments, notably China 

[13] and Canada [14], have recently launched “carbon 

peaking and carbon neutrality” action plans. Experts 

highlight the vital role of harnessing demand response 

(DR) potential in the load side, particularly for manag-

ing energy consumption [15] and enhancing power 

system resilience [16]. In [17], an integrated demand 

response exchange mechanism is proposed, which in-

corporates seasonal variations and uncertainties. The 

study demonstrates its effectiveness in emission reduc-

tion and emphasizes the economic advantages of an 

innovative low-carbon dispatching approach. Address-

ing the prevailing uncertainty in coordinated dispatch-

ing of economy and carbon emissions in integrated 

electricity and heat systems, a multi-objective optimi-

zation model is devised that synergizes CCPPs with 

multi-energy demand response mechanisms [18]. This 

approach not only fosters RES generation but also sig-

nificantly contributes to the reduction of 2CO  emis-

sions. At present, research on comprehensive DR and 

price-based DR is extensive. However, different types 

of DR often have varying objectives and requirements, 

and these studies frequently overlook the critical aspect 

of carbon emissions. 

In summary, current research in this area predomi-

nantly focuses on one-sided modeling and optimization, 

targeting either the source or load side to improve the 

economic efficiency of the DES. However, the inverse 

relationship between economic dispatch and carbon 

emission reduction presents a notable challenge in 

achieving an optimization that balances energy and 

carbon benefits. These studies frequently fail to com-

prehensively examine the impact of economic behavior 

on carbon emissions. Furthermore, the rising penetra-

tion of RES, characterized by their inherent variability 

and uncertainty, exposes the shortcomings of conven-

tional optimization approaches in DES. Reference [19] 

proposes an accelerated prediction-correction-based 

alternating direction method of multipliers 

(PCB-ADMM) algorithm to derive the optimal sched-

uling strategy of multi-microgrid system (MMGS) in a 

distributed manner, ensuring the privacy preservation of 

individual microgrids. However, as an improved algo-

rithm of the traditional ADMM, it is often difficult to 

verify the existence of the Nash equilibrium point in its 

game process. This research in [20] adopts the sin-

gle-leader single-follower Stackelberg game, and pro-

poses a transactive energy management method for a 

multi-energy microgrid (MEMG) to simultaneously 

provide optimal energy scheduling and pricing strate-

gies for the MEMG operator.  

In response to these challenges, this paper introduces 

a source-load coordinated optimization framework for 

low-carbon economic dispatch, integrating a 

low-carbon demand response (LCDR) and a qua-

si-potential game (QPG) approach. Different from the 

multi-agent hierarchical Stackelberg game and QPG, 

research in [21] adopts an asymmetric Nash bargaining 

method to ensure the fair allocation of benefits and 

maintain the willingness of individual MEMGs to par-

ticipate in cooperation. In [22], bases on Stackel-

berg-Nash asymmetric bargaining game of genetic al-

gorithm, a multi-operator two-layer optimal scheduling 

model is established. The key contributions of this re-

search are summarized as follows. 
1) Diverging from traditional electricity price-driven 

mechanisms, the proposed approach is grounded in a 
carbon-centric perspective, establishing a practical 
LCDR method that integrates a tiered carbon trading 
system with comprehensive carbon quotas. This method 
utilizes a novel full-node carbon potential calculation to 
determine the dynamic carbon emission factor (DCEF) 
for the DES. By using DCEF as guiding signals, it aims 
to direct users towards a low-carbon energy consump-
tion trend, thereby enhancing the load side’s low-carbon 
economic performance. 

2) The flexible operation of CCPP on the source side 
and LCDR on the load side are coordinated within a 
hierarchical Stackelberg game-based economic opti-
mization framework. The upper layer of this framework 
operates on a tiered carbon trading model, targeting cost 
minimization for the source side and optimizing the 
electricity generation schedules of various power units. 
The lower layer focuses on maximizing the interests of 
the load side, adjusting energy consumption plans based 
on DCEF to fully leverage the low-carbon advantages 
of both sides. 

3) The original optimization problem of hierarchical 
multi-leader multi-follower Stackelberg game frame-
work is transformed into a QPG model. The existence of 
the Nash equilibrium of this game model is proved, and 
the consistency of the Nash equilibrium solution with 
the optimal solution of the model is demonstrated. 
Furthermore, by benchmark analysis in typical cases, it 
concludes that the solution time for algorithms in the 
DES of different scales shows linear growth, with the 
time complexity of the algorithms approaching O(n). 

The structure of this paper is as follows. Section Ⅱ 

explores the low-carbon potential of the source-load 

coordinated optimization framework by integrating 
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CCPP and LCDR in the DES scheduling. Section Ⅲ 

elaborates on the construction of this framework using a 

QPG algorithm. Section Ⅳ demonstrates the effec-

tiveness and superiority of the proposed framework and 

algorithm through case studies in typical scenarios, 

while the scalability in larger node systems is examined. 

Finally, Section Ⅴ presents the conclusions. 

Ⅱ.   LOW-CARBON POTENTIAL ANALYSIS OF THE 

SOURCE-LOAD COORDINATED FRAMEWORK 

This paper further extends our previous work [23] to 

a practical DES with a high penetration of RES, as il-

lustrated in Fig. 1. A source-load coordinated frame-

work is proposed, where the source side is made up of 

CCPPs, conventional thermal (coal-fired) power plants, 

wind turbines (WTs), and photovoltaic systems (PVs). 

In particular, the CCPPs feature solution storage tanks, 

facilitating peak shaving and valley filling through the 

temporal shift of energy consumption. 

 

Fig. 1.  Diagram of DES framework and energy flows. 

A. Flexible Operation Mode of CCPPs 

In this study, a flexible operation mode for CCPPs is 

introduced through the integration of solution storage. 

This approach allows the monoethanolamine (MEA) 

solution to absorb 2CO  during peak load periods, with 

subsequent storage in a dedicated solution tank. In 

trough periods, the accumulated 2CO  is then trans-

ferred to the regeneration tower for extraction and 

capture [24]. This strategy markedly enhances 2CO  

capture efficiency, extends the net output range of 

CCPPs, and promotes greater utilization of RES [25]. 

Taking into account the actual power requirements of 

DES, the energy consumptions in the flexible operation 

mode of CCPPs are defined as follows: 
G net ccs fi
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where G

,i tP  represents the total power consumption of 

the coal-fired power plant unit i  in period ,t  it is pri-

marily allocated into three categories when unit i  is 

transformed into a CCPP: net output n t

,

e

i tP , carbon cap-

ture energy consumption cc

,

s ,i tP  and fixed energy con-

sumption 
fix

iP , and it should be noted that the c s

,

c

i tP  and 

fix

iP  will be 0 when unit i  represents a conventional 

coal-fired power plant; ccs

,i tP  is directly correlated with 

the total mass of 2CO  captured, ccs

,i tE , at time t , with 

i  representing the coefficient for carbon capture en-

ergy consumption; ccs

,i tE  includes both the 2CO  from 

power generation, G

,i tE , and the CO2 from solution 

storage tank, S

,i tE ; i  represents the capture coefficient 

of 2CO ; i  denotes the split ratio of flue/gas and i  for 

CCPPs should be maintained within a range of 0 to 1; 

and G

,i tE  is proportional to G

,i tP  with the carbon emission 

intensity ie . 

To realize the flexible operation mode for the CCPPs, 

the solution storage tank is introduced in this work, 

where 2CO  dissolves in MEA and becomes a liquid 

compound. The mass of 2CO  extracted from the solu-

tion storage tank is calculated based on the volume of 

the solution [26]. The modeling of this essential com-

ponent is elaborated in the followings [27]: 
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where S

,i tV  denotes the volume of solution required for 

2CO  extraction at time t in CCPPi ; the molar masses 

of MEA mea( )M  and 2CO  
2co( )M  are the key to un-

derstanding their interactions; the 2CO  extraction effi-

ciency of the tower is represented by ;i  furthermore, 

the concentrated volume of MEA is indicated as meaN  

and its density is indicated by meaD . Equation (6) rep-

resents the relationship between 2CO  mass and MEA 

solution volume. The corresponding constraints are as 
follows: 
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where +

,i tV  and 
,i tV   represent the volumes of these solu-

tions, respectively; the capacity of the solution storage 

tank in each unit is denoted as iV . Equation (7) de-

scribes the dynamic volumes of the rich and lean MEA 
solutions in the storage tank at any given time t . 

Equation (8) establishes the operational volume limits 
for both rich and lean solutions. Finally, Equation (9) 
dictates that the solution volumes should remain con-
stant after a 24-hour period. 

B. Low-carbon Mechanism Based on LCDR 

Price-based demand response (PDR) [28] and incen-
tive-based demand response (IDR) [29] are strategies 
that are widely utilized by researchers to enhance de-
mand-side scheduling. Both approaches contribute sig-

nificantly to lowering system 2CO  emissions by en-

couraging users to adjust their behaviors of electricity 
consumption in response to price signals. Despite these 
benefits, there is an inherent tension between achieving 
economic efficiency and reducing carbon emissions 
within the power system and the broader energy sector. 

To address this, the LCDR method is introduced that 
leverages the DCEF to make changes in electricity 
consumption behaviors [30]. By guiding users to adjust 
their power use, LCDR directly influences the carbon 
emissions footprint of the DES. Users utilize the DCEF 
to understand the indirect carbon emissions associated 
with their electricity usage [31]. The definition of 
LCDR method is detailed below, focusing on its appli-
cation within the DES. At its core, the source side of the 
DES delivers electrical energy to meet end-user’s de-
mand. Simultaneously, it transfers carbon emission 
responsibility to end-users through carbon flow mech-
anisms, thereby fostering a sense of shared accounta-
bility for emissions generated during energy production. 
This method is grounded in the theory of carbon emis-
sion flow analysis, which adeptly maps the link between 
carbon emissions on the source side and electricity 
usage on the load side [32]. A schematic illustrating the 
low-carbon operation mechanism of the LCDR, in-
cluding carbon emission flows within the power system, 
is shown in Fig. 2. 

 
Fig. 2.  The low-carbon mechanism of LCDR. 

As can be seen, the DCEF is instrumental in the 

LCDR method, serving as a critical component. Spe-

cifically, the DCEF within LCDR is derived by aver-

aging the spatial load in accordance with the carbon 

potential of each node, as delineated as: 
load load
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where t  represents the DCEF of the DES at time t ; Z 

is the set of all nodes in the DES; load

,j tP  is the load of 

node j  at time t ; and 
,j t

 represents the carbon po-

tential of the j  node at time t . 

To specify the computation of 
,j t

, the methodology 

for calculating the carbon potential is explored. Typi-

cally, this calculation is a straightforward multiplication 

of the power output from power plants by their respec-

tive carbon emission intensities. However, this ap-

proach is refined with the incorporation of CCPPs to 

capture 2CO . When 2CO  is captured by CCPPs at time 

t , the carbon potential associated with the nodes linked 

to these plants will decrease. Assuming that coal-fired 

power plants i  and RES i  are interconnected with 

node j , the improved carbon potential for this node at 

time t  is articulated as: 
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where J   represents the set of all nodes connected to 

node j ; flow

,sj tP  represents the power flow from node s  

to node j  at time t ; G

,j tP  and res

,j tP  are the power gen-

erated by unit i and RES power input to j at the time t, 

respectively; and G

je  is the carbon emission factor of 

coal-fired units at node j. 

C. Analysis of Source-load Coordinated Low-carbon 

Mechanism 

It is evident that the CCPPs with a comprehensive 

flexible operation mode on the source side, along with 

the LCDR method on the load side, independently 

contribute to the low-carbon operation of the DES. 

However, these approaches exhibit specific limitations. 

CCPPs serve as the primary low-emission power gen- 

eration units that address peak load demands. Given 

their operational characteristics, these units frequently 

operate at or near their maximum capacity, resulting in 

insufficient capacity to meet additional or sudden 

backup power requirements. This limitation requires the 

activation of additional units of high-carbon emission to 

fulfill reserve requirements, thereby increasing the 

overall carbon emissions of the DES [33]. In this case, 

the strategic incorporation of LCDR method on the load 
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side presents a promising solution to this challenge. By 

effectively reducing peak demand, LCDR can avoid the 

extra support of the high-emission backup units. Thus, 

the collaborative integration of LCDR with the flexible 

operational capabilities of CCPPs significantly ampli-

fies the low-carbon advantages of the system. This 

strategic combination marks a pivotal advancement in 

enhancing the environmental sustainability of the DES. 

Configuring the system with LCDR alone enables a 

strategic redirection of peak loads to off-peak times, 

fulfilled by RES with net-zero carbon emission, thus 

lowering the DES’s carbon footprint [34]. However, in 

scenarios where RES output is insufficient, the shifted 

demand often falls back on higher-emission generators, 

undermining the DES’s low-carbon advantage. The 

deployment of CCPPs in this circumstance offers a 

solution by catering to the redistributed demand with 

their inherently low emissions. This adaptation ensures 

a sustained reduction in carbon emissions, especially 

during times when RES cannot meet the load require-

ments in the DES, thereby securing the system’s 

low-carbon purpose. 

This study contributes to low-carbon scheduling in 

DES by introducing a coordinated framework that lev-

erages the strengths of CCPPs on the supply side and the 

LCDR approach on the demand side. Building on our 

previous research [23], real-world data are utilized to 

construct and present a schematic diagram, as demon-

strated in Fig. 3. This diagram serves as preliminary 

evidence that integrating LCDR methods with CCPPs 

can significantly enhance net power output, addressing 

the carbon reduction limitations of each approach when 

considered in isolation. 

 
Fig. 3.  Schematic diagram of the mechanism of LCDR. 

In summary, the framework aims to maximize the 

collective carbon mitigation capabilities of these 

methods, thereby promoting an economically promising 

and environmentally sustainable operation of DES. 

Ⅲ.   LOW-CARBON SOURCE-LOAD COORDINATED 

FRAMEWORK 

In Section Ⅱ, the source-load coordinated mechanism 

has been analyzed and the low carbon scheduling po-

tential of the proposed framework has been explored. In 

this section, the detailed formulations of this framework 

and the algorithm for solving the problem are described. 

The specific framework of the LCDR-based source-load 

coordinated scheduling is shown in Fig. 4. 

 
Fig. 4.  Framework of the source-load coordinated dispatching. 

The interaction indicates a game-theoretic relation-

ship between source and load decisions. Considering 

this complex interplay, a hierarchical decision-making 

model is developed based on the Stackelberg game, 

incorporating a quasi-potential function-based method. 

This model aims at coordinated optimization in power 

generation and load scheduling, a concept to be elabo-

rated in the following Section Ⅲ.C. Initially, on the 

source side, the specific problem is formulated as an 

optimal scheduling model, as follows. 

A. Optimal Scheduling Model on the Source Side 

1) Objective Function on the Source Side 

The source side comprises the output of traditional 

coal-fired power plants, CCPPs and RES, to meet the 

total load demand. An optimization scheduling model is 

established with the primary objective of minimizing 

the overall operational costs for the source side in the 

DES, denoted as 
1

i , of which the payoff function is 

given by:  
1

1 2 3 4 5 6 7i C C C C C C C                 (12) 
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where 1C  and 2C  represent the generation and 

start-stop costs of coal-fired power plants, respectively; 

3C  denotes the penalty cost associated with reductions 

in RES power, accounting for the stochastic nature of 

RES power output; 4C  corresponds to the loss cost 

incurred during CCS; and 5C  is identified as the daily 

depreciation cost of CCPPs. The detailed formulations 

of each cost component are presented as: 

g 24
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(17) 

where gN  denotes the number of coal-fired units; the 

variable ,i tX  represents the operating state of unit i  at 

time t , taking Boolean values of 0 or 1; the coefficients 

ia , ib , and ic  are associated with the coal cost factors 

for unit ;i    signifies the cost coefficient for start-

ing/stopping operations; resN  indicates the number of 

RES units, i.e., PVs and WTs; the penalty cost coeffi-

cients for RES are given by re ; 
,

ˆ
i tP  and res

,i tP  represent 

the forecasted and actual power output of RES units, 

respectively; the coefficient 
2co  corresponds to the cost 

of the solvent in CCS processes;   denotes the loss 

during solvent operations; the depreciation rate for 

CCPP equipment is expressed by r; the cost coefficient 

of CCS equipment (without solution storage) and the 

solution storage are indicated by ccs  and so , respec-

tively; 1Y  and 2Y  refer to the lifespan for depreciation 

of CCS equipment and solution storage, respectively; 

and V means the volume of solution storage. 

In line with the global transition toward incorporating 

market mechanisms into power system reforms to bal-

ance low-carbon goals with economic development, this 

study introduces a practical carbon trading mechanism 

on the supply side. This approach is characterized by 

models of tiered carbon pricing, detailed in (18), and a 

carbon trading quota system, as outlined in (19). These 

models collectively aim to enhance energy efficiency 

and reduce emissions in power generating units, con-

tributing to the broader global trend [35]: 
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where   denotes the basic price of carbon trading; q  

defines the carbon emissions exceeding the system’s 

allocated quota; l  represents the carbon emission in-

terval;   is the rate at which the carbon trading price 

increases; totalE  represents the total 2CO  emissions of 

the DES; and   denotes the carbon quota coefficient; 

meanwhile, 
lcdr

tE  is the reduced carbon emissions; and 

7C  describes the incentive cost for carbon reduction 

after the LCDR method, as provided by the source side. 

On the source side, rewards for carbon emission reduc-

tion are paid to end-users on the load side, based on the 

carbon emission reduction incentive price   and the 

reduced carbon emissions 
lcdr

tE  achieved through 

LCDR method. 

2) Constraints on the Source Side 

After LCDR, the output of each generating unit on the 

source side is adjusted to meet the real-time demand of 

the load side. Consequently, the power balance con-

straint for the DES is denoted as follows: 

b besg r

net res dch lcdr ch

, , , ,

1 1 1 1

N N N

i t i t i t t i t

i i

N

i i

P P P P P
   

             (21) 

where bN  denotes the number of battery energy storage 

(BES) units; ch

,i tP  and dch

,i tP  represent the charging and 

discharging power of the ith BES unit at time t, respec-

tively; meanwhile, 
lcdr

tP  indicates the total load after 

LCDR at time t . 

The corresponding power generation constraints for 

the coal-fired units are outlined as follows: 
G G G

, ,min , , ,max g,i t i i t i t iX P P X P i N  ≤ ≤         (22) 

G G G G

,max , , 1 ,max g,i i t i t iR P P R i N  ≤ ≤             (23) 

off

on

1
off

, , 1 ,

1
on

, , , 1 g

(1 ) ( )

( ),

i

i

t T

i i i t i t

t

t T

i i i t i t

t

X T X X

X T X X i N

 





 






 





 






≥

≥

k
k

k
k

       (24) 
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res

, , res
ˆ0 ,i t i tP P i N≤ ≤                    (25) 

res res res res

,max , , 1 ,max res,i i t i t iR P P R i N  ≤ ≤         (26) 

, ,flow

,

s t j t

sj t

sj

P
 


z

                          (27) 

flow flow flow

,max , ,maxsj sj t sjP P P ≤ ≤                     (28) 

max max

,s s t s   ≤ ≤                        (29) 

ref 0                                   (30) 

where G

,maxiP  and G

,miniP  are the upper and lower output 

limits of the ith coal-fired unit, respectively; G

,maxiR  is 

the upper limits of the climbing speed; 
on

iT  and 
off

iT  are 

respectively the minimum start-up and shutdown time; 
res

,maxiR  is the upper climbing speed limits of RES i; ,s t  

and 
,j t  are the voltage phase angle of nodes s  and j  

at time t , respectively; 
sjz  is the reactance of the line 

between node s  and node j ; flow

,maxsjP  is the maximum 

transmission power of node s to node j ; 
max

s  repre-

sents the maximum voltage phase angle limit of node s ; 

and ref  is the phase angle of the balanced node voltage, 

which is set to 0. 

Constraints (22)(24) regulate the output and opera-

tional cycling of coal-fired units. Constraints (25)(26) 

define the output power limitations for RES generation. 

Lastly, constraints (27)(30) determine the power flow 

parameters of the DES. 

It is important to note that CCPPs are essentially 

modifications of traditional coal-fired power plants. 

Consequently, in addition to meeting the constraints 

previously specified for coal-fired units, it is crucial to 

take into account the unique energy consumption mod-

els and the constraints related to solution storage for 

CCPPs. The specific models governing the flexible 

operation of CCPPs, as introduced in Section Ⅱ.A, are 

detailed in (1)(9). 

The operational constraints of the BES [36] are 

specified as:  
ch ch dch dch

, , 1 , , b( )1 ,i t i t i i t i i tS S P P i N   k k     (31) 

ch ch ch

, , ,max b0 ,i t i t iP X P i N ≤ ≤              (32) 

dch dch dch

, , ,max b0 ,i t i t iP X P i N ≤ ≤             (33) 

ch dch

, , b0 1,i t i tX X i N ≤ ≤                 (34) 

min max

, b,i i t iS S S i N≤ ≤                    (35) 

,0 ,24 b,i iS S i N                           (36) 

where ,i tS  is the SOC of the BES i  at time t ; 
ch

ik  and 

dch

ik  denote the coefficients for charging and discharg-

ing efficiency [37]; ch

,i tP  and dch

,i tP  represent the charg-

ing and discharging power of the BES i  at time t ; the 

variables ch

,i tX  and dch

,i tX  indicate the charging and dis-

charging states of BES i  at time t , taking values of 0 or 

1; ch

,maxiP  and dch

,maxiP  are the maximum charging and dis-

charging power, respectively; 
min

iS  and 
max

iS  represent 

the minimum and maximum SOC, respectively. 

Equation (31) defines the calculation for the state of 

charge (SOC) [38] of the BES. Equations (32)(33) set 

the charging and discharging power limits. Equation (34) 

prohibits the BES from charging and discharging sim-

ultaneously. The SOC limits are prescribed by (35), and 

finally, equation (36) ensures that the SOC capacity 

remains constant after the end of the initial state cali-

bration [39], dynamic charge and discharge scheduling 

[40], and SOC equalization control [41]. 

B. LCDR Method on Load Side 

1) Objective Function on Load Side 

The load side aims to maximize incentive costs after 

implementing LCDR, as defined by the payoff 
2

i : 

2

7i C                                        (37) 

lcdr

dr, dr,( )t t t tE P P                          (38) 

where 
dr,tP  represents the decrease; and 

dr,tP  repre-

sents the increase of load demand due to LCDR during 

period t . Equation (38) demonstrates how the system’s 

carbon emissions are reduced. This underscores the 

pivotal role of electricity load demand management in 

reducing carbon emissions. 

2) Constraints on Load Side 

The load variation constraints after the implementa-

tion of LCDR method are presented as follows: 
max

dr, dr

max

dr, dr

0

0

t t

t t

P x P

P x P

 

 

  


 

≤ ≤

≤ ≤
                    (39) 

load load

dr, max,

load

dr,

t t t

t t

P P P

P P





  



≤

≤
                         (40) 

24

dr, dr,

1

( )t t

t

P P  



   ≤                     (41) 

1t tx x  ≤                                  (42) 

where  and  t tx x   represent the state of load decrease 

and increase at time t, taking Boolean values of 0 or 1; 
max

drP is the upper limit of load change; load

max,tP  is the 

maximum allowable load; and 
load

tP is the initial load 

before LCDR. Equation (41) represents that the total 

load change in a single day should be kept within a limit 

of  . Equation (42) describes that load increase and 
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reduction cannot occur simultaneously. 

C. Hierarchical Stackelberg Game Algorithm 

As emphasized at the beginning of Section Ⅲ, the 

precise modeling of the dynamic and strategic interplay 

between the supply and load sides within the DES is 

crucial [42]. The original optimization problem is for-

mulated into a mixed integer nonlinear programming 

(MINLP) in (12), which is typically nondeterministic 

polynomial-time (NP)-hard [43] that is difficult to solve. 

To address this complexity, we employ a hierarchical 

Stackelberg game model framework with multi-leaders 

and multi-followers that accounts for the intricate in-

teractions between the source and load sides. Moreover, 

we prove that the hierarchical Stackelberg game model 

formulated in this section can be resolved using an ef-

ficient QPG approach [44]. 

1) Hierarchical Stackelberg Game Model 

In this study, a hierarchical Stackelberg game model 

is established specifically designed for the source-load 

coordinated optimization problem in a DES. The source 

side, comprising multiple power plants (leaders), opti-

mizes generation scheduling, while the load side (fol-

lowers) adjusts energy consumption in response to dy-

namic carbon emission signals. Unlike traditional 

Stackelberg models [45], the proposed framework ac-

counts for both economic and environmental objectives, 

ensuring a balanced trade-off between cost minimiza-

tion and carbon reduction. 

The individual strategy for leader i  is signified by ix , 

and the composite strategies of all other players, excluding 

player i , are encapsulated in ,ix  and ix  is formally de-

fined as   1 1 1| , ( , , , , , ).i i i i Nx x i U i i x x x x  
      

Correspondingly, the strategy for the followers on the load 

side is characterized by their load response, denoted by 

 lcdr

i ty P . 

For the objective functions, the payoff structure 
1

i  

of the source side is detailed in (12). Similarly, the 

payoff 
2

i  of the load side is elucidated in (37). The 

payoff for player i , when employing strategy ix , is 

indicated by ( )i ix , and the collective set of payoffs for 

all players is given by  ( ) ( ) |i ix x i U   . 

Typically, Stackelberg games exhibit inherent power 

asymmetries, with the leader exerting influence but not 

fully controlling followers. Each follower inde-

pendently resolves an optimization problem that con-

siders both the leaders’ strategies and those of fellow 

followers. Consequently, for any given strategy profile 

1( , , )Nx x x , the set of equilibria for the followers is 

represented by ( ; ) ( ),i ix x x   and iy  is the antici-

pated strategy profile of all followers from the perspec-

tive of leader i  [46]. 

In this Stackelberg game, we assume that an ideal 

leader would minimize over 
1

i  while maximizing over 

2.i  Accordingly, the original objective expressed in 

(12) can be reformulated for leader i , denoted as i : 

,
min ( , ),

s.t.
( ;

:

)

;
i i

i i i i
x y

i i

i i i

i x y x

x X

y x x

 











                       (43) 

where players independently devise strategies that serve 

their self-interests, aiming to maximize their respective 

payoffs. This process continues until a Nash equilibrium 

is reached, which can be defined as follows. 

Definition 1 (Nash equilibrium): A strategy profile 

 *) |, ,( i ix y x y i U     constitutes a Nash equilibrium 

when no player can benefit from unilaterally changing 

their strategy. It is when for every player i , the condi-

tion (44) holds true for all ,ix  iy  within the strategy set 

i , indicating that there is no incentive for deviation. 

*( , ; ) ( , ; )i i i i i i i ix y x x y x 

 ≥                  (44) 

2) Quasi-potential Game Algorithm 

Prior to identifying a Nash equilibrium in the hier-

archical multi-leader multi-follower Stackelberg game 

we propose, it is essential to verify that the game indeed 

supports the existence of at least one Nash equilibrium. 

Finding a Nash equilibrium can be challenging. 

Within the realm of non-cooperative games, the QPG is 

noteworthy, as it guarantees the presence of at least one 

pure strategy Nash equilibrium [47], characterized by a 

global quasi-potential function that harmonizes the 

payoffs for all players. Should a quasi-potential function 

be established, it would enable the classification of our 

hierarchical Stackelberg game model as a QPG. 

Definition 2 (quasi-potential game): Consider a 

multi-leader multi-follower game  in which the ob-

jectives of the players are denoted by 1 2, , , N   .  

is a QPG if the following hold: 

1) There exists a function ( )   such that for all 

1, ,i N , x X  and i ix X , the following equality 

( ; ) ( ; ) ( ; ) ( ; )i i i i i i i i i ix x x x x x x x      
     holds; 

2) For 1, , ,i N  there exist functions 

1( ), , ( )Nx x   and a function ( , )iz x y  such that the 

objective ( )i   of each player i  is given as 

( , ; ) ( ) ( , )i i i i i ix y x x z x y    . 

The function   serves as the potential function, and 

the combination z   is referred to as the qua-

si-potential function. 
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Proposition 1: The hierarchical Stackelberg game 

G  qualifies as a QPG, with the quasi-potential function 

being the payoff ( )i z  . 

Proof: Consider ( , ( ( )))i i i ix x x  and ( )i i ix x  , 

there is: 

( , ) ( , )i i i i i i ix x x x   
                 (45) 

Similarly, the difference in the potential function can 

be expressed as: 

( , ) ( , )i i i ix x x x   
                 (46) 

Further expanding this yields: 

( , ) ( , )

         ( , ) ( )

         ( , ) ( )

         ( , ) ( , )

i i i i

i i i i i

i U
i i

i i i i i

i U
i i

i i i i i i

x x x x

x x x

x x x

x x x x

  

 

 

 

 

 



 



 

   

 
   
 
  

 
  
 
  

 





           (47) 

Since i     as per condition 1), and the proof 

for condition 2) follows a similar rationale [48], it 

proves that the hierarchical Stackelberg game G  is a 

QPG, and ( )i z   serves as a quasi-potential function. 

Remark 1: To address the inherent complexity of the 

multi-leader multi-follower structure, the Stackelberg 

game is transformed into a QPG, which guarantees the 

existence of a global equilibrium. The proof (Theorem 3) 

is constructed by demonstrating that the quasi-potential 

function z   satisfies the necessary conditions for 

convergence in a multi-agent setting. Specifically, in 

our framework,  ensures that any unilateral deviation 

by a single player results in a monotonic change in the 

potential value, leading to an equilibrium that aligns 

with optimal energy scheduling strategies. This trans-

formation not only simplifies computation but also 

provides a theoretically sound method to achieve a 

stable and efficient solution for the DES. 

Theorem 3 (existence of global equilibria of ): 

Consider  as a QPG with multi-leaders and mul-

ti-followers. Define  is the set of fixed points ( , )x y  

in the policy space. Assume that  is a nonempty set 

and i  is a continuous function for each i N . If there 

exists a minimizer for  (for instance, if   is a coer-

cive function over  or if  is compact), then  

possesses at least one equilibrium. 

The existence of a global equilibrium in a Stackelberg 

game can be proven under certain conditions, which 

include the continuity [49] and convexity [50] of the 

objective functions, as well as the non-emptiness [51] of 

the strategy sets. These conditions are rigorously proven 

in the cited references, which further establish the ex-

istence and consistency of the global equilibrium and a 

global minimizer. In summary, our proposed hierar-

chical Stackelberg game G  ensures a unique global 

equilibrium solution and an optimization result. 

3) Solution Process 

To address carbon reduction challenges in the energy 

sector, we propose a source-load coordinated optimiza-

tion framework for DES using a hierarchical Stackel-

berg game model. In this model, power generation units 

(leaders) optimize scheduling first, followed by de-

mand-side users (followers) adjusting consumption. To 

ensure equilibrium and convergence, we transform the 

multi-leader multi-follower Stackelberg game into a 

QPG. The optimization follows four iterative steps: 1) 

source-side economic dispatch; 2) DCEF computation; 

3) load-side demand response adjustment; and 4) 

QPG-based convergence verification. This iterative 

approach dynamically balances supply and demand, 

optimizing low-carbon dispatch, maximizing renewable 

energy utilization, and minimizing system-wide carbon 

emissions. Algorithm 1 provides a detailed and com-

plete pseudocode and Fig. 5 illustrates the interactive 

decision-making process within the QPG framework. 

Algorithm 1  Source-load Coordination Algorithm Using Qua-

si-potential Game 

Require: Initial strategies (0)x , (0)y , tolerance є  

Ensure: Optimized strategies x
, y  

1.       Initialize 0k , quasi-potential function (0) 0   

2.       while 
maxK＜k  do 

3.       Step 1: source optimization (leader’s decision) 

4.       Solve economic dispatch for each unit i X : 

1( ) argmin ( , ( ))
i

i i i
x

x x yk k  

5.       Compute updated potential function ( )x k  

6.       Step 2: compute dynamic carbon emission factor (DCEF) 

7.       Update system-wide emission factor ( )F k  

8.       Step 3: load optimization (follower’s decision) 

9.       Solve demand response for each node j Y : 

2( ) argmax ( ( ), )
j

j j j
y

y x yk k  

10.     Compute updated potential function ( )y k  

11.     Step 4: convergence check 

12.     if ( ) ( ) ( 1)x y є     ＜k k k  then 

13.     Store ( )x x  k , ( )y y  k  and break 

14.     end if 

15.     Update ( ) ( ) ( )x y   k k k , 1 k k  

16.     end while 

Return x
, y  
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Fig. 5.  Flow chart for solving the hierarchical Stackelberg game. 

The proposed model involves multiple sources of 

nonlinearity that require careful treatment to ensure 

computational tractability. Specifically: 1) Bilinear 

terms in (14) are linearized using McCormick relaxation; 

2) The piecewise function in (18) is reformulated using 

binary variables; 3) Quadratic generation costs are ap-

proximated using piecewise linearization; 4) The bilevel 

optimization framework is transformed into a QPG to 

eliminate Stackelberg-level nonlinearity; and 5) The 

nonlinear constraints in the CCPP model are approxi-

mated using first-order Taylor expansion. These trans-

formations ensure that the overall problem can be ef-

fectively solved using a combination of MILP and NLP 

methods [52]. 

Ⅳ.   CASE STUDY 

In this section, the proposed source-load coordinated 

scheduling framework is evaluated through case simu-

lations on the modified IEEE39- and IEEE118-node 

systems. The framework aims to optimize energy dis-

tribution and reliability in response to dynamic demand 

and the integration of RES. the traditional coal-fired 

power plants, G1 and G2, are transformed into CCPPs 

within the DES, illustrating this modification in Fig. 6. 

Furthermore, RES is integrated by introducing six wind 

farms and three PV installations, with capacities of 

200 MW and 150 MW respectively. This integration 

signifies the framework’s adaptability to diverse energy 

sources, enhancing sustainability. The power forecast 
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for the electrical load, WT, and PV over a typical day in 

the DES is illustrated in Fig. 7. 

 

Fig. 6.  Modified IEEE39-node system. 

 
Fig. 7.  Forecast power in a typical day. 

For simulation purposes, MATLAB (version 2023b) 

is utilized in conjunction with the YALMIP toolbox and 

the Gurobi solver (version 10.0.0). With the release of 

Gurobi 11.0, direct MINLP solving becomes possible 

[53]. However, to enhance computational efficiency, 

our hierarchical decomposition approach transforms the

 MINLP into subproblems that can be solved iteratively. 

The leader’s optimization problem is formulated as an 

MINLP (solved using Gurobi), while the follower’s 

response, involving nonlinearities from the DCEF cal-

culation, is handled separately using an NLP solver. 

This structured decomposition ensures computational 

feasibility while leveraging the latest solver capabilities. 

To conduct a comparative analysis, six representative 

cases are selected, as outlined in Table Ⅰ. In the table, a 

check mark “√” signifies the inclusion of a specific 

subsystem, whereas a cross “×” indicates its absence. 

TABLE Ⅰ 

SIMULATION CASE 

Cases PDR LCDR 

CCPP 

(without solu-

tion storage) 

CCPP 

(with solution 

storage) 

Ⅰ × × × × 

Ⅱ [54] √ × × × 

Ⅲ [55] × √ × × 

Ⅳ [56] × × √ × 

Ⅴ [6] × × × √ 

Ⅵ × √ × √ 

Specifically, the parameters discussed in this study 

are detailed in Table Ⅱ. For parameters related to carbon 

capture, refer to [57]; for renewable energy, see [58]; 

and for carbon trading, refer to [59]. Data pertaining to 

each coal-fired power plant (including CCPPs) are 

presented in Table Ⅲ. 

TABLE Ⅱ 

EXPERIMENTAL PARAMETER SETTING 

Parameters Value Parameters Value 

  (MW/t) 0.27   ($/t) 14.28 

  0.9   (%) 20 

  (mol/mol) 0.3   (t/MWh) 0.7 

  (kg/t) 
1.5 re  ($/MWh) 20 

mea  (g/ml) 1.01 
2co  ($/kg) 1.17 

r  (%) 8 so  ($/m3) 100 

ccs  ($) 2.359 42×108  (m3) 60 000×4 

1Y  (a) 15 2Y  (a) 5 

TABLE Ⅲ 

PARAMETERS OF EACH COAL-FIRED UNIT 

 
G

maxP (MW) G

minP (MW)  ($) a ($/MW2)/b ($/MW)/c ($) on offT T  (hour) G

maxR (MW/h) Ge (t/MW) 

G1 455 200 4500 0.000 48/16.2/1000.00 6/6 50 0.9 

G2 455 150 5000 0.000 31/17.3/970 5/5 50 0.92 

G3 130 30 550 0.002/16.6/700 5/5 25 0.99 

G4 130 25 560 0.002 11/16.5/680 5/5 25 0.98 

G5 162 45 900 0.003 98/19.7/350 5/5 25 1.02 

G6 80 20 170 0.007 12/22.3/370 3/3 18 1.05 

G7 85 25 260 0.000 79/27.7/480 3/3 20 1.06 

G8 55 10 30 0.004 13/25.9/660 1/1 15 1.12 

G9 55 10 30 0.002 22/27.3/665 1/1 15 1.15 

G10 55 10 30 0.001 73/27.8/670 1/1 15 1.1 
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A. Analysis of Scheduling Results 

Analysis of Case Ⅰ reveals that without carbon capture 

capabilities, DES reaches its peak in both carbon emis-

sions and the RES curtailment rate. This inability to 

capture 2CO  from power plants prevents the system 

from earning revenue through the sale of additional 

carbon allowances, resulting in the highest carbon 

emission costs. 

The introduction of PDR in Case Ⅱ significantly in-

creases the system’s RES output, thereby reducing its 

carbon emissions. Although this approach compensates 

for the load during peak periods with additional RES in 

low periods, the effect of carbon reduction is limited 

and RES still experiences curtailment. This suggests 

that the system’s low-carbon potential requires further 

investigation in this case. 

In Case Ⅲ, the load side introduces LCDR, which 

utilizes DCEF as signals to assist users in modifying 

their energy consumption behaviors. At first, the effects 

of LCDR are similar to those of PDR in Case Ⅱ. How-

ever, the advantage of LCDR is that it allows users to 

directly understand the carbon emissions associated 

with their electricity use, including those from the sup-

ply side. This enables comprehensive tracking of carbon 

footprints. Figure 8 illustrates the guidance signals of 

PDR and LCDR, as well as a comparison of their re-

spective load transfer effects. Although the introduction 

of LCDR alone can shift some of the load, it still faces 

situations with high carbon emissions. Therefore, it is 

necessary to consider the combination of LCDR with 

the deployment of CCPPs. 

 
Fig. 8.  Compare PDR in Case Ⅱ with LCDR in Case Ⅲ. 

In Case Ⅳ, CCPPs are incorporated on the source 

side. As illustrated in Fig. 9, the output from CCPPs in 

Case Ⅳ significantly exceeds that of higher car-

bon-emitting power plants. This leads to the majority of 

2CO  emissions within the system being captured and 

collected by CCS equipment, thus facilitating 

low-carbon operation of the system. While CCPPs are 

effective in capturing 2CO  emissions during power 

generation, they exhibit limited flexibility in adjusting 

their carbon capture capabilities. They are unable to 

maximally absorb RES during off-peak periods, indi-

cating that there is still room for optimization. 

 
Fig. 9.  Total output of electric power in different cases. 

In Case Ⅴ, the CCPPs outfitted with liquid storage 

tanks can facilitate flexible transfer of carbon capture 

energy consumption. By storing 2CO  produced during 

peak periods and capturing it during off-peak periods, 

this approach offers two primary advantages: first, it can 

increase the net output of CCPPs during peak periods to 
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meet load demand; and second, it allows for a reduction 

in the minimum net output of CCPPs in off-peak periods 

to absorb more RES power. The scheduling results 

indicate that this strategy significantly enhances the 

low-carbon operation of the system. However, some 

high-carbon power plants still need to operate during 

peak periods, and the system continues to experience 

instances of RES curtailment. 

The proposed framework in Case Ⅵ offers further 

improvements over the deficiencies identified in the 

previous cases. By shifting loads from peak to off-peak 

periods and replacing high-carbon generation during 

peak times with low-carbon alternatives during off-peak 

hours, a more substantial reduction in carbon emissions 

can be achieved. In comparison with Case Ⅰ, Case Ⅲ, 

and Case Ⅴ, carbon emissions in these cases are reduced 

by 87.6%, 87.2%, and 16%, respectively. The simula-

tion results demonstrate that the load demand is pri-

marily met by the output from low-carbon units, i.e., 

CCPPs and RES units. 

The optimized scheduling results including the RES 

curtailment rate θ for various cases are presented in 

Table Ⅳ. Compared to Case Ⅰ, the RES curtailment 

rates in Cases Ⅱ and Ⅲ, which utilize PDR and LCDR 

respectively, are reduced by 2.32% and 2.15%, respec-

tively, demonstrating similar impacts on RES con-

sumption. Notably, Case Ⅳ, which employs the CCPP 

diversion mode, exhibits a 2.95% reduction in RES 

curtailment, 1.19% lower than that of Case Ⅰ. This de-

crease is attributed to the operation of low-carbon power 

plants CCPP1 and CCPP2, which consume electrical 

energy for 2CO  capture during periods of low demand, 

thereby reducing the power plant’s minimum net output 

and enhancing RES absorption. Further, Case Ⅴ in-

corporates a solution storage to improve carbon capture 

flexibility, capturing 2CO  during peak periods for use 

in times of low demand. This strategy effectively lowers 

the power plant’s net output limit, increases RES gen-

eration efficiency, and achieves a 4.13% reduction in 

the RES curtailment rate compared to Case Ⅰ. Finally, 

Case Ⅵ demonstrates the complete utilization of RES in 

every period, highlighting the effectiveness of the pro-

posed method in optimizing RES consumption. 

TABLE Ⅳ 

OPTIMIZED SCHEDULING RESULTS IN DIFFERENT CASES 

Cases esF ($) 
acE (t)  (%) 

Ⅰ 452 458.41 13 078.64 4.14 

Ⅱ 435 789.82 12 590.43 1.82 

Ⅲ 438 923.11 12 622.04 1.99 

Ⅳ 438 754.03 3792.82 2.95 

Ⅴ 421 002.55 1924.36 0.03 

Ⅵ 419 672.27 1616.47 0 

To precisely quantify the output of RES across dif-

ferent cases, the RES curtailment rate θ is introduced. 

The mathematical formulation for this rate is as follows: 

res
res24
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1 1 ,

)ˆ(

ˆ
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i t i t

t i i t
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

 


                           (48) 

Figure 10 illustrates the impact of varied cases on 

RES utilization efficiency, showcasing the differential 

RES curtailment levels observed from Cases Ⅰ to Cases 

VI. Remarkably, Case Ⅵ achieves a consistent 100% 

RES utilization, enabled by the coordinated use of 

CCPPs and LCDR. LCDR enhances off-peak load ab-

sorption of RES, while CCPPs’ flexible operation 

maximizes 2CO capture during low-demand periods. 

This coordinated framework effectively reduces the 

power plant’s net output limit and ensures full RES 

integration by eliminating wastage, illustrating a sig-

nificant stride towards optimized RES management. 

 
Fig. 10.  RES utilization rate in different periods. 

To sum up, the proposed method serves as a strategic 

integration of source-side innovations with LCDR in the 

load-side to enhance the DES’s energy supply effi-

ciency and sustainability. Based on the analysis and 

scheduling outcomes discussed, it is evident that the 

proposed source-load coordinated optimization 

framework demonstrates a comprehensive method to 

minimizing carbon emissions while ensuring economic 

viability and maximizing the utilization of RES. 

The rate of convergence is further analyzed under the 

assumption that the utility functions are Lipschitz con-

tinuous with a smooth gradient: 

( ) ( )i ix y L x y   ≤                    (49) 

where L  is the Lipschitz constant. Given this smooth-

ness property, it establishes that: 

1) If a constant step size   is used, the algorithm 

exhibits linear convergence. 
( ) * (1 )x x O ≤k k                        (50) 
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where ( )x k  denotes the solution at the kth iteration; 

while x  represents the global optimal solution; and the 

notation  1O k  characterizes the asymptotic upper 

bound of convergence error, indicating that the error 

decreases proportionally to 1/k. 

2) If an optimal diminishing step size 
1

L
 k k

 is 

applied, the algorithm achieves superlinear conver-

gence. 
  * 2( )1x x O ≤
k k                     (51) 

Figure 11 and Remark 2 are added to explicitly ad-

dress the convergence rate and future expectations. 

 
Fig. 11.  Convergence of the objective function over iterations. 

Remark 2: The proposed QPG method (Case Ⅵ) 

exhibits faster convergence and improved computa-

tional efficiency compared to the LCDR method (Case 

III). Specifically, QPG converges in 18 iterations with 

an iteration time of 4.9 s, whereas LCDR converges in 

16 iterations but with a significantly lower iteration time 

of 1.26 s. Despite requiring slightly more iterations, the 

total solving time of QPG remains competitive, bene-

fiting from its structured decomposition. After 30 itera-

tions, the total solution time remains well below that of 

centralized methods, confirming that the QPG approach 

efficiently decomposes the high-dimensional MISOCP 

into tractable subproblems, resulting in improved 

computational performance. The observed superlinear 

convergence further highlights the advantage of QPG in 

complex optimization problems. 

To comprehensively evaluate the proposed approach, 

the proposed QPG algorithm is compared with central-

ized MISOCP, ADMM [60], and non-cooperative game 

method, as shown in Table Ⅴ. The results demonstrate 

that the proposed QPG algorithm achieves faster con-

vergence (18 iterations vs. 2530 iterations for other 

methods), while maintaining high-quality solutions. 

Compared to the centralized MISOCP algorithm, QPG 

not only reduces solving time (4.9 s vs. 6.76 s) but also 

significantly lowers computational complexity, making 

it more suitable for large-scale systems. Notably, while 

the number of iterations for QPG is comparable to the 

centralized method, its computational efficiency is 

greatly enhanced due to its superlinear convergence 

property, which enables effective decomposition of the 

high-dimensional MISOCP problem. QPG outperforms 

the non-cooperative game method in terms of scalability 

and overall computational cost, demonstrating its supe-

riority in handling large-scale optimization problems. 

These findings confirm the cost-effectiveness and effi-

ciency of the proposed QPG framework in addressing 

complex energy scheduling challenges. 

TABLE Ⅴ 

COMPARATIVE RESULTS 

Case Iterations 
Solution 

time (s) 
Results ($) 

Centralized algorithm  6.76 431 897.51 

ADMM 30 7.48 423 285.59 

Non-cooperative game 25 6.3 427 035.83 

QPG 18 4.9 419 672.27 

B. Analysis of Robustness 

Considering the fact that renewable energy output 

and load demand are random, this paper quantitatively 

analyzes the influence of renewable energy output 

fluctuation, intermittence and load demand fluctuation 

on the optimization results by using random scene 

analysis method [61]. 

According to the current research [62] conclusions on 

renewable energy output and load forecasting, it can be 

set that the output and load forecasting of renewable 

energy should meet the following models: 
max(1 1 ){ 1, }t t

n n n nP P e R                    (52) 

where n1, 2, 3, represent WT, PV and load demand 

(LD), respectively; 
t

nP  is the forecast data of the time t  

period; and 
t

nP  is the historical data of the time t  period; 

{ 1,1}nR   is a random number with a value from 1 to 1; 

while 
max

ne  is the maximum uncertainty percentage, 

which can be expressed as: 
max basic

n ne K e                             (53) 

where K  is uncertainty grade, and is set  as 1, 3, 5, 7, 9; 
basic

ne  means basic uncertainty, while WT is set as 3%, 

PV as 2% and LD as 1%. 

The above uncertainties are added to the predicted 

initial values of WT, PV and LD, and 60 random sce-

narios are set up. In addition, the concept of load vola-

tility is introduced as: 

( ( ))
( )

( ( ))

N t
V t

N t






                             (54) 

where ( )N t  represents net load, which is obtained by 

subtracting the renewable energy generation from the 

total power demand at time t ; ( )N t  means the varia-

tion of net load; while the net load volatility ( )V t  can 

be obtained by calculating the standard deviation of the 
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net load variation ( ( ))N t   and the average value of 

the net load ( ( ))N t . 

Additional simulations are conducted under different 

levels of renewable energy intermittency and demand 

variations. Figures 12 and 13 show that the proposed 

QPG maintains stable convergence and solution quality, 

demonstrating its resilience against uncertainties. In 

addition, the proposed method further benchmarked 

against traditional deterministic optimization and adap-

tive strategies, confirming that the proposed approach 

provides a more balanced trade-off between computa-

tional efficiency and robustness in uncertain environ-

ments. The specific analysis is as follows. 

 
Fig. 12.  Comparison of net load fluctuation rate in different cases 

after rolling optimization under various uncertainties. 

 
Fig. 13.  Comparison of total cost of each case after rolling op-

timization under various uncertainties. 

In the six typical cases, the focus is on comparing 

Case Ⅱ, Case Ⅲ, and Case Ⅵ to provide a more intui-

tive reflection of the optimization results. As shown in 

Figs. 12 and 13, under various uncertainties, Case Ⅵ, 

after rolling optimization, demonstrates significant 

improvements in net load volatility and economic effi-

ciency compared to Case Ⅱ and Case Ⅲ. As uncertainty 

increases, net load volatility rises while economic effi-

ciency declines. However, Case Ⅵ exhibits greater 

resilience to uncertainty, with a slower increase in net 

load volatility and a more gradual decline in economic 

performance. This confirms the effectiveness of our 

day-ahead optimization algorithm in mitigating uncer-

tainty impacts. For instance, at an uncertainty level of 5, 

the net load volatility of Case Ⅵ is reduced by ap-

proximately 0.028% and 0.004% compared to Case Ⅱ 

and Case Ⅲ, respectively, while the total cost is reduced 

by approximately $ 16 117.52 and $ 19 250.94. Addi-

tionally, for every two-level increase in uncertainty, the 

net load volatility increases by approximately 0.0016% 

in Case Ⅱ, 0.0013% in Case Ⅲ, and 0.0014% in Case Ⅵ, 

while the total cost increases by about $ 1.28, $ 1.33, 

and $ 1.28, respectively. These findings further validate 

the effectiveness and robustness of the proposed QPG 

optimization algorithm (Case Ⅵ) in improving system 

stability and economic efficiency under uncertainty. 

C. Analysis of Low-carbon Optimization Results 

The variations in the DCEF and optimized carbon 

emissions across different cases are depicted in Fig. 14. 

This illustration demonstrates that the application of 

demand response (DR) strategies on the load side, par-

ticularly in Cases Ⅱ and Ⅲ, effectively mitigates 

peak-period carbon emissions. Nevertheless, these 

cases demonstrate a continued dependence on 

high-carbon power units, resulting in increased 2CO  

emissions during low-demand periods despite the im-

plementation of DR strategies. 

 

 
Fig. 14.  Comparison of optimized carbon emissions results. (a) 

Carbon emissions factor in each case. (b) Carbon emissions in 

each case. 
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Despite the significant reduction in system 2CO  

emissions achievable with a shared-mode carbon cap-

ture device, its limited capture capacity prevents it from 

fully meeting the low-carbon requirements of the DES. 

In contrast, Case Ⅴ, which builds upon Case Ⅳ with the 

addition of solution storage, enhances the flexibility of 

carbon capture. This allows for 2CO  capture at any 

time, thereby further reducing system carbon emissions. 

Case Ⅵ, which augments Case Ⅴ with LCDR, stands 

out by transferring peak-period loads to reduce 

high-carbon power plant outputs. These are replaced by 

lower carbon outputs from CCPP1 and CCPP2 during 

off-peak periods. As a result, Case Ⅵ exhibits the 

lowest carbon emissions. This analysis validates the 

effectiveness of the proposed source-load coordinated 

low-carbon scheduling framework (Case Ⅵ) in 

achieving substantial reductions in carbon emissions. 

To further investigate the influence of carbon trading 

prices on the DES, we analyze variations in total carbon 

emissions and associated costs under diverse scenarios 

at different levels of carbon trading price. 

The relationship between carbon emissions and car-

bon base prices under each scenario is depicted in Fig. 

15. The data reveal that the trends in carbon emissions 

for Cases ⅠⅢ remain relatively stable. This stability 

suggests that when carbon revenue falls below the cost 

of carbon capture, CCPPs choose to release the CO2 into 

the atmosphere rather than to capture it. When the car-

bon price is below $ 9, the emissions in Case Ⅵ exceed 

those in Case Ⅴ. This outcome can be attributed to 

CCPP1 and CCPP2 operating at their minimum output 

limits, a decision driven by low carbon revenue and the 

significant costs associated with starting up and shutting 

down these plants during periods of low demand. In 

Case Ⅴ, despite these constraints, CCPP1 and CCPP2 

are still able to capture 2CO  subsequent to fulfilling the 

system’s load demands and addressing the curtailment 

of RES. In Case Ⅵ, the deployment of LCDR increases 

the off-peak load to a level where the output of CCPP1 

and CCPP2 merely satisfies the load demand, rendering 

it insufficient for carbon capture. 

 
Fig. 15.  The carbon emissions at different carbon prices. 

Figure 16 illustrates how the total cost of the system 

in case Ⅵ varies with the base carbon price. This case 

exhibits an initial increase and subsequent decrease in 

total cost as the carbon price changes. When the carbon 

price is below $ 9, the rate at which carbon emissions 

decrease is slower than the rate at which the carbon 

price increases. As a result, the carbon emission cost in 

Case Ⅵ trends upward under this threshold. 

 
Fig. 16.  The total cost at different carbon prices. 

Furthermore, Case Ⅵ consistently maintains a lower 

total cost compared to Case Ⅴ across various carbon 

prices. This is primarily due to the implementation of 

LCDR in Case Ⅵ, which reduces the reliance on high-

er-cost, high-carbon power plants. As indicated in Table 

Ⅳ, the operational costs of these high-carbon power 

plants are considerably higher than those of CCPP. 

Therefore, despite having higher carbon emissions than 

Case Ⅴ, Case Ⅵ still achieves a lower overall cost due 

to reduced expenses associated with high-carbon power 

plant outputs. 

D. Scalability Verification for Large-scale Bus Systems 

To confirm the practical feasibility of our proposed 
framework and algorithm in real-world power systems 
and other complex large-scale environments, we em-
ploy the IEEE118-node power system as a case study 
for performance evaluation. The bus model, conforming 
to the rigorous IEEE118-node specifications, enables a 
detailed examination of our source-load coordinated 
low-carbon economic scheduling framework, which 
integrates the LCDR method. For a comprehensive 
evaluation, we compare the performance outcomes of 
our framework using the IEEE39-node model as a 
benchmark. The comparative analysis, focusing on the 
performance of Cases Ⅲ and Ⅵ across the IEEE39- and 
IEEE118-nodes, is detailed in Table Ⅵ. 

TABLE Ⅵ 

SOLUTION TIME 

Benchmark Cases Iterations Solution time (s) 

IEEE39 
Ⅲ 16 1.26 

VI 18 4.9 

IEEE118 
Ⅲ 18 6.12 

Ⅵ 21 11.59 
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The data presented in the table indicate that the solu-

tion time for our proposed framework exhibits a linear 

increase as the system scale expands, demonstrating 

commendable scalability in large-scale power systems. 

Compared to Case Ⅲ, our framework necessitates ad-

ditional iterations and longer solution times. This in-

crease can be attributed to the integration of CCPPs on 

the load side for carbon capture, which, despite adding 

complexity, yields significant improvements in carbon 

capture efficiency and economic scheduling outcomes. 

The carbon capture efficiency within the 

IEEE118-node system for Case Ⅳ, Case Ⅴ, and Case 

Ⅵ is depicted in Fig. 17. During peak load periods in 

the daytime, the DES in Case Ⅳ struggles to manage 

the abrupt increase in load demand without the sup-

portive capacity of a solution storage tank. In contrast, 

Case Ⅵ, which incorporates the LCDR, achieves supe-

rior carbon capture efficiency, outperforming Case Ⅴ by 

4.6%. 

 
Fig. 17.  Carbon capture efficiency in IEEE118-node system. 

In conclusion, the introduced source-load coordi-

nated low-carbon system demonstrates notable carbon 

capture efficiency within the IEEE118-node system. 

Furthermore, our proposed framework exhibits ade-

quate scalability and applicability for large-scale com-

plex systems, underscoring its potential as a robust 

solution for enhancing low-carbon initiatives in DES. 

Ⅴ.   CONCLUSION 

In this paper, a source-load coordinated optimization 

framework for DES is proposed, integrating CCPPs on 

the source side and the LCDR method on the load side. 

The original hierarchical multi-leader multi-follower 

Stackelberg game problem is transformed into a QPG 

model, and the existence and consistency of the Nash 

equilibrium are proved. The proposed algorithm 

achieves good convergence and scalability. 

Simulation results on IEEE39- and IEEE118-node 

systems show that, compared to the benchmark Case Ⅰ, 

the proposed Case Ⅵ reduces carbon emissions by 

87.6%, eliminates RES curtailment, and achieves the 

lowest system cost. Moreover, the QPG algorithm 

converges in 18 iterations with a solution time of 4.9 s, 

outperforming traditional methods. These results vali-

date the effectiveness and robustness of the proposed 

framework in realizing low-carbon, efficient, and 

scalable scheduling for DES. 
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