
JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 13, NO. 6, November 2025

Optimal Capacity Configuration of Large-scale 
Energy Bases Considering External Multi-
stochastic Scenarios and Interactive Multi-

timescale Objectives
Yini Wang, Yang Hu, Yueli Zhao, Yunzhi Li, Fang Fang, and Jizhen Liu

Abstract——Optimal capacity configuration (OCC) of large-
scale energy bases with multi-timescale operation characteris‐
tics presents a critical challenge. To address the problem, this 
study proposes an OCC approach of large-scale energy bases 
considering external multi-stochastic scenarios and interactive 
multi-timescale objectives. Firstly, guided by the system theory, 
the nonlinear state-space description is presented for systematic 
analysis of a general large-scale energy base. Due to interactive 
multi-timescale objectives between annual and daily cumulative 
objectives, a nested optimization structure is established. Then, 
considering the external multi-stochastic scenarios caused by 
the variables such as wind speed, solar irradiance, electric load, 
and thermal load, a multi-step optimization strategy is pro‐
posed including pre-configuration in regular scenarios and re-
configuration by introducing micro-incremental scenarios. The 
multi-step optimization strategy and nested optimization struc‐
ture jointly achieve the OCC of the large-scale energy base. In 
each step, the nested optimization structure is executed once. Fi‐
nally, while ensuring the balance between thermal supply and 
load demand, the imbalances between electric power  supply 
and the load demand are eliminated, significantly showing the 
efficiency of the proposed OCC approach.

Index Terms——Large-scale energy base, optimal capacity con‐
figuration, multi-timescale objective, nested optimization, multi-
stochastic scenario.

I. INTRODUCTION

WITH the increasing depletion of fossil energy sources, 
the global community is confronting an imminent en‐

ergy crisis [1]. Ongoing advancement of renewable energy 
technologies is expected to significantly accelerate the world‐
wide transition to low-carbon energy systems. However, due 
to the dual stochasticity from both the renewable energy 
power generation and demand, how to achieve the optimal 
capacities for electric power, thermal power, or storage units 
becomes a critical challenge.

For integrated energy systems (IESs), the optimal capacity 
configuration (OCC) procedure includes the definition of op‐
timization objectives, the determination of constraints, and 
the  optimization problem solving. Besides, there are single-
objective optimization [2] - [6] with economic costs through‐
out the whole life cycle and net present value, and multi-ob‐
jective optimization [7]-[10] with metrics such as investment 
cost, carbon emission, and energy supply reliability. Opera‐
tion data or characteristic models of various units are often 
used as constraints. Finding the OCC is a fundamental opti‐
mization problem, and is often approached using algorithms 
such as cycle traversal [11], game theory [12], convex opti‐
mization [13], and heuristic intelligent optimization [14]-[16].

To address the dual stochasticity, scenario analysis ap‐
proaches are used for OCC of IESs. In [17], multiple scenari‐
os and their probabilities are obtained through scenario gen‐
eration and reduction based on the joint probability density 
function of electric load, wind power, and photovoltaic (PV) 
power, transforming the problem into multiple deterministic 
problems. The Latin hypercube sampling is used to simulate 
scenarios with three stochastic variables, i.e., wind speed, so‐
lar irradiance, and electric power load, and 27 typical scenar‐
ios from the spring, winter, and transition seasons are pre‐
served [18]. The joint uncertainties of source and load are 
not considered. Copula functions could construct joint proba‐
bility distribution for variables with different probability dis‐
tributions [19], which are useful to generate multi-stochastic 
scenarios.

In order to better describe the correlation of stochastic 
variables on source and load sides, deep generation algo‐
rithms are used for scenario generation. Reference [20] gen‐
erates wind speed scenarios by ensemble neural network for 
OCC of energy storage. Based on two-stage stochastic plan‐
ning [21], artificial neural networks are used for scenario 
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generation of solar irradiance. Based on federated deep gen‐
erative learning, scenario generation of wind and PV power 
is presented in [22]. Conditional deep convolutional genera‐
tive adversarial network (CDC-GAN) could generate scenari‐
os containing temporal and spatial implicit correlations. To 
ensure that the generated scenarios have the same probabili‐
ty distribution as the original ones, Wasserstein distance [23] 
is introduced to CDC-GAN. Reference [24] utilizes an im‐
proved algorithm to generate scenarios for different seasons. 
However, in these studies, it is not possible to get each po‐
tential scenario.

Different from traditional small IESs, large-scale energy 
bases face more complex spatio-temporal scales and stronger 
uncertainties from source and load sides. OCC of large-scale 
energy bases for various units needs to be compatible with 
more stochastic scenarios. Reference [25] investigates the 
planning of fast frequency response reserves in power sys‐
tems under homogeneous extreme risks. In contrast, [26] pro‐
poses a metric for assessing the resilience value, which 
could accurately quantify the resilient support role played by 
energy storage systems during extreme events. Both studies 
are dedicated to addressing the challenges confronted by the 
power systems under unconventional circumstances.

To enhance the feasibility of OCC results, [27] uses the 
box uncertainty set to generate typical wind speed scenarios 
and presents a bi-level structure to plan an integrated system 
with electric power and natural gas. In [28], Monte Carlo 
simulation is adopted to generate stochastic scenarios and 
solve two-stage mixed-integer linear programming. However, 
most studies only consider the economic cost and neglect 
other attributes for optimization.

The widespread integration of a high proportion of renew‐
able energy has greatly changed the operation and control of 
power systems. How to deal with uncertainties on the source 
and load sides and make the OCC of units more economical, 
effective, and reliable becomes the critical problems that 
need to be addressed.

By introducing system theory, we abstract a large-scale en‐
ergy base into a multi-input and multi-output system, which 
considers the impact of internal and external factors and pro‐
poses an OCC approach of large-scale energy bases. The 
main contributions of this study are as follows.

1) System theory is introduced to represent a large-scale 
energy base by a multi-input and multi-output nonlinear 
state-space description, which assists the systematic analysis 
of external multi-stochastic scenarios and interactive multi-
timescale objectives during OCC process.

2) Due to the interactive multi-timescale objectives be‐
tween annual and daily cumulative objectives, a nested opti‐
mization structure is established including upper- and lower-
level optimization using annual and daily cumulative objec‐
tives. A multi-dimensional optimization space with economy 
(investment cost), output fluctuation (mean variance fluctua‐
tion of load), and carbon emission is constructed while im‐
proving the solving efficiency via hierarchical structure.

3) By fully considering the external multi-stochastic sce‐
narios, a multi-step optimization strategy is proposed includ‐

ing pre-configuration with regular scenarios and re-configura‐
tion by introducing micro-incremental scenarios. The imbal‐
ances  between power supply and load demand are eliminat‐
ed.

The rest of the study is organized as follows. Section II 
provides systematic descriptions and analysis. Section III 
proposes the multi-step optimization strategy with nested op‐
timization structure. Section IV elucidates the generation of 
regular scenarios as well as pre-configuration. Section V dis‐
cusses re-configuration by introducing micro-incremental sce‐
narios. Section VI shows the validation and analysis. Section 
VII summarizes the completed work.

II. SYSTEMATIC DESCRIPTIONS AND ANALYSIS

A. Architecture of a General Large-scale Energy Base

According to the China’s 14th Five Year Plan, the large-
scale energy bases can supply both thermal and electric pow‐
er. The planning of large-scale energy base necessitates a 
consideration of not only the characteristics of thermal or 
power load but also the inherent traits of renewable energy 
sources, including wind velocity and solar radiation intensity.

This study examines three categories of energy demand: 
electric power, thermal power, and hydrogen. The energy 
base consists of PV power units, wind power units, pure 
thermal power units, combined thermal and power (CHP) 
units, hydrogen fuel cells, vanadium redox flow batteries 
(VRBs), and hydrogen and thermal storage units.

When wind power and PV power account for a very high 
proportion, stronger fluctuations would create the imbalance 
between supply and demand, which may trigger localized 
load losses or wind/PV power curtailment during specific op‐
eration periods. Due to that the electric and thermal power 
consumption on the load side is also stochastic, conventional 
power sources and energy storage systems are essential to 
balance power supply deficit and store excess electricity.

The thermal power units serve as critical backup capacity, 
ensuring stable power supply to the large-scale energy base 
by interfacing with the power grid. This integration enhances 
grid reliability, especially during periods of renewable ener‐
gy intermittency or load fluctuations. CHP units further opti‐
mize energy efficiency by simultaneously producing electric 
and thermal power, leveraging waste thermal recovery to 
meet both electric and thermal power demands. Electro-ther‐
mal converters facilitate the transformation of excess electric 
power into thermal power, enabling seasonal or on-demand  
thermal power supply. The energy storage unit comprises 
electro-chemical storage for electric power buffering and 
thermal power storage units for thermal retention, collective‐
ly ensuring system flexibility and resilience against supply 
and demand imbalance.

The hydrogen energy system consists of an electrolyzer 
that converts electric power into green hydrogen, a storage 
facility for compressed hydrogen, and a fuel cell that con‐
verts the green hydrogen into electric power. The combina‐
tion of hydrogen storage unit and hydrogen consumption 
unit will increase the potential for flexible dispatch of hydro‐
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gen energy, improve energy utilization efficiency, and share 
the supply pressure during periods of high load demand.

B. Systematic Analysis from a Perspective of System Theory

Large-scale energy bases are distributed across vast geo‐
graphical areas, with numerous physical devices and com‐
plex interconnections. From the perspective of system theo‐
ry, large-scale energy base is viewed as a complex system 
whose characteristics can be briefly described by the follow‐
ing nonlinear state-space equation:

ì
í
î

ïï ẋ = f ( xuv )
y = g ( xuv ) (1)

where x is the vector representing the internal states; y is the 
vector representing the system outputs; u is the vector repre‐
senting system control inputs; v is the vector representing 
the external stochastic disturbances; and f ( )×  and g ( )×  are 
the nonlinear functions.

External stochastic factors are the main challenges for the 
OCC of various units because the external scenarios com‐
posed of several stochastic variables are constantly changing. 
This renders the consideration of external multi-stochastic 
scenarios as a core element in the OCC process of large-
scale energy bases. Thus, the OCC problem should fully con‐
sider multi-stochastic scenarios.

According to the architecture of a general large-scale ener‐
gy base, the relationships among variables are shown in Sup‐
plementary Material A Fig. SA1 from system theory. The op‐
eration dynamics of different units and system-level opera‐
tion dynamics exist at different timescales. Therefore, when 
the OCC is performed, it is necessary to consider the issues 
of collaborative interaction between multi-timescale objec‐
tives of different units and the system level. Then, the OCC 
problem should define interactive multi-timescale objectives.

On this basis, a nested optimization structure is proposed 
including the upper-level optimization with annual cumula‐
tive objectives and the lower-level optimization with daily 
cumulative objectives. It could decompose a huge optimiza‐
tion problem into two levels, improving the efficiency and 
quality of optimization solutions.

Furthermore, the stochastic variables such as wind speed, 
solar irradiance, electric power load, and thermal power load 
are used to define the stochastic scenario vector. For the ex‐
ternal multi-stochastic scenarios with different probabilities, 
a multi-step optimization strategy is presented including the 
pre-configuration in the regular scenarios and the re-configu‐
ration in the micro-incremental scenarios.

III. MULTI-STEP OPTIMIZATION STRATEGY WITH NESTED 
OPTIMIZATION STRUCTURE 

A. Interactive Multi-timescale Objectives in Nested Optimiza‐
tion Structure

A nested optimization structure is constructed to coordi‐
nate the capacity planning of each unit within a large-scale 
energy base to achieve the optimization performance of 
multi-timescale objective.

The upper-level optimization determines the rated capacity 
of each energy supply source, which is regarded as the input 
of the lower-level optimization. The lower-level optimization 
is to determine the optimal operation revenue of the energy 
base for each typical day while ensuring the safety and reli‐
ability of energy supply. The resulting outputs are fed back 
to the upper-level optimization to determine the final capaci‐
ties.
1)　Upper-level Optimization by Annual Cumulative Objec‐
tives

The objective function for upper-level optimization is:

min FUpper = { }F1F2F3 (2)

where F1, F2, and F3 denote the economy, output fluctua‐
tion, and carbon emission of a large-scale energy base, re‐
spectively.

1) The economy of a large-scale energy base is evaluated 
by:

min F1 =∑
iÎΩ

cicon Pirated ficr + 365F *
lower (3)

ficr =
r ( )1 + r

Li

( )1 + r
Li - 1

(4)

where Ω is a set containing power generation units, thermal 
generation units, hydrogen production units, thermal storage 
units, power storage units, and hydrogen storage units; cicon 
is the capacity cost of unit i; Pirated is the rated capacity of 
unit i; ,ficr is the depreciation cost of unit i; r is the discount 
rate; Li is the service life of unit i; and F *

lower is the optimal 
objective value obtained from the lower-level optimization.

2) The output fluctuation is evaluated by:

min F2 =∑
sÎ S
∑
t = 1

T

( )P ( )ts -Pave( )ts
2

T (5)

P (ts) =∑
iÎΩ

Pi( )ts (6)

Pave(ts) =∑
t = 1

T ( )∑
iÎΩ

Pi( )ts T (7)

where T is the time period; S is the set covering all the se‐
lected scenarios, with s being one of the scenarios; Pi( )ts  is 
the output of unit i during time period t in scenario s, which 
is obtained from the lower-level optimization; and Pave( )ts  
is the mean output of units during time period t in scenario s.

The integration of hydrogen energy enables the satisfac‐
tion of load demands while avoiding carbon emissions, en‐
hancing energy efficiency and advancing environmental sus‐
tainability. Consequently, the primary carbon emissions stem 
not solely from pure thermal and CHP units, but also arise 
from interactions between the energy base and power 
grid [29].

3) The carbon emission is evaluated by:

min F3 =∑
sÎ S
∑
t = 1

T
é
ë

ù
ûμ ( )Pgrid( )ts +PTP( )ts + γPCHP( )ts (8)

where μ and γ are the carbon emission coefficients of pure 
thermal power and CHP units, respectively; and Pgrid, PTP, 
and PCHP are the outputs of power grid, pure thermal power 
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units, and CHP units, respectively.
Upper-level capacity planning is subject to the capacity 

constraints and is optimized within the operation capacity of 
the large-scale energy base, while ensuring the compatibility 
with individual device specifications.
2)　Lower-level Optimization by Daily Cumulative Objectives

This part formulates the objective function and constraints 
of the lower-level optimization. It is worth noting that the 
objective function is calculated using a daily cumulative 
manner, which involves summing the data for each hour 
throughout the day.

min Flower =∑
iÎΩ
∑
t = 1

T ( )∑
sÎ S

πsciope Pi( )ts (9)

where πs is the probability of scenario s; and ciope is the op‐
eration cost coefficient of unit i, calculated at one percent of 
the investment cost coefficient.

In the large-scale energy base, the constraints of the lower-
level optimization consist of load balance, power limitation, 
and capacity limitation. The optimization space is defined by 
both equality and inequality constraints.

1) In every scenario, the load balance constraints should 
be satisfied at all time instants:

HCHP(ts) +HEB(ts) +HHST(ts) -HL(ts) = 0 (10)

PPV( )ts +PWT( )ts +Pgrid( )ts +PCHP( )ts +PTP( )ts +
PHCSS( )ts +PVRB( )ts -PEB( )ts -PL( )ts = 0 (11)

where PPV and PWT are the outputs of PV power and wind 
power, respectively; PHCSS is the output power of the hydro‐
gen fuel cell minus the power consumption of the hydrogen 
electrolysis unit; PVRB is the output of VRBs; PEB is the pow‐
er consumption of electric-heating molten salt boiler; PL is 
the electric power demand; HCHP, HEB, and HHST are the ther‐
mal power outputs of CHP unit, electric-heating molten salt 
boiler, and thermal storage unit, respectively; and HL is the 
thermal demand.

2) The power limitation constraints are:

P min
i £Pi(ts) £P max

i (12)

where P min
i  and P max

i  are the minimum and maximum outputs 
of unit i, respectively. The upper and lower limits of each 
unit are calculated based on the unit rated capacity provided 
by the upper-level optimization.

3) The charging and discharging states of energy storage 
units are introduced. For various energy types, the capacity 
limitation constraints can be expressed as:

S*(ts) = (1 - σ ) S*(t -Dts) + λc Pc(ts)Dt -
Pd( )ts Dt

λd
   (13)

SOC*(ts) = S*( )ts
S r

*

(14)

where S* is the current state of unit * and the symbol * de‐
notes battery storage units or thermal storage units; σ, λc, 
and λd are the self-discharging rate, storage efficiency, and 
release efficiency of storage units, respectively; S r

* is the rat‐
ed capacity of unit *, provided by the upper-level optimiza‐
tion; SOC* is the state of charge of unit *; and Pc and Pd are 

the charging and discharging power, respectively.
Equations (15)-(17) ensure that the remaining energies of 

VRBs SVRB, hydrogen storage unit SH2
, and thermal storage 

unit SHST vary within the specified interval.

S min
VRB £ SVRB(ts) £ S max

VRB (15)

S min
HST £ SHST(ts) £ S max

HST (16)

S min
H2

£ SH2
(ts) £ S max

H2
(17)

where the superscripts min and max denote the upper and 
lower energy storage limits of the unit, respectively, which 
are calculated based on S r

*.
Capacity constraints of grid tie lines are:

-P max
grid £Pgrid(ts) £P max

grid (18)

where P max
grid  is the maximum power of bidirectional transmis‐

sion between the power grid and the large-scale energy base.

B. Multi-step Optimization in External Multi-stochastic Sce‐
narios

This study develops a multi-step optimization strategy to 
achieve efficient operation of a large-scale energy base un‐
der varying external conditions. This strategy, visually out‐
lined in Fig. 1, comprises two distinct steps: pre-configura‐
tion and re-configuration, each leveraging a bi-level nested 
optimization structure tailored to achieve its optimal results. 
In Fig. 1, S' is the set of micro-incremental scenarios.

The pre-configuration step is carried out based on annual 
and daily cumulative operation metrics. These metrics form 
the foundation for determining and evaluating the OCC ef‐
fect, ensuring the advantages of the configuration scheme in 
both long-term and daily operations. To capture the inherent 
uncertainties, this step utilizes CDC-GAN to complete sce‐
nario generation and then reduces these scenarios using the 
simultaneous backward algorithm to obtain a regular set of 
scenarios. In this step, the optimized capacities of the units 
in the energy base are determined by the nested optimization 
structure within the regular scenario set.

The upper-level optimization is performed using the non-
dominated sorting genetic algorithm III (NSGA-III). The al‐
gorithm is initialized with a set of parameters and then itera‐
tively optimizes the upper-level decisions. The algorithm 
forms a new parent population, retains individuals based on 
fast non-dominated sorting and association with reference 
points, and performs fast non-dominated sorting to guide the 
search for Pareto-optimal solutions [30]. Decisions at this 
level depend on the daily operation and its associated bene‐
fits communicated from the lower-level optimization.

The lower-level optimization concentrates on daily opera‐
tion, ensuring the execution of the upper-level plans while 
considering various practical constraints. The goal of this lev‐
el is to determine the best daily scheduling plan, which is 
based on the capacities of various units provided by the up‐
per level. In contrast, the re-configuration step refines the re‐
sults of the pre-configuration to enhance the robustness. The 
re-configuration step is triggered by the identification of mi‐
cro-incremental scenarios. 
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While the fundamental bi-level optimization structure em‐
ployed under re-configuration shares similarities with that un‐
der pre-configuration, its key distinction lies in the incorpora‐
tion of these micro-incremental scenarios. By feeding these 
scenarios into the optimization process, the re-configuration 
step allows for agile adjustments to the optimal results, in or‐
der to maintain supply and demand balance and prevent po‐
tential imbalances. Overall, by jointly using the multi-step 
optimization strategy with nested optimization structure, the 
OCC approach for the large-scale energy base is formed.

IV. PRE-CONFIGURATION IN REGULAR SCENARIOS

A. Stochastic Scenario Generation and Reduction

The input scenario vector ISV, which is composed of a 
time series of wind speed VWS, solar irradiance RPV, electric 

power load PL, and HL, is constructed as:

ISV = [VWSRPVPLHL ] (19)

1)　Complete Scenario Generation Using CDC-GAN
This part focuses on generating a large-scale number of 

combined wind, PV, electric power, and thermal power sce‐
narios that conform to the original data distribution while 
taking into account the supply and demand relationships on 
both the source and load sides, which provides a reliable da‐
ta basis for multi-scenario collaborative OCC.

The larger spatio-temporal scales of the large-scale energy 
base significantly increase the uncertainties on both source 
and load sides, which is a challenge to reflecting the strong 
coupling between electric, thermal, and hydrogen energy sys‐
tems, particularly when seasonal variations exacerbate the in‐
herent volatility of wind and PV power generation.

In this study, the CDC-GAN [31] is chosen for scenario 
generation. The goal is to enhance the precision of the gener‐
ated samples by means of a mutual game played by the gen‐
erator and the discriminator. Figure 2 shows the principle of 
the CDC-GAN.

During the process of scenario generation on the source 
and load sides, the input dataset is categorized into four sea‐
sonal segments of spring, summer, autumn, and winter based 
on monthly divisions.

CDC-GAN captures seasonal characteristics of input data, 
while the joint generation of source-side and load-side sce‐
narios reduces the computational burden integrating separate 
source and load scenario.

The generator contains two deconvolution layers to treat 
the input noise, and the discriminator contains two convolu‐
tion layers to treat ISV. During the training phase [32], param‐
eters of the discriminator and the generator are updated alter‐
nately and the condition label (month) of each scenario is 
trained simultaneously.

When the discriminator has an approximate output value 
for the true sample and the generated sample of the genera‐
tor, the generator has captured the spatio-temporal and distri‐
bution characteristics of ISV.
2)　Scenario Reduction Using Simultaneous Backward Algo‐
rithm

Selecting regular scenarios from a large number of scenari‐
os requires scenario reduction. The jointly generated scenari‐
os for each season are reduced using the simultaneous back‐
ward algorithm.

Step 1: suppose that there are N scenarios in set S. The 

Start

Stop

Is PNL-PES > 0
at each moment?

Output final OCC results

Perform fast non-
dominated sorting

and association with
reference points

Select individuals

Form the new
 parent population

Is the
iteration stop condition

met? 

Initialize the parameters of
NSGA-III

Communicate the lower-level
optimization results to upper level

Solve the lower-level MILP model

Optimize the upper-level decisions

Output the optimal results

Lower-level
optimization

Upper-level
optimization

N

Y

N

Y

 

Identify micro-
incremental scenario

Selection of
micro-incremental

scenarios

Add micro-incremental
scenarios to S'

Input historical data and unit parameters

Complete scenario generation using CDC-GAN

Enter pre-configuration step

Enter re-configuration step

Reduce scenarios using simultaneous backward algorithm

Fig. 1.　Flowchart of multi-step optimization of large-scale energy base.
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Fig. 2.　Principle of CDC-GAN.
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probability of each generated scenario is initialized as equal 
value, which means Ps = 1/N.

Step 2: calculate the probability distance between any two 
scenarios in the set S.

Step 3: find the nearest scenario Sm for each scenario Si, 
based on the probability distances.

Step 4: remove the scenario Sm with the smallest probabili‐
ty distance from set S and update the scenario probability.

Step 5: the number of scenarios in set S is reduced to 
N - 1. Repeat until the number of scenarios meets the re‐
quirements.

B. Pre-configuration Step

The pre-configuration step focuses on configuring the ca‐
pacity of each unit based on regular scenarios.

The objective function of upper-level can be expressed as:

min FUpper =

ì

í

î

ï

ï
ïï
ï

ï

ï

ï
ïï
ï

ï

F1 =∑
iÎΩ

Cinv +Ep[ ]F *
lower

F2 =∑
sÎ S

fmvs

F3 =∑
sÎ S

fces

(20)

where Cinv is the annualized investment cost; Ep[ ]F *
lower  is 

the expected annual operation cost, and in the pre-configura‐
tion step, the micro-incremental scenarios have not been se‐
lected; and fmvs and fces are the mean variances of load and 
carbon emission in scenario s, respectively.

Constraints of upper-level optimization are the pre-defined 
numerical ranges of each decision variable. The objective 
function at the lower-level optimization includes the opera‐
tion costs in various scenarios, which can be described as:

min Flower =∑
iÎΩ
∑
t = 1

T ( )∑
sÎ S

πsciope Pi( )ts (21)

V. RE-CONFIGURATION BY INTRODUCING MICRO-
INCREMENTAL SCENARIOS 

A. Selection of Micro-incremental Scenario

In practice, regular scenarios often fail to align precisely 
with the intricate and dynamic conditions, which may lead 
to supply and demand imbalances when being implemented 
using the OCC result in the regular scenarios. Thus, the se‐
lection of micro-incremental scenarios is studied in this sub‐
section to compensate the set of regular scenarios.

Since the demand and supply of thermal power do not 
fluctuate in response to the stochastic variability of external 
factors such as wind and solar conditions, the supply and de‐
mand balance of thermal power is not considered. Under nor‐
mal operation conditions, thermal power demands are consis‐
tently satisfied without requiring explicit accounting. Thus, 
this study prioritizes the assessment of supply and demand 
balance for electric power load, as thermal power load varia‐
tions are relatively stable.

To address this limitation, this study proposes a compensa‐
tion way. Initially, the supply and demand energy profiles 

are computed for all regular scenarios, leveraging the deter‐
mined capacities from the pre-configuration step.

Then, a set of specialized micro-incremental scenarios is 
selected by focusing on identifying those moments of supply 
and demand imbalance. These micro-incremental scenarios 
are merged into the set of regular scenarios for the re-config‐
uration step, enhancing the flexibility and efficiency of the fi‐
nal OCC.

Specifically, the net load PNL and the maximum adjustable 
supply PES are two core metrics for evaluating the energy 
supply and demand balance, which are computed through 
(22) and (23), respectively.

PNL =PL -PPV -PWT (22)

PES =PTP +PCHP +Pgrid +PHCSS +PVRB -PEB (23)

   s.t.

PES( )t <PNL( )t     $tÎ {12T} (24)

With the assistance of the CDC-GAN generated scenarios 
outlined in Section IV, scenarios that do not satisfy (24) are 
identified as micro-incremental scenarios. These scenarios 
serve to complement the operation characteristics not ad‐
dressed by the regular scenarios. As shown in Supplementa‐
ry Material A Fig. SA2, when the net load exceeds the maxi‐
mum adjustable power supply, a potential risk of insufficient 
power supply is revealed.

B. Re-configuration Step

The re-configuration step involves merging the selected 
micro-incremental scenarios from Section V-A with the regu‐
lar scenarios to create a more comprehensive set of scenari‐
os. On this basis, the scenarios will undergo further optimiza‐
tion for configuration purposes.

Objective functions at upper level can be expressed as:

min FUpper =

ì

í

î

ï

ï
ïï
ï

ï

ï

ï
ïï
ï

ï

F1 =∑
iÎΩ

Cinv +Ep[ ]F *
lower

F2 = ∑
sÎ S S'

fmvs

F3 = ∑
sÎ S S'

fces

(25)

Constraints of upper-level optimization are the pre-defined 
numerical ranges of each capacity decision variable.

Objective functions at lower level contain multiple scenari‐
os for stochastic planning, which can be described as:

min Flower =∑
iÎΩ
∑
t = 1

T ( )∑
sÎ S

πsciope Pi( )ts +∑
sÎ S′

πs x ( )ts κ    (26)

x (ts) = ì
í
î

ïï
ïï

0 PES( )ts ³PNL( )ts

PES( )ts -PNL( )ts PES( )ts <PNL( )ts
(27)

where κ is the coefficient penalizing the amount of load 
shedding in the objective function in micro-incremental sce‐
narios.

VI. VALIDATION AND ANALYSIS

The implemented approach, based on the nested use of 
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NSGA-III and YALMIP, is carried out using MATLAB to ad‐
dress the design problem of the large-scale energy base. The 
simulations were performed on a computer with an Intel 
Core i5-8250U processor (1.6 GHz) and 8 GB of RAM, run‐
ning the Windows 10 operation system.

The computational performance of the proposed OCC ap‐
proach varies depending on various scenarios. Generating 
the complete scenario set via CDC-GAN takes 24 min for 
1000 scenarios. Reducing regular scenarios requires 2 min, 
yielding 12 scenarios. Pre-configuration takes 107.2 hours 
for 12 scenarios. Selecting micro-incremental scenarios re‐
quires 0.5 min, yielding 16 scenarios. Re-configuration takes 
643.3 hours for 28 scenarios.

A. Pre-configuration Results Based on Regular Scenarios

Ten-year measured data are utilized from a large-scale en‐
ergy base in Northwest China with a temporal resolution of 
one hour. Simple preprocessing of the data is performed: iso‐
lated forest for anomaly detection, linear interpolation for 
missing data, one-hour sliding window for average filtering, 
and min-max scaling for data normalization.

To ensure a sufficient quantity of reliable scenario data, 
the improved CDC-GAN generates 1000 scenarios, which 
are then categorized into the four seasons: spring, summer, 
autumn, and winter, based on the metadata labels embedded 
during the scenario generation. The cumulative distribution 
functions (CDFs) are obtained from distribution statistics for 
stochastic variables from original and generated scenarios, 
and the comparison is shown in Fig. 3, which are basically 
consistent. The CDF indicates that the scenario data generat‐
ed by the improved CDC-GAN have the same data character‐
istics in original scenarios, which provides the data basis for 
the subsequent implementation of OCC.

Generated scenarios with various season labels are re‐
duced by the simultaneous backward algorithm. Figure 4 
presents these stochastic variables in seasonal regular scenari‐
os, which are normalized to per-unit values for ease of com‐
parison. Each subplot depicts the normalized electric power 

load, solar irradiance, wind speed, and thermal power load. 
The maximum values for each variable are provided in the 
legend to indicate their actual scale. Supplementary Material 
A Table SAI presents an overview of the OCC results under 
regular scenarios. The multi-objective Pareto front solution 
set under pre-configuration is shown in Fig. 5, where TOP‐
SIS is short for technique for order preference by similarity 
to ideal solution.
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Fig. 4.　Stochastic variables in seasonal regular scenarios. (a) Spring scenar‐
io 1. (b) Spring scenario 2. (c) Spring scenario 3. (d) Summer scenario 1. 
(e) Summer scenario 2. (f) Summer scenario 3. (g) Autumn scenario 1. (h) 
Autumn scenario 2. (i) Autumn scenario 3. (j) Winter scenario 1. (k) Winter 
scenario 2. (l) Winter scenario 3.

Original scenarioGenerated scenario;

CD
F

0 0.2 0.4 0.6 0.8 1.0
Solar irradiance (kW/m2)

0.5

1.0

CD
F

0 0.3 0.6 0.9 1.2 1.5

0.5

1.0

CD
F

0 0.5 1.0 1.5
Thermal power load (GW)

0.5

CD
F

0.5

1.0

1.0
(a) (b)

(c) (d)

Wind speed (m/s)
0 5 10 15

Electric power load (GW)

Fig. 3.　Comparison of CDF for stochastic variables from original and gen‐
erated scenarios. (a) Wind speed. (b) Solar irradiance. (c) Electric power 
load. (d) Thermal power load.

The highest solution score in TOPSIS algorithm

All Pareto front solutions resulting from NSGA-Ⅲ
Projections of all Pareto front solutions in coordinate axis

Ca
rb

on
 e

m
iss

io
n 

(t)

121
122
123
124
125
126
127
128
129

5000
6000

4000
3000

2000
1000 150

160
155

165
175

170Investment cost (10 6 $) Mean variance fluctuation

of load (kW)

0

0.125

0.250

0.375

0.500

0.625

0.750

0.875

1.000
Solution score

Fig. 5.　Multi-objective Pareto front solution set under pre-configuration.

1996



WANG et al.: OPTIMAL CAPACITY CONFIGURATION OF LARGE-SCALE ENERGY BASES CONSIDERING EXTERNAL MULTI-STOCHASTIC...

B. Re-configuration Results Based on Merged Scenarios

The results and optimization metrics are described and an‐
alyzed in this subsection. The capacity of each unit is config‐
ured for regular scenarios in the pre-configuration step. To 
ensure that the configuration results remain highly robust in 
a multivariate environment, 16 micro-incremental scenarios 
are selected in this study. One of these scenarios is shown in 
Fig. 6. The probability of each scenario is set to be 0.001.

The results before re-configuration, as shown in Fig. 7(a), 
show that the supply and demand balance in these scenarios 
cannot be satisfied, and power supply gaps usually exist at 
certain moments during the peak power consumption or rap‐
id increase in electric power load.

Re-configuration corrects the pre-configured results. In 
this process, the nested optimization structure uses multiple 
optimization objectives (F1 F2 F3 ) at the upper level. At 
the lower level, regular scenarios, micro-incremental scenari‐
os, and new scenario probabilities are combined to form a 
new objective function.

The multi-objective Pareto front solution set under re-con‐
figuration is shown in Fig. 8. The set has a regular trend be‐
tween each two metrics on the projection surface of the coor‐
dinate axis, but the three metrics show complex characteris‐
tics in three-dimensional space, which indicates that it is al‐
most impossible to obtain the best solution among economy, 

output fluctuation, and carbon emission at the same time.

Therefore, it is necessary to compromise the optimization 
metrics according to the actual demands in all OCC process‐
es. We select a suitable solution through TOPSIS algorithm.

Table I shows the supply and demand balance of the 16 
micro-incremental scenarios before and after re-configuration 
by calculating the minimum difference between PNL and PES, 
which indicates that there is an under-supplied moment in 
the scenario if the minimum value of PNL -PES, i. e., {PNL -
PES}min

, is less than 0. It can be observed that all the power 

shortage situations of the micro-incremental scenarios are im‐
proved after re-configuration.
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TABLE Ⅰ
SUPPLY AND DEMAND BALANCE FOR 16 MICRO-INCREMENTAL SCENARIOS 

BEFORE AND AFTER RE-CONFIGURATION

Scenario number

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

{ }PNL -PES min
 under 

pre-configuration (MW)

-176

-284

-106

-287

 -17

-339

-293

-347

-336

-300

-326

 -64

-340

-350

-186

-147

{ }PNL -PES min
 under 

re-configuration (MW)

170

77

238

74
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38
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Fig. 7.　Comparison of supply and demand balance before and after re-con‐
figuration. (a) Before re-configuration. (b) After re-configuration. 
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Compared with the results of pre-configuration, the supply 
and demand imbalance is completely eliminated, regarded as 
the highest priority, as shown in Fig. 8, while the OCC met‐
rics of the large-scale energy base have different degrees of 
deterioration within the acceptable range, as shown in Table 
II, indicating that although the probability of micro-incre‐
mental scenarios is small, its impact on the OCC result is 
significant.

To satisfy more stringent balance requirements between 
supply and demand, the re-configuration results in a signifi‐
cant increase in total capacity. The proportion of fossil fuel 
generation capacity decreases from 86.5% to 76.2%, while 
the proportion of renewable energy generation capacity in‐
creases from 13.5% to 23.8%. This change reflects a transi‐
tion in the energy supply structure of the electric power sys‐
tem from a relatively high-carbon emitting system to a low-
carbon system.

In Fig. 7(b), the net load and power supply after re-config‐
uration are presented, which consider micro-incremental sce‐
narios. After re-configuration, micro-incremental scenarios 
achieve the balance between supply and demand. Therefore, 
the proposed OCC approach greatly improves the reliability 
of energy supply.

To analyze the outcomes of hourly electric and thermal 
power co-dispatch, regular autumn scenario 1 is utilized as 
the operational context, which is characterized by significant 
availability of both wind and solar resources, alongside pro‐
nounced peaks in both electric and thermal power demands.

Figure 9 shows the output of units under pre-configuration 
and re-configuration in regular autumn scenario 1. The upper 
portion of each bar indicates the hourly energy output of the 
units, the lower portion indicates the hourly energy storage 
of the units.

The load in the early morning is low. Therefore, the ma‐
jority of the electric power is supplied by the grid Pgrid to 
satisfy customer demands. From the 0th hour to 11th hour, 
PEB consumes electric power to generate thermal power, 
which constitutes most of HEB during this period.

During the peak period of electric power consumption, the 
thermal storage unit releases stored thermal power, thereby 
reducing the demand for electric power that would be need‐
ed for heating. 

To meet the load demand in the morning, in addition to 
purchasing electric power from the grid, the electric power 
is supplied by storage units, including VRB discharging pow‐
er and electric-hydrogen conversion units. During low load 
periods, excess electric power PVRB is stored in VRBs.

As solar radiation increases, PV power begins to contrib‐

-50

0

50

100

150

200

-50

0

50

100

150

200

-200
-300

-100
0

100
200
300
400
500

Time (hour)
Pgrid;PWT;PL; PPV; PTP

HCHP; HEB;HL; HHST

-200
-100

0
100
200
300
400
500

Po
w

er
 (M

W
)

Po
w

er
 (M

W
)

Po
w

er
 (M

W
)

Po
w

er
 (M

W
)

0 5 10 15 20 25

Time (hour)
0 5 10 15 20 25

Time (hour)
0 5 10 15 20 25

(a)

(b)

HCHP; HEB;HL; HHST
Time (hour)

0 5 10 15 20 25

(d)

(c)

PHCSSPCHP; PEB; PVRB;

Pgrid;PWT;PL; PPV; PTP
PHCSSPCHP; PEB; PVRB;

Fig. 9.　Output of units under pre-configuration and re-configuration in reg‐
ular autumn scenario 1. (a) Electric power output and storage of units under 
pre-configuration. (b) Thermal power output and storage of units under pre-
configuration. (c) Electric power output and storage of units under re-config‐
uration. (d) Thermal power output and storage of units under re-configura‐
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TABLE Ⅱ
CONFIGURATION RESULTS AND METRICS

Decision variable

Installation area of PV panel 

Wind turbine capacity

Energy storage capacity of VRB

Volume of hydrogen storage unit 

Rated power of CHP unit

Rated power of thermal power 
unit

Energy storage capacity of elec‐
tric-heating molten salt boiler

Energy storage capacity of heat 
storage tank

F1

F2

F3

After 
pre-configuration

156000 (m2)

103 (MW)

36 (MWh)

159000 (N·m3)

1351 (MW)

313 (MW)

329 (MW)

187 (MWh)

1.27 ´ 1010 ($)

153 (kW)

1.26 ´ 104 (kg)

After 
re-configuration

357000 (m2)

137 (MW)

60 (MWh)

279000 (N·m3)

1219 (MW)

369 (MW)

337 (MW)

210 (MWh)

1.69 ´ 1010 ($)

646 (kW)

2.01 ´ 105 (kg)
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ute significantly at the 8th hour. Wind power provides more 
power in the afternoon. PWT and PPV gradually increase to be‐
come the primary daytime power supply, respectively. Any 
surplus energy is then stored: electric power is directed to 
VRBs for charging, thermal power is accumulated in heat 
storage tank, and hydrogen is produced and stored by hydro‐
gen storage unit. Thermal supply in the evening is mainly 
provided by the electric-heating molten salt boiler. 

A primary outcome of the re-configuration, particularly ev‐
ident on this regular day, is the enhanced contribution from 
wind and PV power, stemming from their increased installed 
capacities. During the 9th hour and 18th hour, wind and PV 
power can cover almost all the electric power and thermal 
power demands, which greatly reduces the grid pressure dur‐
ing the daytime and enhances grid flexibility. At the same 
time, more energy conversion and storage units enhance the 
supply reliability during sudden electric and thermal power 
demand fluctuations.

Figures 10 and 11 illustrate the storage and release of 
VRB, thermal, and hydrogen at various moments in regular 
autumn scenario 1. They show the hourly energy output for 
charging/discharging and energy storage levels over time. 
The broken lines represent the energy in storage units.

The inclusion of micro-incremental scenarios leads to an 
increased capacity of the energy storage units compared with 
the pre-configuration without such considerations. Conse‐
quently, these re-configuration units can provide more elec‐
tric and thermal power during peak evening hours. Further‐

more, during daytime periods with high wind and PV power 
generation, the increased storage capacity allows for greater 
accumulation of energy, resulting in higher storage levels of 
electric power, thermal power, and hydrogen.

VII. CONCLUSION

The operation of a large-scale energy base is affected by 
both external disturbances and interactive operation charac‐
teristics. The coupling of stochastic sources and loads further 
complicates the OCC of various units. We introduce the sys‐
tem theory to obtain the nonlinear state-space description for 
systematic analysis of external stochastic influence and inter‐
nal interaction in the large-scale energy base. Considering in‐
teractive multi-timescale objectives between annual and dai‐
ly ones, a nested optimization structure is established includ‐
ing upper-level and lower-level optimization using annual 
and daily cumulative objectives, respectively. A multi-dimen‐
sional optimization space is constructed considering econo‐
my, output fluctuation, and carbon emission while transform‐
ing the complex optimization problem into hierarchical ones, 
improving the solving efficiency and quality.

Furthermore, considering external multi-stochastic scenari‐
os, a multi-step optimization strategy is proposed including 
pre-configuration in regular scenarios and re-configuration 
by introducing micro-incremental scenarios. This strategy uti‐
lizes the micro-incremental scenarios to compensate and cor‐
rect the regular scenarios. The multi-step optimization strate‐
gy and nested optimization structure jointly achieve the 
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OCC of the large-scale energy base. In each step, the nested 
optimization structure is executed once.

Finally, through validation of case analysis, the imbalance 
between electric power supply and load demand are eliminat‐
ed, highly enhancing the optimal configuration effect.

This study does not focus on developing a precise energy 
management system but prioritizes long-term capacity opti‐
mization, recognizing that rising renewable energy demand 
and increasing volatility of net load profiles driven by en‐
hanced environmental awareness, and policy incentives will 
necessitate incorporating stochastic scenarios into the plan‐
ning of energy infrastructure. Consequently, the proposed 
multi-step optimization strategy, featuring a nested optimiza‐
tion structure, is well-suited for the construction and OCC of 
large-scale, compositionally diverse energy bases, especially 
when addressing complex operational conditions.
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