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 Robust Planning of Power System Decarbonization 
Pathways Considering Demand Response
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Abstract——Power systems are undergoing a policy-driven tran‐
sition to decarbonization, which increases uncertainty and fluc‐
tuation due to the high penetration of renewable energy. Con‐
currently, advancements in communication and control technol‐
ogies are unlocking greater demand-side flexibility. However, ex‐
isting conventional long-term resource planning models for pow‐
er systems do not adequately integrate demand response (DR) 
resources, operation simulations that account for uncertainty, 
and social factors such as government policy. To address these 
shortcomings, this paper introduces a robust planning frame‐
work for power system decarbonization pathways, specifically 
considering DR load as a critical flexible resource along with 
other techniques and impacting factors. Firstly, the long-term 
impacts of government policies and other social factors on sys‐
tem resource investment costs and development constraints are 
quantitatively considered, and the adjustable and transferable 
DR loads as key flexible resources are incorporated to smooth 
the fluctuations caused by renewable energy generation. Then, 
a three-stage robust planning model is developed by integrating 
long-term development planning, day-ahead unit commitment 
simulation, and intra-day power dispatch simulation to obtain 
the optimal solution with the lowest total cost over the planning 
period. Moreover, the column and constraint generation algo‐
rithm is modified to solve the planning model, specifically de‐
signed to address the decision-dependent uncertainty arising 
from new asset investments. Case study based on a provincial 
power system shows that the proposed framework enhances the 
integration of renewable energy by applying DR resources in 
line with real social development trends. The combination of 
long-term system planning, refined short-term operation simula‐
tion, and strategic DR integration ensures that the resulting de‐
carbonization pathway is not only economically feasible but al‐
so highly robust and reliable.

Index Terms——Power system decarbonization, social factor, de‐
mand response, renewable energy, flexibility, cyber−physical−so‐
cial system (CPSS), robust planning.

I. INTRODUCTION 

THE global imperative to mitigate climate change driven 
by carbon emissions has spurred many nations to estab‐

lish ambitious reduction targets [1]. China has committed to 
achieving peak carbon emissions by 2030 and carbon neutral‐
ity by 2060 [2]. The power sector is central to this effort [3], 
making the scientific planning of its decarbonization path‐
way critical.

Studies on power system resource planning have been con‐
ducted since the inception of power systems. The power sys‐
tem is a cyber−physical−social system (CPSS), deeply influ‐
enced by the social system [4]. However, the existing re‐
search has not effectively integrated the impact of social fac‐
tors on long-term planning, which may result in solutions 
that deviate from social development. In terms of planning 
objects, early studies focused on traditional generators, but 
the trend of decarbonization has shifted the focus to renew‐
able energy generation [5]. Expanding renewable energy is 
essential but also brings operation challenges, including un‐
certainty and fluctuation, and a temporal mismatch with 
loads [6]. Therefore, new flexible resources are needed as 
the penetration of renewable energy increases.

Energy storage facilities are one solution to provide flexi‐
bility, and some studies have incorporated them into plan‐
ning [7]. However, their large-scale application faces prob‐
lems like high costs, short service life, and operation safety 
risks. Thus, more economical and reliable regulation resourc‐
es beyond energy storage are needed. With advances in tech‐
nology, more load resources have become controllable [8]. 
Demand response (DR) technology plays a positive role in 
handling renewable energy fluctuations [9] and has advantag‐
es like low investment costs compared with energy storage 
[10]. While some studies propose considering demand-side 
resources [11], most current planning models do not ade‐
quately account for the flexibility of DR or treat its capacity 
as a planned variable resource [12].

In terms of planning models, early studies relied on cost-
minimization and supply-demand balance constraints [13], 
[14]. Facing the low-carbon transition, studies now convert 
carbon emissions into costs [15] or include them as con‐
straints [16], [17]. Moreover, the high penetration of renew‐
able energy causes significant fluctuations, making simple ca‐
pacity balance constraints insufficient, thus requiring devel‐
opment schemes to consider the volatile operation conditions 
[18]. Studies have developed bi-level planning models incor‐
porating operation simulation [19], [20], with an upper plan‐
ning level and a lower operation level, usually aiming at 
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minimizing the total cost [21]. While the annual chronologi‐
cal simulation is computationally expensive, optimizing for 
typical periods is more cost-effective [22]. Unit commitment 
(UC) optimization is critical due to fluctuations but is often 
not explicitly integrated into long-term planning [23]. With‐
out UC optimization, the planning feasibility area shrinks 
[24], so UC must be considered in operation simula‐
tions [25].

Stochastic optimization and robust optimization are widely 
used for addressing uncertainty [26]. Stochastic optimization 
often requires sampling many scenarios, which needs exten‐
sive data and computational resources [18]. In contrast, the 
robust optimization only needs uncertainty intervals and 
finds the optimal objective in the worst-case scenario, pro‐
viding more adaptable results [27]. Common solution algo‐
rithms include Benders decomposition or column and con‐
straint generation (CCG) algorithms [28]. However, these al‐
gorithms are not well suited for decision-dependent uncer‐
tainty and require further study [29].

To fill these gaps, this paper proposes a robust planning 
framework for power system decarbonization pathways, aim‐
ing to obtain the optimal development options for genera‐
tion, storage, and DR loads over the long term. The main 
contributions of this study are as follows.

1) A novel robust planning framework for power system 
decarbonization pathway is constructed. This framework 
quantitatively assesses the long-term impacts of social fac‐

tors on system resource investment costs and development 
constraints. It also incorporates adjustable and transferable 
DR loads as flexible resources to mitigate fluctuations in re‐
newable energy generation, and the capacity of DR loads is 
treated as an expandable variable like other resources.

2) A three-stage robust planning model is proposed. This 
model integrates long-term development planning, day-ahead 
UC simulation, and intra-day power dispatch simulation. The 
robust optimization is adopted to address uncertainties to ob‐
tain the most cost-effective and adaptable development plan. 
Meanwhile, a modified column and constraint generation 
(MCCG) algorithm capable of handling decision-dependent 
uncertainty is proposed for solving the planning model.

II. ROBUST PLANNING FRAMEWORK OF POWER SYSTEM 
DECARBONIZATION PATHWAY 

In this section, a robust planning framework for power 
system decarbonization pathway is innovatively constructed 
from a perspective of CPSS, as shown in Fig. 1. The resourc‐
es covered in this framework include generation resources, 
energy storage resources, external power supply, and DR 
loads. The impact of social factors and the uncertainty of 
photovoltaic (PV) power, wind power, and external power in‐
put during the system operation on long-term planning are 
considered. The above elements are finally integrated into a 
three-stage robust planning model to obtain the resource de‐
velopment plan.

A. Power System Resources

Generation resources considered in the proposed frame‐
work include coal units, gas units, nuclear units, wind power 
units, PV units, and hydropower units. Energy storage re‐
sources include pumped storage units and battery storage 
units. In the context of multi-region power system intercon‐
nections, the external power supply is also considered in the 
proposed framework. DR loads are highlighted in the pro‐
posed framework. Based on social attributes, loads are divid‐

ed into residential loads, commercial loads, industrial loads, 
and electric vehicle (EV) charging loads. Generally, they all 
have two parts, which are fixed power part and responsive 
power part. Based on response characteristics, the responsive 
power part is divided into adjustable and transferable DR 
loads. Residential and commercial loads are mainly air-condi‐
tioning loads. They can be reduced over a period of time 
without restoration, so they are adjustable DR loads. Industri‐
al loads include production loads and non-production loads. 
The total production volume of a factory needs to be kept 
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Fig. 1.　Robust planning framework for power system decarbonization pathway.
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constant over a period of time, and the reduced production 
at one time point must be made up at another time point in 
the time period. The production load power is strongly corre‐
lated with the production volume, so the production loads 
are considered as transferable loads. Non-production loads 
are loads such as air conditioning inside the factory, and 
they are considered as adjustable DR loads. EV users have a 
rigid demand for electricity and a flexible demand for charg‐
ing time, therefore EV charging loads are transferable DR 
loads.

B. Social Factors

Since power system is inherently a CPSS, during the sys‐
tem evolution, it is necessary to consider the impact of so‐
cial factors on various types of resources [4]. The integration 
of social factors offers added value to the planning frame‐
work by providing a more holistic and realistic representa‐
tion of the power system evolution. This paper specifically 
considers the influence of social factors on system planning 
from two critical aspects: investment cost changes and con‐
straints on system development.
1)　Investment Cost Changes

This paper employs the learning effect to depict the long-
term investment cost changes of various types of resources. 
As an economic term, the learning effect refers to the reduc‐
tion in production cost as the output increases. The essence 
of this phenomenon lies in the learning ability of human be‐
ings in the continuous production process. Experience is con‐
tinuously accumulated in the production process, which in 
turn drives the technological progress. The pace of this pro‐
cess is influenced by social factors like social knowledge, 
management skills, and government policies [30]. For re‐
sources in the power system, according to [31]-[33], the in‐
vestment cost per unit capacity of the resource C varies with 
the cumulative installed capacity E, which can be expressed 
as:

C =C0 E log2( )1- LR (1)

where C0 is the initial investment cost per unit capacity of 
the resource; and LR is the learning rate, defined as the de‐
crease rate in investment cost per unit capacity when the cu‐
mulative installed capacity is doubled. For example, LR =
20% means that the investment cost per unit capacity de‐
creases by 20% when the cumulative installed capacity is 
doubled.

Within the same social environment, the social knowledge 
and management capability are largely comparable. There‐
fore, the most significant factor influencing learning rates 
lies in government policies. These policies determine vary‐
ing degrees of financial subsidies, tax incentives, and intel‐
lectual property protection for different technologies, thereby 
guiding differentiated research and development investments 
by society and enterprises and influencing their learning 
rates. Under more proactive policies, the technology learning 
rates increase, while the investment costs decline more rapid‐
ly.

Learning rates are typically obtained by fitting accumulat‐
ed investment data. Numerous researchers and organizations 
have calculated learning rates for a wide range of generation 
resources [31] - [37]. National Renewable Energy Laboratory 

(NREL) identifies three scenarios for changes in investment 
cost per unit capacity based on technological development 
forecasts: advanced, moderate, and conservative scenarios 
[38]. NREL also provides forecasts for future investment 
cost changes for almost all types of generation units in these 
three scenarios. Studies show that the learning rates of vari‐
ous power generation technologies generally range from 0% 
to 20%. For example, the learning rate of wind power tech‐
nology is between 5.8% and 11.2% [31], [34], [35], that of 
PV power technology between 2.2% and 18.4% [32], [35], 
[36], and that of nuclear power technology between 2% and 
15% [33], [37]. However, these studies do not address the 
learning rate of DR technologies, and the limited historical 
data make it difficult to derive this rate through extrapola‐
tion.

While establishing a direct quantitative formula between 
policy instruments and learning rates is a complex research 
field, a scenario-based approach can be used to analyze the 
impact of different policy-driven cost trajectories. In this pa‐
per, the advanced, moderate, and conservative scenarios are 
defined, which are analogous to the technology forecasting 
framework used by NREL. The policies in these three sce‐
narios differ in terms of the intensity and proactive nature of 
their efforts to promote the development of relevant technol‐
ogies, leading to variations in LR. Based on the empirically 
observed LR for other energy technologies, a plausible LR 
range of 5%-15% for DR technology is defined. In the ad‐
vanced scenario, the government adopts more proactive poli‐
cies, including more substantial fiscal subsidies and stronger 
intellectual property protection to facilitate the rapid techno‐
logical advancement, resulting in a high LR of 15%. The 
moderate scenario and conservative scenario, corresponding 
to the general and minimal policy supports, assume LR of 
10% and 5%, respectively.

This dynamic cost modeling, as opposed to fixed cost as‐
sumptions, provides a more accurate projection of future sys‐
tem economics. Incorporating it into the power system plan‐
ning framework allows for more realistic outcomes. Mean‐
while, by comparing the planning outcomes across different 
scenarios, the impact of different learning rates on system de‐
velopment can be obtained.
2)　Constraints on System Development

As society progresses and the understanding of environ‐
mental challenges increases, the development direction and 
path of power system are continually revised through evolv‐
ing government policies, thereby creating crucial constraints 
on its evolution. For instance, in response to global warm‐
ing, governments implement progressively tighter carbon 
emission constraints [39]. These policy-driven constraints di‐
rectly limit the permissible power generation capacity of 
coal and gas units, decisively affecting the types and scales 
of units developed in later stages. Incorporating these social 
factors as development constraints ensures that the proposed 
framework generates pathways that are not only technically 
feasible but also compliant with critical environmental tar‐
gets and long-term social objectives. Moreover, governments 
engage in advanced planning for certain power capacities 
such as external power input. This capacity is not treated as 
a decision variable in planning but serves as a boundary con‐
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dition. In addition, some governments require renewable en‐
ergy projects to be coupled with the development of storage 
unit to ensure output stability, creating coupling constraints 
between renewable generation capacity and storage capacity.

C. Power Uncertainties

As the penetration of renewable energy continues to rise, 
the power uncertainties increase. In the proposed framework, 
the uncertainties of wind power, PV power, and external 
power input are considered. To avoid the computational com‐
plexity associated with large-scale operation scenarios during 
planning, the robust optimization techniques will be em‐
ployed in this study. Accordingly, these uncertainties are 
modeled using a boxed uncertainty set, as shown in (2).

P = P̂ +DP DPÎ [DPminDPmax ] (2)

where P, P̂, and DP are the actual value, predicted value, 
and uncertainty deviation, respectively; and DPmax and DPmin 
are the maximum and minimum values of this uncertainty 
deviation, respectively.

For this portion of uncertainty, the proposed framework 
addresses it through robust optimization. Beyond this, uncer‐
tainties such as equipment failures also require measures to 
be taken. The proposed framework incorporates an operation 
reserve capacity within the power system to cope with them.

III. THREE-STAGE ROBUST PLANNING MODEL FOR 
LOW-CARBON TRANSITION PATHWAY OF POWER SYSTEM 

To cope with the greater uncertainties arising from in‐
creased renewable energy sources in the future, the planning 
should be as adaptive as possible to worst-case scenarios. 
Therefore, a three-stage robust planning model is proposed 
to address uncertainty for the proposed framework, as shown 
in Fig. 2. This model consists of one stage for the invest‐
ment and development plan and two stages for operation 
simulation, aiming to develop a resource development plan 
that ensures safe, economical, and stable system operation 
even under the worst uncertainties through robust optimiza‐
tion.

A. Stage 1: Long-term Investment and Development Plan

In Stage 1, the long-term investment and development 
plan for resources is developed on a yearly time scale. The 
variables involved in this stage are the number of resources 
to be developed and the development status of them in each 
year. The costs incurred in this stage CS1 include the invest‐

ment costs and fixed operation and maintenance (FOM) 
costs, expressed as:

CS1 =CINV +CFOM (3)

where CINV and CFOM are the investment cost and FOM cost, 
respectively.

The investment cost CINV is calculated as:

CINV =∑
y = 1

Ny ∑
ΦÎΩ1

∑
iÎΦ
γyc

inv
iy Pi( )Xiy -Xiy - 1     

Ω1 = {NCNGNNNHNWNPNSND} (4)

where Ny is the total number of years in the planning period; 
NC, NG, NN, NH, NW, NP, NS, and ND are the type sets of 
coal units, gas units, nuclear units, hydropower units, wind 
power units, PV units, energy storage resources, and DR re‐
sources to be developed, respectively; Φ is the set of type i 
resource; cinv

iy  is the investment cost per unit capacity of type 
i resource to be developed in year y; Pi is the rated capacity 
of type i resource to be developed; Xiy is the number of type 
i resources to be developed in year y; and γy is the capital 
discount factor in year y, calculated as:

γy =
1

1 + ry (5)

where r is the annual interest rate.
Considering the influence of learning effects on costs, it 

can be observed from (1) that cinv
iy  is not a constant. It varies 

over time from year to year and can be expressed as:

cinv
iy = cinv

i0Dciy (6)

where cinv
i0 is the initial cost per unit capacity of type i re‐

source at the beginning of the planning period; and Dciy is 
the cost change rate of type i resource caused by the learn‐
ing effect in year y.

The FOM cost CFOM is calculated as:

CFOM =∑
y = 1

Ny ∑
ΦÎΩ1

∑
iÎΦ
γyc

FOM
i Pi Xiy (7)

where cFOM
i  is the FOM cost per unit capacity of type i re‐

source.
In Stage 1, all resources have a limited number that can 

be developed in each year and are usually determined by 
government policies. The constraints on the number of re‐
sources are denoted as:

Xiymin £Xiy £Xiymax    "iÎΦΦÎΩ1yÎ {12Ny} (8)

where Xiymax and Xiymin are the upper and lower limits of 
Xiy, respectively. The total cumulative number of new re‐
sources must follow the principle of being equal to or great‐
er than that in the previous year, so the following constraints 
on the number of resources exist in adjacent years.

Xiy + 1 ³Xiy    "iÎΦΦÎΩ1yÎ {12Ny - 1} (9)

In addition, the following relationship exists between Xiy 
and the development status Syij of the j th type i resource in 
year y:

Xiy =∑
j = 1

Ni

Syij    "iÎΦΦÎΩ1yÎ {12Ny} (10)

where Ni is the total number of type i resource; and Syij 

Stage 1: long-term investment and development plan 
Costs: investment costs and FOM costs

Variables: number and development status of resources

Objective: the minimum total cost over the planning period

Stage 2: UC of operation simulation
Costs: startup and shutdown costs
Variables: operation statuses of units

Stage 3: Power dispatch of operation simulation
Costs: VOM cost

Variables: power of units

Constrain

Constrain

Fig. 2.　Three-stage robust planning model.
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equals 1 when the resource is developed, and 0 otherwise.
Considering the limited available investment capital each 

year, the annual investment budget is limited as:

∑
i

cinv
i Pi( )Xiy -Xiy - 1 £ INVy (11)

where INVy is the investment limit in year y; and cinv
i  is the  

investment cost per unit capacity of type i resource.
In the context of decarbonization, governments typically 

issue policies setting green power development targets, one 
of which is to specify the proportion of installed renewable 
energy capacity for each year.

∑
iÎΩ2

Xiy Pi + ∑
iÎΩ3

Xiy Pi ³ ηy( )∑
iÎΩ4

Xiy Pi + ∑
iÎΩ5

Xiy Pi

"yÎ {12...Ny} (12)

where ηy is the required installed renewable energy capacity 
in year y; and Ω2 = {NHNWNP}, Ω3 = {EHEWEP}, Ω4 =
{NCNGNNNHNWNP}, Ω5 = {ECEGENEHEWEP}, and 
EC, EG, EN, EH, EW, and EP are the type sets of existing 
coal units, gas units, nuclear units, hydropower units, wind 
power units, and PV units, respectively.

B. Stage 2: UC of Operation Simulation

In Stage 2, the UC of operation simulation is conducted 
on a time scale of one hour. The variables involved in this 
stage are the operation statuses, including the startup and 
shutdown statuses of generators, the charging and discharg‐
ing statuses of energy storage units, and the regulation status 
of DR loads. The costs incurred in this stage CS2 include the 
startup and shutdown costs of generators, expressed as:

CS2 =∑
y = 1

Ny∑
s = 1

Ns ∑
iÎΦG

∑
j = 1

Niy∑
t = 1

Nt

γy

Nd

Ns

é
ëc

su
i Iysijt( )1 - Iysijt - 1 +

ù
ûcsd

i Iysijt - 1( )1 - Iysijt (13)

where Iysijt is the operation status of the j th type i generator 
on typical day s in year y, which equals 1 in the startup sta‐
tus and 0 in the shutdown status; ΦG is the type set of gener‐
ators with startup-shutdown costs; csu

i  and csd
i  are the startup 

and shutdown costs of generator, respectively; Niy is the 
number of generators in year y; Ns is the total number of typ‐
ical days in a year, indexed by s; Nt is the number of dis‐
patch cycles in the operation simulation, indexed by t; and 
Nd is the total number of days in a year. While the cost in 
(13) is a summation of costs, the underlying optimization 
problem is dynamic. This is because the unit status variables 
are governed by inter-temporal constraints that link the deci‐
sions at time t to the system status at time t - 1.

The constraints for the optimization in Stage 2 are all re‐
lated to the operation statuses of units, including the startup/
shutdown constraints of generators, the charging and dis‐
charging constraints of energy storage units, and the status 
constraints of DR loads.

For an existing generator, its operation status Iysijt satis‐
fies:

0 £ Iysijt £ 1 "iÎΦΦÎΩ6 (14)

where Ω6 = {ECEGEN}.
For a newly developed generator, its operation status 

Iysijt is subject to its development status Syij, which is ex‐
pressed as:

0 £ Iysijt £ Syij "iÎΦΦÎΩ7 (15)
where Ω7 = {NCNGNN}.

For energy storage units, the charging and discharging sta‐
tuses are mutually exclusive, expressed as:

I ch
ysijt + I dis

ysijt £ 1 "iÎΦΦÎ {ESNS} (16)

where I dis
ysijt and I ch

ysijt are the binary variables used to indi‐
cate charging and discharging statuses of energy storage 
units, respectively; and ES is the type set of existing energy 
storage units. And for the existing and newly developed ener‐
gy storage units, their statuses are constrained by (17) and 
(18), respectively.

ì
í
î

ïï

ïï

0 £ I ch
ysijt £ 1

0 £ I dis
ysijt £ 1

 "iÎES (17)

ì
í
î

ïï

ïï

0 £ I ch
ysijt £ Syij

0 £ I dis
ysijt £ Syij

 "iÎNS (18)

For DR loads, the statuses of power reduction and in‐
crease are mutually exclusive, expressed as:

I inc
ysijt + I red

ysijt £ 1 "iÎΦΦÎ {EDND} (19)

where I inc
ysijt and I red

ysijt are the binary variables used to indi‐
cate the statuses of power reduction and increase, respective‐
ly; and ED is the type set of existing DR loads. And for the 
existing and newly developed DR loads, their statuses are 
constrained by (20) and (21), respectively.

ì
í
î

ïï

ïï

0 £ I inc
ysijt £ 1

0 £ I red
ysijt £ 1

 "iÎED (20)

ì
í
î

ïï

ïï

0 £ I inc
ysijt £ Syij

0 £ I red
ysijt £ Syij

 "iÎND (21)

C. Stage 3: Power Dispatch of Operation Simulation

In Stage 3, the power dispatch of operation simulation is 
conducted on a time scale of one hour. The variables in‐
volved in this stage are the power of units, including the out‐
put power of generators, the charging and discharging power 
of energy storage units, and the response power of DR 
loads. The costs incurred in this stage CS3 are the variable 
operation and maintenance (VOM) costs, including the fuel 
costs of coal, gas, and nuclear units C fuel

ys , the discharging 
and charging costs of energy storage units C S

ys, the response 
costs of DR loads C D

ys, the costs of carbon emissions C CO2

ys , 

and the costs of penalties for renewable energy curtailment 
and load loss C P

ys, expressed as:

CS3 =∑
y = 1

Ny

γy

Nd

Ns
∑
s = 1

Ns ( )C fuel
ys +C S

ys +C D
ys +C CO2

ys +C P
ys (22)

C fuel
ys = ∑

ΦÎΩ8

∑
iÎΦ
∑
j = 1

Niy∑
t = 1

Nt ( )bi Pysijt + ci (23)

C S
ys = ∑

iÎ { }NSES

∑
j = 1

Niy∑
t = 1

Nt ( )cdis
i P dis

ysijt + cch
i P ch

ysijt (24)
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C D
ys = ∑

iÎ { }NDED

∑
j = 1

Niy∑
t = 1

Nt ( )cred P red
ysijt + cinc P inc

ysijt (25)

C CO2

ys = ∑
ΦÎΩ9

∑
iÎΦ
∑
j = 1

Niy∑
t = 1

Nt

cCO2

i Pysijt (26)

C P
ys =∑

t = 1

Nt ( )cp
1 P p1

yst + cp
2 P p2

yst (27)

where bi and ci are the fuel cost coefficients of generator; 
Pysijt is the power of generator; P ch

ysijt and P dis
ysijt are the 

charging and discharging power of energy storage unit, re‐
spectively; cch

i  and cdis
i  are the charging and discharging cost 

coefficients of energy storage unit, respectively; P red
ysijt and 

P inc
ysijt are the power reduction and increase of DR loads, re‐

spectively; cred and cinc are the cost coefficients of load re‐
duction and increase, respectively; cCO2

i  is the cost coefficient 
of carbon emission; P p1

yst and P p2
yst are the load loss power 

due to power shortage and the wind and PV power curtail‐
ment due to power excess, respectively, and cp

1 and cp
2 are 

their penalty costs; Ω8 = {ECEGENNCNGNN}; and Ω9 =
{ECEGNCNG}.

In this stage, constraints that need to be followed include 
carbon emission reduction path constraints, power supply 
constraints, energy storage unit constraints, DR load con‐
straints, and power system operation constraints.
1)　Carbon Emission Reduction Path Constraints

In order to recommend the low-carbon development of the 
power system, governments develop carbon emission reduc‐
tion paths. Thus, the carbon emissions from generation for 
each year in the operation simulation need to comply with 
the constraints of the given path.

∑
ΦÎΩ9

∑
iÎΦ

Nd

Ns
∑
s = 1

Ns∑
j = 1

Niy∑
t = 1

Nt

CEi ×Pysijt £CELy    "yÎ {12...Ny} (28)

where CEi is the carbon emission coefficient of type i re‐
source; and CELy is the carbon emission limit in year y.
2)　Power Supply Constraints

Power supply constraints include constraints on conven‐
tional generators, renewable energy units, and external pow‐
er supply. The operation of conventional generators is sub‐
ject to performance limitations. The output constraint (29) 
limits their power, and the ramp constraint (30) limits their 
power change rate.

Iysijt Pimin £Pysijt £ Iysijt Pimax    "iÎΦΦÎΩ8
yÎ { }12Ny sÎ { }12Ns tÎ { }23Nt (29)

Rimin £Pysijt -Pysijt - 1 £Rimax (30)
where Pimax and Pimin are the upper and lower limits of the 
output of generator, respectively; and Rimax and Rimin are the 
ramp up rate and ramp down rate limits of generator, respec‐
tively.

Considering the uncertainty in renewable energy genera‐
tion, its output is constrained within a box uncertainty set de‐
termined based on historical data.

The constraint for wind power generation is shown in (31).

P W
ysijt = P̂ W

ysijt(1 +DP W
ysijt )     DP W

min £DP W
ysijt £DP W

max  (31)

where P̂ W
ysijt is the predicted wind power output; and 

DP W
ysijt is the uncertainty deviation of wind power caused 

by the prediction error, and DP W
max and DP W

min are the maxi‐
mum and minimum values of this deviation, respectively.

The constraint for PV power generation is shown in (32).

P P
ysijt = P̂ P

ysijt(1 +DP P
ysijt )     DP P

min £DP P
ysijt £DP P

max (32)

where P̂ P
ysijt is the predicted PV power output; and DP P

ysijt 
is the uncertainty deviation of PV power caused by the pre‐
diction error, and DP P

max and DP P
min are the maximum and 

minimum values of this deviation, respectively.
The external power input to the region via transmission 

lines also has uncertainty, constrained with a boxed uncer‐
tainty set in (33).

P E
ysit = P̂ E

ysit(1 +DP E
ysit )     P E

min £DP E
ysit £DP E

max (33)

where P̂ E
ysit is the predicted value of external power; and 

DP E
ysit is the uncertainty deviation of external power, and 

DP E
max and DP E

min are the maximum and minimum values of 
this deviation, respectively.
3)　Energy Storage Unit Constraints

The discharging and charging power limits of energy stor‐
age units are shown in (34) and (35), respectively. The pow‐
er stored in the energy storage unit is constrained by the ca‐
pacity limits, as shown in (36). Meanwhile, the initial and 
ending electricity stocks of each energy storage unit are kept 
equal in the one-day operation simulation, as shown in (37).

0 £P dis
ysijt £ I dis

ysijt P
dis
imax (34)

0 £P ch
ysijt £ I ch

ysijt P
ch
imax (35)

Eimin £Eij0 + ηch∑
τ = 1

t

P ch
ysijτ - ηdis∑

τ = 1

t

P dis
ysijτ £Eimax (36)

ηdis∑
t = 1

Nt

P dis
ysijt - ηch∑

t = 1

Nt

P ch
ysijt = 0    "iÎΦΦÎ {ESNS} (37)

where P dis
imax and P ch

imax are the maximum discharging and 
charging power of energy storage unit, respectively; ηdis and 
ηch are the discharging and charging efficiencies of energy 
storage unit, respectively; Eimin and Eimax are the minimum 
and maximum power that can be stored by the energy stor‐
age unit, respectively; and Eij0 is the initial power stored in 
the energy storage unit.
4)　DR Load Constraints

The reduced and increased power limits of DR loads are 
shown in (38) and (39), respectively.

0 £P inc
ysijt £ I inc

ysijt(P load
ijmax -P load

ijt ) (38)

0 £P red
ysijt £ I red

ysijt(P load
ysijt -P load

ijmin )     "iÎΦΦÎ {EDND}
(39)

where P load
ijmax and P load

ijmin are the upper and lower limits of the 

DR load power P load
ijt , respectively.

Adjustable DR loads can reduce or increase their power 
consumption over a period of time depending on the demand 
of power system. The regulation of load power in one time 
period does not affect the load power in other time periods. 
Adjustable DR loads only need to satisfy constraints (38) 
and (39), while transferable loads need to satisfy more than 
them. The regulated power of transferable loads in one time 
period needs to be reversed in other time periods to keep the 
overall electricity consumption of the load at a constant val‐
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ue. Therefore, the transferable DR loads need to satisfy the 
additional constraint expressed as:

∑
t = 1

Nt ( )P red
ysijt -P inc

ysijt = 0 (40)

5)　Power System Operation Constraints
Power system operation constraints include power balance 

constraints and reserve constraints. The power balance con‐
straints ensure that the power generated is equal to the pow‐
er consumed at each moment, expressed as:

∑
ΦÎΩ8

∑
iÎΦ
∑
j = 1

Niy

Pysijt + ∑
ΦÎ { }ESNS

∑
iÎΦ
∑
j = 1

Niy ( )P dis
ysijt -P ch

ysijt +P W
yst +

P P
yst +P E

yst =P load
yst + ∑

ΦÎ { }EDND

∑
iÎΦ
∑
j = 1

Niy ( )P inc
ysijt -P red

ysijt

            "yÎ {12Ny}sÎ {12Ns}tÎ {12Nt}
(41)

where P load
yst, P W

yst, P P
yst, and P E

yst are the total load power, 
wind power, PV power, and external power, respectively. 
P W

yst, P
P
yst, and P E

yst are calculated by (42)-(44), respectively.

P W
yst = ∑

ΦÎ { }EWNW

∑
iÎΦ
∑
j = 1

Ni

P W
ysijt (42)

P P
yst = ∑

ΦÎ { }EPNP

∑
iÎΦ
∑
j = 1

Ni

P P
ysijt (43)

P E
yst = ∑

ΦÎ { }EENE

∑
iÎΦ
∑
j = 1

Ni

P E
ysit (44)

where P W
ysijt and P P

ysijt are the power of a single wind pow‐
er unit and PV unit, respectively; and P E

ysit is the power 
transmitted on a single external source.

The power reserve constraints are further divided into up 
and down reserve constraints, as shown in (45) and (46), re‐
spectively.

∑
ΦÎΩ8

∑
iÎΦ
∑
j = 1

Xiy ( )Pimax Iysijt -Piyst +

∑
ΦÎ { }ESNS

∑
iÎΦ
∑
j = 1

Niy ( )P ch
ysijt -P dis

ysijt +P dis
ijmax +

∑
ΦÎ { }EDND

∑
iÎΦ
∑
j = 1

Xiy ( )P load
ysijt +P inc

ysijt -P red
ysijt -P load

ijmin +

DP W
yst +DP P

yst +DP E
yst ³ ρu P load

yst  

        "yÎ { }12Ny sÎ { }12Ns tÎ { }12Nt

(45)

∑
ΦÎΩ8

∑
iÎΦ
∑
j = 1

Xiy ( )Piyst -Pimin Iysijt +

∑
ΦÎ { }ESNS

∑
iÎΦ
∑
j = 1

Xiy ( )P ch
ijmax -P ch

ysijt +P dis
ysijt +

∑
ΦÎ { }EDND

∑
iÎΦ
∑
j = 1

Xiy ( )P load
ijmax -P load

ysijt -P inc
ysijt +P red

ysijt -

DP W
yst -DP P

yst -DP E
yst ³ ρd P load

yst

          "yÎ {12Ny}sÎ {12Ns}tÎ {12Nt}
(46)

where DP W
yst, DP P

yst, and DP E
yst are the differences between 

the actual value and the predicted value for total wind pow‐
er, PV power, and external power, respectively; and ρu and 
ρd are the up and down reserve coefficients, respectively.

D. Three-stage Robust Planning Model

The above three stages are combined and incorporated in‐
to the robust optimization technology to form a three-stage 
robust planning model. The overall objective function of this 
model is to minimize the total cost of the power system over 
the planning period, as shown in (47). The overall con‐
straints combine the constraints for each of the three stages, 
which are (8)-(12), (14)-(21), and (28)-(46).

min
X (CS1 + min

IÎΩ ( )X (CS2 + max
uÎU

min
PÎΨ ( )Iu

CS3) ) (47)

In Stage 1, the decision variable is the number of resourc‐
es to be developed X. The planning model decides on an op‐
timal investment portfolio to minimize the development and 
FOM costs CS1, anticipating all future operational possibili‐
ties. In Stage 2, the decision variable is the resource status I. 
Given the built assets, the planning model determines the re‐
source status I to minimize the startup and shutdown costs 
CS2 before intraday uncertainties are known. In Stage 3, the 
decision variable is the resource power P. The planning mod‐
el reveals the worst-case uncertainty u that maximizes opera‐
tion costs. Facing this worst-case scenario, it determines the 
optimal intraday power to minimize variable costs CS3.These 
three stages are critically interdependent. The resource status 
I to be developed is constrained by X, denoted as IÎΩ ( X ). 
And the resource power P is constrained by the resource sta‐
tus I and worst-case uncertainty u, denoted as PÎΨ ( Iu). 
The decisions from the above three stages, which occur on 
different timescales, are mathematically coupled within a sin‐
gle hierarchical framework to form the three-stage robust 
planning model. This integration ensures that the long-term 
investment decisions are optimized while accounting for 
their future operation consequences.

IV. SOLUTION ALGORITHM FOR THREE-STAGE 
ROBUST PLANNING MODEL

Integrating the first two stages involving integer variables, 
the above three-stage robust planning model for low-carbon 
transition pathway of power system can be organized into 
the following compact form.

ì

í

î

ï

ï

ï

ï

ï
ïï
ï

ï

ï

ï

ï

ï

ï

ï

ï

ï
ïï
ï

ï

ï

ï

ï

min
XI ( )aT X + bT I + max

uÎU
min

PÎΨ ( )Iu
cT P

s.t.  AX ³ d
       X +BS = 0
      CS +DI ³ g

      EI +FP +GEuE +GNuN ³ h
      RP = r

      uEÎU E

      uNÎU N

(48)

where S is the optimization variable, denoting the resource 
development status; a, b, and c are the column vectors of 
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cost coefficients; A, B, C, D, E, F, GE, GN, and R are the 
coefficient matrices; d, g, h, and r are the constant column 
vectors; and uE and uN are the uncertain variables with E 
and N denoting existed resources and resources to be devel‐
oped, respectively, and U E and U N are their corresponding 
uncertain sets. In (48), the first constraint corresponds to (8), 
(9), (11), and (12). The second constraint corresponds to 
(10). The third constraint corresponds to (14) - (21). The 
fourth constraint corresponds to (28) - (36), (38), (39), and 
(42)-(46). The fifth constraint corresponds to (37) and (40).

A key feature of this model is the presence of decision-de‐
pendent uncertainty. Specifically, the investment decisions S 
in Stage 1 determine whether newly developed renewable re‐
sources are built, which in turn defines the uncertainty set 
for their power output uN in Stage 3. Standard decomposi‐
tion algorithms such as the traditional CCG algorithm are 
predicated on a fixed and static uncertainty set and cannot 
be directly applied to solve this model. To address this chal‐
lenge, the CCG algorithm is modified as MCCG algorithm. 
This algorithm is ideologically consistent with the traditional 
CCG algorithm, decomposing the original problem into mas‐
ter problem and subproblem. The master problem solves the 
development scheme and UC scheme, while the subproblem 
finds the worst-case scenario that maximizes the minimum 
value of the operation cost for a given development and start/
stop scenario. The master problem and subproblem are 
solved alternately to obtain the lower and upper bounds on 
the objective function of the original problem. Variables and 
constraints related to the worst-case scenario obtained in the 
subproblem are continuously introduced to the master prob‐
lem during the solution process to obtain more compact low‐
er bounds on the value of the original objective function. 
The final converged values of the upper and lower bounds 
are the optimal solution of the original problem. The core 
modification of the MCCG algorithm is the ability to dynam‐
ically construct the uncertainty set of subproblem at each it‐
eration based on the investment decisions passed from the 
master problem.

The master problem obtained by decomposing the original 
problem is denoted as:

ì

í

î

ï

ï

ï

ï
ïï
ï

ï

ï

ï

ï

ï

ï

ï
ïï
ï

ï

ï

ï

min fMP = min
XIPl

( )aT X + bT I + θ

s.t.  θ ³ cT P l

       AX ³ d
      X +BS = 0
      CS +DI ³ g

      DS +EI +FP l +GEuE*
l +GNuN*

l ³ h

      RP l = r    "lÎN+ l £ k

(49)

where θ is the cutting plane; k is the index of current itera‐
tions; l is a positive integer less than or equal to k; P l is the 
vector of variables added in iteration l; and uE*

l  and uN*
l  are 

the uncertain variables in the master problem in iteration l, 
as shown in (50) and (51), respectively, with * denoting the 
optimal variables. Their values in the worst-case scenario ob‐
tained from the subproblem in the previous iteration are 
used, and their values taken in the initial iteration are given 

manually.

uE*
l = [ ]P load*

l P EW*
l P EP*

l P EE*
l

T
(50)

uN*
l =[P NW*

l SNWP NP*
l SNPP NE*

l SNE ]T (51)

where  is the symbol of Hadamard product; the super‐
scripts load, EW, EP, and EE represent the load, existing 
wind power, existing PV power, and external power, respec‐
tively; and the superscripts NW, NP, and NE represent the 
wind power, PV power, and external power to be developed, 
respectively.

The subproblem in iteration k obtained by decomposing 
the original problem is denoted as:

ì

í

î

ï

ï
ïï
ï

ï

ï

ï
ïïï
ï

ï

ï

max
u

min
P

( )cT P + aT X *
k + bT I *

k

s.t.  DS *
k +EI *

k +FP +GEuE +GNuN ³ h

       RP = r

       uEÎU E

       uNÎU N*
k

(52)

where I *
k  is the optimal variable of resource operation ob‐

tained by solving the master problem in iteration k; and U N*
k  

is the uncertain power output set for the resources to be de‐
veloped determined in the master problem, as shown in (53).

U N*
k = {uN = [ ]PNWPNPPNE

T



PNW Î [ ]1 +DP NW

min1 +DP NW

max P̂NWS NW*
k 

PNP Î [ ]1 +DP NP

min1 +DP NP

max P̂NPS NP*
k 

}PNE Î [ ]1 +DP NE

min1 +DP NE

max P̂NES NE*
k (53)

where P̂ is the vector of predicted power; and DPmin and 
DPmax are the vectors of the minimum and maximum power 
deviations, respectively.

The subproblem is a two-layer optimization problem, 
which can be transformed into a single-layer optimization by 
transforming the inner optimization problem into KKT condi‐
tions as shown in (54).

ì

í

î

ï

ï

ï

ï

ï
ïï
ï

ï

ï

ï

ï

ï

ï

ï

ï

ï
ïï
ï

ï

ï

ï

ï

max fSP = max
uP

( )cT P + aT X *
k + bT I *

k

s.t.  cT -Fλ -Rμ = 0

        EI *
k +FP +GEuE +GNuN ³ h

        ( )h -EI *
k -FP -GEuE -GNuN λ = 0

        RP = r
        λ ³ 0

        uEÎU E

        uNÎU N*
k

(54)

where λ is the Lagrange multiplier corresponding to the con‐
straint EI *

k +FP +GEuE +GNuN ³ h; and μ is the Lagrange 
multiplier of the constraint RP = r.

After the above derivations and transformations, the pro‐
posed robust planning model is finally decoupled into the 
master problem (49) and the subproblem (54) in the mixed-
integer linear form, which can be subsequently solved by the 
MCCG algorithm with the following procedure.

Step 1: give a set of uncertain variables uE*
1  and uN*

1  as the 
initial worst-case scenario, set the lower and upper bounds 
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of the optimal objective value of the original problem as  
LB =-¥ and  UB =+¥, and set the number of iterations k = 1.

Step 2: according to the worst-case scenario uE*
l  and uN*

l  
for "lÎN+ l £ k, solve the master problem (49) to obtain 

the optimal objective value ( fMP ) *

k
 and the optimal values of 

the corresponding variables X *
k S

*
k I

*
k θ

*
k P

*
1 P *

k . Update 

the lower bound LB =max{ }LB( )fMP

*

k
 of the objective func‐

tion of the original problem.
Step 3: solve the subproblem by substituting the obtained 

solutions X *
k  S

*
k  and I *

k  of the master problem into (54) to 

obtain the optimal objective function value ( )fSP

*

k
 of the sub‐

problem and the corresponding value of the uncertain vari‐
able u in the worst-case scenario uE*

k + 1 and uN*
k + 1. Update the 

upper bound of the objective function of the original prob‐

lem UB =min{ }UB( )fSP

*

k
.

Step 4: set the convergence threshold ε of the algorithm. 
If UB - LB £ ε × LB, then stop the iteration and return to the 
optimal solution X *

k  S
*
k  I

*
k  and P *

k ; otherwise, add variable 
Pk + 1 to the master problem and the following constraints. 
Let k = k + 1 and jump to Step 2 until the algorithm converg‐
es.

ì

í

î

ïïïï

ïïïï

θ ³ cT Pk + 1

EI +FPk + 1 +GEuE*
k + 1 +GNuN*

k + 1 ³ h

RPk + 1 = r

(55)

V. CASE STUDY 

In this section, a provincial power system in eastern Chi‐
na is modified as an example to conduct the low-carbon tran‐
sition pathway planning during the period of 2025-2050. The 
planning is based on the current status of this power system, 
with some data sourced from [40]. The peak load and elec‐
tricity forecasts and carbon emission targets during the peri‐
od of 2025-2050 are shown in Supplementary Material A Ta‐
ble SAI, referenced and modified from [16]. The operation 
costs of DR loads are hypothetical as shown in Supplementa‐
ry Material A Table SAII according to multiple studies [41]-
[45]. The simulation is carried out based on the Sim-CPSS 
platform of NARI Group.

A. Planning in Different Scenarios

This subsection employs the three scenarios previously es‐
tablished, which involve investment cost changes driven by 
learning effects influenced by policies. They are advanced 
scenario with faster rate of decline, moderate scenario with 
medium rate of decline, and conservative scenario with slow‐
er rate of decline. The data on investment costs for various 
types of resources are obtained from NREL [38], as shown 
in Supplementary Material A Fig. SA1. The learning rates of 
DR technology are taken as 15%, 10%, and 5% in the ad‐
vanced, moderate, and conservative scenarios, respectively.

The installed capacity of newly developed resource in 
2025-2050 in the three scenarios is shown in Fig. 3.

It can be seen that the advanced scenario has the largest 
installed capacity of PV and wind power until 2040. Subse‐
quently, the installed capacity in the moderate and conserva‐
tive scenarios decreases in that order. This is due to the fact 
that the investment costs fall faster in the advanced scenario, 
making wind power and PV power become more economi‐
cal generation sources. Therefore, in the advanced scenario, 
the system prioritizes investments in wind power units and 
PV units at an earlier stage. And after 2045, when the renew‐
able energy sources have been fully developed, the number 
of sources in all three scenarios reaches the upper limit and 
no longer makes a difference. This demonstrates that the pro‐
active policies and high learning rates promote the develop‐
ment of renewable energy sources during the mid-develop‐
ment period.

Over the development of the system, the investment cost 

of DR loads decreases based on different learning rates. The 
cumulative installed capacity of developed DR loads and in‐
vestment cost changing ratio over time are shown in Fig. 4.

As shown in Fig. 4, the scenarios with higher learning 
rates lead to higher investment in DR capacity, which in turn 
accelerates the cost decline. This result is consistent with our 
theory. The present discounted values (PDVs) of costs in the 
advanced, moderate, and conservative scenarios are shown 
in Supplementary Material A Fig. SA2, which increase se‐
quentially and are 741, 749, and 772 million CNY, respec‐
tively. This increasement is mainly caused by the investment 
costs, while the FOM costs and VOM costs change little. It 
can be concluded that a higher learning rate contributes to 
lowering the overall cost of the system, which aligns with 
the realities of social development.
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Fig. 3.　Installed capacity of newly developed resource in 2025-2050 in three scenarios. (a) Advanced scenario. (b) Moderate scenario. (c) Conservative sce‐
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B. Impact of DR Loads on Planning Results

Based on the learning rate of the moderate scenario, the 
results of planning with and without considering DR loads 
are compared. The installed capacity of newly developed re‐
source without considering DR loads is shown in Fig. 5.

Compared with the case considering DR loads in Fig. 
3(b), in the case without considering DR loads, the develop‐
ment of wind power units is delayed, more coal units are de‐
veloped in each year, and the development of energy storage 
units is brought forward. Specifically, the installed capacity 
of wind power units is 2 GW and 1.4 GW less in 2030 and 
2035, respectively, and does not equalize until 2040 in the 
case without considering DR loads. This is mainly because 
the absence of DR loads leads to limited smoothing of wind 
power fluctuation. To address this problem, on the one hand, 
more energy storage units are developed in each year to pro‐
vide fluctuation smoothing capabilities. On the other hand, 
units without fluctuation are developed to replace renewable 

energy generation, although they are more expensive. Bene‐
fitting from less peak loads and less stringent carbon emis‐
sion constraints in the earlier few years of the planning peri‐
od, more coal units are developed. For the final result in 
2050, the coal units, gas units, and energy storage units to 
be developed are 10 GW, 1.1 GW, and 2.8 GW more, respec‐
tively. The total costs increase by 11.9 billion CNY, with in‐
vestment costs and FOM costs increasing by 18 billion 
CNY, startup and shutdown costs increasing by 1 billion 
CNY, and VOM costs decreasing by 7.1 billion CNY. The 
decrease in VOM costs is mainly due to the replacement of 
costly DR loads with cheaper generators. This demonstrates 
the positive role of DR loads in integrating renewable ener‐
gy and reducing the total costs of power system.

The capacity of the DR load with different operation cost 
multipliers, taking the data in Supplementary Material A Ta‐
ble SAII as the base value, is shown in Supplementary Mate‐
rial A Fig. SA3. The difference in capacity with different op‐
eration costs is mainly observed in the later few years of the 
planning period. That is, the difference is small in 2025-
2035 and large in 2040-2050. Further analysis is performed 
from the perspective of system operation. Figure 6 shows 
how the system allocates DR loads to either power regula‐
tion or as a operation reserve at different cost points, demon‐
strating that the role of DR loads changes as their economic 
viability varies. It can be seen that in the early years of plan‐
ning period, DR loads are mainly used as operation reserve, 
and gradually participate in system operation regulation in 
the later years. The reason for this phenomenon is that DR 
loads have low investment costs but high operation costs. 
For DR loads to be an economical flexible resource to uti‐
lize its regulation capability, it should have an operation cost 
of 40% its baseline value or less. As the years go by, the car‐
bon constraints and fluctuation of renewable energy genera‐
tion make it possible for more expensive DR loads to partici‐
pate in the system operation regulation. By 2050, DR load 
with 5 times the VOM cost will also be partially involved in 
system operation regulation.
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C. Effect Comparison of Three-stage and Two-stage Models

To demonstrate the technoeconomic advantages, we con‐
duct a comparative analysis between our three-stage robust 
model and a conventional two-stage robust optimization 
model, which is commonly used in the existing literature. 
The two-stage model simplifies the planning problem by 
omitting the intermediate UC stage, thereby neglecting start‐
up/shutdown costs and constraints. This comparison aims to 
quantify the necessity of incorporating a dedicated UC stage 
for ensuring the economic efficiency and operation reliabili‐
ty of the long-term plan. The differences between the plan‐
ning cases with and without UC are compared in the moder‐
ate scenario. The planning result obtained by the two-stage 
model is shown in Fig. 7. Compared with the planning re‐
sults of the proposed model, the development of coal units 
is significantly reduced and replaced with gas units. The de‐
velopment of wind power units is earlier and increases in 
number. And the total costs rise by 28.6 billion CNY.

The reasons for this phenomenon are examined by com‐
paring unit operating conditions in the two cases. Supple‐
mentary Material A Fig. SA4(a) and (b) presents the unit out‐
put and CO2 emission intensity curves for a typical spring 
day in 2050, with and without UC, respectively. In spring, 
the lower loads and higher PV and wind power outputs 
mean that the coal, gas, and nuclear units do not all need to 
start when UC is applied. When PV generation is low, the 
operating units supply power at higher outputs; when PV 
generation increases, the operating units reduce their outputs 
accordingly. Without UC, however, all units must start up. 
Due to low load levels, they mainly operate at the minimum 
output, and when PV generation is high, they cannot shut 
down, causing power oversupply. The surplus is absorbed by 
energy storage units and released at night, avoiding PV cur‐
tailment but increasing operating costs. Coal generation in 
Fig. SA4(b) is notably higher than that in Fig. SA4(a), espe‐
cially from 10:00 to 17:00, leading to greater carbon emis‐
sions—116.48 kg more per typical spring day without UC. 
Supplementary Material A Fig. SA4(c) and (d) shows similar 
results for a typical summer day in 2050. Because carbon 
emissions during low load periods (e. g., spring) are exces‐
sive and difficult to offset, allowable emissions during peak 

hours in summer are constrained, limiting coal unit output. 
Consequently, the system relies more on expensive resources 
such as DR loads to maintain balance. When flexible re‐
sources are exhausted in the evening, the load curtailment 
occurs, with the largest loss at 22: 00 reaching 7.78 GW, 
causing significant penalty costs.

It can be observed that determining the UC prior to the 
optimal dispatch of power system can effectively improve 
the flexibility of power system and has the effect of reduc‐
ing the cost and carbon emission of the system operation 
during low load periods. Therefore, it is necessary to consid‐
er UC in operation simulations during the planning process 
and establish a three-stage planning model, especially for fu‐
ture power systems with high penetration of renewable ener‐
gy.

VI. CONCLUSION 

In this paper, a robust planning framework of power sys‐
tem decarbonization pathway is developed. In the frame‐
work, the influence of social factors such as government pol‐
icies on planning is considered in terms of investment cost 
changes and system development constraints to ensure that 
the planning results align with social development needs. 
DR loads as important flexible resources are also considered 
to cope with the uncertainty and fluctuation associated with 
high penetration of renewable energy. To obtain a planning 
scheme that enables the system to operate safely, economical‐
ly, and stably even under the worst uncertainties, a novel 
three-stage robust planning model integrating operation simu‐
lation including UC stage is proposed. And a tailored 
MCCG algorithm is proposed to solve this model with inher‐
ent decision-dependent uncertainties. Case studies demon‐
strate that the flexibility of DR loads plays a positive role in 
enabling the large-scale integration of renewable energy into 
power systems and reducing system development and opera‐
tional costs, thereby effectively advancing the low-carbon 
transition of power system. A comparative analysis against a 
conventional two-stage robust optimization model demon‐
strates that the three-stage model is not only more cost-effec‐
tive with lower total system costs, but also essential for oper‐
ation reliability, avoiding significant load shedding events, 
proving it a superior model for planning the decarbonization 
of power systems.
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