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Abstract: The renewable-dominant hybrid generation systems (HGSs) are increasingly important
to the electric power system worldwide. However, influenced by uncertain meteorological factors,
the operational robustness of HGSs must be evaluated to inform the associated decision-making.
Additionally, the main factors affecting the HGS’s robustness should be urgently identified under
deep uncertainties, as this provides valuable guidance for HGS capacity configuration. In this paper,
a multivariate stochastic simulation method is developed and used to generate uncertain resource
scenarios of runoff, photovoltaic power, and wind power. Subsequently, a long-term stochastic
optimization model of the HGS is employed to derive the optimal operating rules. Finally, these
operating rules are used to simulate the long-term operation of an HGS, and the results are used to
evaluate the HGS’s robustness and identify its main sensitivities. A clean energy base located in the
Upper Yellow River Basin, China, is selected as a case study. The results show that the HGS achieves
greater operational robustness than an individual hydropower system, and the robustness becomes
weaker as the total capacity of photovoltaic and wind power increases. Additionally, the operational
robustness of the HGS is found to be more sensitive to the total capacity than to the capacity ratio
between photovoltaic and wind power.

Keywords: hybrid generation system; deep uncertainties; long-term operation; robustness;
sensitive analysis

1. Introduction

To address the problems posed by a warming climate, governments worldwide are
focusing on carbon reduction targets and the transition to a low-carbon economy [1,2].
According to the “World Energy Outlook 2023” report published by the International
Energy Agency, carbon emissions from the power sector account for over 40% of total
global emissions. Therefore, building renewable dominant power systems is an important
pathway to ensuring future energy security and mitigating climate change [3]. In this
context, renewable energy such as photovoltaic (PV) and wind power are experiencing
rapid growth. However, the non-dispatchability, fluctuations, and randomness of PV and
wind power pose threats to the security of the power grid [4,5]. To ensure the safety and
efficiency of electric power systems, there has been considerable research on the integration
of hydropower, which has strong regulating capabilities, with PV and wind power to de-
velop a hybrid generation system (HGS) [6–8]. In this way, the rapid regulatory capabilities
of hydropower and renewable energy production potential can be fully utilized [9,10].

Many previous studies have proved that the stationarity of meteorological variables
such as precipitation, temperature, radiation, humidity, and wind speed may be destroyed
as an effect of climate change [11–13]. The operational management and capacity planning
of HGSs may be affected by these meteorological factors, constituting deep uncertainties.
To inform robust decision-making and capacity configuration, the impacts of these deep
uncertainties on HGSs has been explored in several studies. François et al. (2018) [14]
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revealed the sensitivity of renewable energy penetration to climate change based on the
Global Circulation Models (GCMs), for a solar/hydropower-dominated electric system.
Perera et al. (2020) [15] indicated that the potential for integrating renewable energy into the
power grid is greatly influenced by climate change under uncertain scenarios, considering
both low impact variations and extreme events. These findings have motivated researchers
to derive climate-resilient operating rules and planning strategies for the HGSs [16]. A
two-stage adaptive robust optimization approach was proposed for a wind and pumped
storage hybrid system, has been proposed to deal with the wind uncertainty [17], and
a multi-stage robust scheduling method that maximizes the utilization of hydropower
reserves has been developed to deal with the inflow uncertainty of a hydro-PV-wind
hybrid system [18]. Overall, most studies consider to the sensitivity of the HGS to resource
uncertainty, including our previous work [19]. However, exploring the sensitivity to the
capacity configuration of the HGS itself would provide additional valuable guidance during
the planning stage.

When evaluating the uncertainty of runoff, wind, and PV power resources, GCMs
are commonly employed [20–22]. GCMs simulate global-scale climate variables under
various carbon emission scenarios and models and subsequently obtain time series of
regional climate factors through downscaling methods. These are then combined with
hydrological models and other underlying surface factors to derive runoff series, and they
are integrated with energy calculation models to determine wind and PV power output
series [23]. However, existing studies have demonstrated the limitations of GCMs in simu-
lating the most sensitive climate variables for water resources, such as relative humidity
and precipitation [23,24]. Additionally, GCM data contain uncertainties, and as a top-down
simulation method, propagate multiple sources of uncertainty (including downscaling
model uncertainty, hydrological model uncertainty, and energy model uncertainty) to the
runoff, PV and wind power series, resulting in suboptimal simulations [23,24]. To overcome
the shortcomings of GCMs in assessing the robustness of HGSs, represented by changes in
the runoff, PV, and wind power series [24]. Specifically, this study utilizes a multivariate
stochastic simulation method to generate uncertain runoff, PV, and wind power scenarios.

This study is an extension of our previous work on the robustness of HGSs under
uncertainty. The contributions of this study can be summarized as follows: (1) The factors
affecting the sensitivity of the HGS to uncertain inputs are identified from among the
various resource factors and capacity factors; and (2) a refined long-term stochastic dynamic
programming model considering short-term characteristics is developed and used to derive
the optimal operating rules for an HGS.

The remainder of this paper is arranged as follows. Section 2 introduces the methods
used for model development, before Section 3 describes a case study and its corresponding
parameters and data sources. Section 4 presents and discusses the results, and Section 5
summarizes the conclusions from this study.

2. Methods

First, a large set of uncertain scenarios concerning runoff, wind power, and PV re-
sources are generated based on multivariate stochastic simulations, which is a bottom-up
sequential simulation approach (see Section 2.1). Subsequently, a long-term optimiza-
tion model for an HGS is constructed. Under the historical baseline state, the model is
solved using stochastic dynamic programming (SDP) to generate long-term operating
rules for the HGS (see Section 2.2). Next, the generated operating rules are simulated
under uncertain runoff, PV, and wind power scenarios, and various robustness indicators
are statistically evaluated based on the simulated scheduling results. Finally, sensitivity
analysis is employed to determine the factors affecting the robustness of the HGS (see
Section 2.3).
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2.1. Multivariate Stochastic Simulation

As a bottom-up simulation approach, the multivariate stochastic simulation method
considers a range of the reservoir inflow, PV, and wind power. The change rate are all
set to ±a%, ±b%, ±c%. Subsequently, the seasonal autoregressive (SAR) model based
on the scaled inflow series was used to obtain the uncertain inflow scenarios. Copula
functions are then used to construct joint probability distributions between the inflow
series and PV/wind power output series. By using the joint probability distributions
and Latin hypercube sampling (LHS) [25,26], the uncertain PV and wind power scenarios
are simulated. Finally, the simulated inflow, PV, and wind power series are combined to
generate a large number of uncertain scenarios (see Figure 1).
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The detailed steps for generating the runoff, PV, and wind output series are as follows:
Step 1: The uncertain scenarios of the runoff RSIM are simulated as follows:
First, the historical runoff series is scaled according to its mean within the range of

[−a%, a%], at intervals of 1%. Subsequently, an SAR model is constructed based on the
scaled runoff series, with the model order determined using the Akaike’s information
criterion and the model parameters determined using the least squares method. This model
is used to simulate uncertain runoff series, represented by RSIM. To ensure the representa-
tiveness of uncertain scenarios and mitigate errors introduced by random sampling, the
simulation period is set to 1000 years.

Step 2: The change rates of historical runoff and PV/wind power output are all set as
[−10%, 10%] in this work, and their time series are scaled as follows:

R′ = R ∗ (1 − a%); P′ = P ∗ (1 − b%) a ∈ [−10, 10], b ∈ [−10, 10] (1)

where R′ and P′ are the scaled inflow and PV/wind power output series, respectively; R
and P denote the historical inflow and PV/wind power output series, respectively; a and b
are the scaling parameters of the inflow and PV/wind power output series, respectively.

Step 3: The joint probability distribution is constructed as follows:
First, eight theoretical probability distribution functions including the extreme value

distribution, exponential distribution, gamma distribution, general extreme value distribu-
tion, general Pareto distribution, lognormal distribution, normal distribution, and Weibull
distribution are selected. These distributions are used to individually fit probability dis-
tributions for R′ and P′. Akaike’s information criterion is utilized to assess the disparities
between the theoretical probability distributions and the empirical probability distributions
under different functional forms [27]. The optimal theoretical probability distribution form
and parameters are then selected as the marginal probability distributions for the joint
probability distribution.

Three Archimedean Copula functions are then used to construct the joint probability
distribution functions for R′ and P′ represented as CC(u, v), CF(u, v), and CG(u, v); a
detailed expressions can be found in previous studies [27,28]. The optimal form and
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parameters of the joint probability distribution function are then selected using the Squared
Euclidean distance [29]. In this approach, the disparities between the theoretical Copula
and empirical Copula are represented by the distance value d, with smaller values of d
indicating a more appropriate Copula function.

CC(u, v), CF(u, v), and CG(u, v) are the joint probabilities of u and given by the three
forms of Copula functions; u denotes probability density of R′; v represents the probability
density of P′; and θ is the parameter of the joint probability distribution.

Step 4: The uncertain scenarios of the PV/wind power output PSIM are simulated as
follows:

The probability of the PV/wind output series PSIM under runoff R, is denoted as
F(vs|us ). It is assumed that the joint probability distribution function between RSIM and
PSIM remains consistent with the joint probability distribution function between R′ and
P′. Subsequently, LHS is used to generate a sequence of random numbers p is generated,
and the Copula conditional probability F(vs|us ) is equals to p. Here, F(vs|us ) can be
expressed as a function of the marginal distributions us and vs, using Equations (2)–(4).
Then, based on the probability density function us of the RSIM series, parameters of the
joint probability distribution function, and F(vs|us ), the expression functions (Equations
(2)–(4)) are solved to obtain the probability density function of the PSIM series. Finally,
the marginal probability distribution function vs is used to calculate PSIM by solving the
inverse expression function of vs.

FC(vs|us ) =
∂CC(us, vs)

∂us
=
[
1 + us

θ
(

us
−θ − 1

)]−(1+θ)/θ
(2)

FF(vs|us ) =
∂CF(us, vs)

∂us
=

e−usθ
(
e−vsθ − 1

)[(
e−vsθ − 1

)(
e−usθ − 1

)
+ e−θ − 1

] (3)

FG(vs|us ) =
∂CG(us, vs)

∂us
=

(− ln us)
θ−1
[
(− ln us)

θ + (− ln vs)
θ
](1−θ)/θ

use[(− ln us)
θ+(− ln vs)

θ ]
1/θ

(4)

2.2. Long-Term Optimization Model Considering Intraday Electricity Curtailment of the HGS
2.2.1. Objectives of the Long-Term Operation Model

The time interval of the long-term operation model is commonly set to one month or
ten days, making it difficult to consider the intraday electricity curtailment of PV and wind
power. As a result, the power generation performance of HGSs is often overestimated. To
overcome this issue, the response function characterizing the long-term power decision
and the short-term electricity curtailment performance is used to quantify the electricity
curtailment in the long-term operation model. In this study, the two model objectives are
to maximize the energy production and maximize the guaranteed rate.

Objective 1: maximize energy production

E = max
{

T
∑

t=1

(
Nhpw

t × ∆T
)}

= max
{

T
∑

t=1

(
M
∑

m=1
Nh

m,t + Np
t + Nw

t − Ncurtail
t

)
× ∆T

} (5)

Ncurtail
t = f EC

(
M

∑
m=1

Nh
m,t

)
(6)

Objective 2: maximize the guaranteed rate

F = max
#
(

Nhpw
t ≥ Nhpw

f irm

)
T

(7)
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where E denotes the total energy production of the HGS; Nhpw
t indicates the system’s

power output at the t period; Nhpw
f irm is the firm output of the HGS; Nh

m,t is the hydropower

output of the m-th cascade hydropower plants at the t period; Np
t and Nw

t denote the
PV and wind power output at the t period, respectively. f EC(·) is the electricity response
function; detailed steps for generating this function can be seen in our previous study [30];
∆T represents the time interval during one operational period; F denotes the guaranteed
rate of the HGS; #

(
Nhpw

t ≥ Nhpw
f irm

)
indicates the number of operational periods that the

HGS’s total output equals or exceeds Nhpw
f irm .

In this study, a penalty function method was used to simplify the multi-objective
model into one-objective model. The objectives integrated with the penalty function can be
expressed in the form:

E = max

{
T

∑
t=1

[(
M

∑
m=1

Nh
m,t + Np

t + Nw
t − Ncurtail

t − g
(

Nhpw
t

))
× ∆T

]}
(8)

g
(

Nhpw
t

)
=

 α
[

Nh
t −

(
Nhpw

f irm − Nhpw
t

)]
, Nhpw

t < Nhpw
f irm

0, Nhpw
t ≥ Nhpw

f irm

(9)

where g
(

Nhpw
t

)
is the penalty function; α equals 108.

The constraints in this operation model are the mass balance constraint, reservoir
characteristic constraint, power generation constraint, and power transmission constraint.

2.2.2. Solving Method

As the aim of this study is to assess the robustness of the water and wind comple-
mentary system under uncertain scenarios, it is appropriate to use uncertain model inputs
rather than deterministic historical data series to derive the operating rules. Therefore,
SDP is employed to solve the long-term optimization mode. In SDP, the uncertainty of the
model input series is represented by a discrete characteristic value based on a probability
distribution function [31].

In this study, the reservoir water level is used as the state variable for the operation
model. To accommodate uncertain inputs, the inflow, PV, and wind power outputs are
integrated as additional state variables in the recursive equation of the SDP. The decision
variable (final reservoir level in the operational period) can be expressed as a function of
the state variables (reservoir capacity, inflow, PV, and wind power output) as follows:

Lt+1 = F
(

Lt, It, Np
t , Nw

t

)
(10)

where Lt+1 and Lt denote the final and initial water levels in period t; It represents the
reservoir’s inflow in period t.

In the SDP method, the key step is to determine the formulation of the recursive
equation, used to characterize the transition principles of the system states between adjacent
operational periods. In this study, the runoff and PV/wind power output are assumed to
be correlated. The recursive equation for the operation model considering the relationship
between the inflow and PV/wind power can be expressed as follows:

Et(St,i) = max

{
Bt(St,i) +

m

∑
j=1

p
(
St+1,j|St,i

)
Et+1

(
St+1,j

)}
(11)

where Et(•) denotes the expected energy production of the HGS from operational period t to
the end of the production term; Bt(•) represents the system’s total energy production during
period t; St,i indicates the i-th discrete characteristic value in the period t; p

(
St+1,j|St,i

)
is
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the probability of the state variable transitioning from discrete state i to discrete state j as
the time changes from period t to period t + 1.

2.3. Robustness Indicators

To assess the performance of the proposed model, three indicators are used to evaluate
the robustness of the HGS:

(1) Improved regret-based indicator Rm

Rm is defined as the maximum deviation from the baseline state under uncertain
conditions, and is expressed as follows:

Rm = max
i

[Di,95 : P(Di ≤ Di,90) = 0.95] (12)

Di,j =
Te(x)∗i − Te(x)i,j

Te(x)∗i
(13)

where Te(x)i,j denotes the i-th technical/economic indicators in the j-th uncertain scenario;
Te(x)∗i represents the i-th technical/economic indicators in the historical baseline state; Di,j
represents the difference between F(x)i,j and F(x)∗i . The value of Rm lies between 0 and
1, with values closer to 0 indicating the stronger robustness of the HGS. Technical and
economic indicators contain the monthly average spilled water, hydropower generation,
total energy production, guaranteed rate, and electricity curtailment indicators.

(2) Satisfied-based indicator S1

The satisfied-based indicator S1 is defined as the average level at which all techni-
cal/economic indicators of the HGS meet the stakeholders’ requirements under uncertain
scenarios. The expression is as follows:

S1 =
1
N

J

∑
j=1

S1j (14)

where S1,j = 1 indicates that all technical/economic indicators of the HGS under the j-th
uncertain scenario satisfy the stakeholders’ requirement; In contrast, S1,j= 0 indicates the
requirement cannot be met. N represents the number of uncertain scenarios.

(3) Satisfied-based indicator S2

The satisfied-based indicator S2 is defined as the uncertainty horizon without the
system’s minimum requirement being missed [32]. The expression is as follows:

S2 =
J

∑
j=1

S2j/J

S2j =


1, min

j∈U(α)
F(x)j ≥ r∗

0, min
j∈U(α)

F(x)j < r∗

(15)

where
J

∑
j=1

S2,j is the number of uncertain scenarios in which the HGS achieves its minimum

requirement. In this study, HGS’s minimum requirement is defined as when the system’s
power guaranteed rate exceeds 90%, indicating that r∗ is set as 0.9.

2.4. Sensitivity Analysis of HGS Robustness

The two main factors influencing HGS robustness are the time series of model inputs
(such as inflow, PV, and wind) and the installed capacity structure of the HGS. In terms
of the former, the uncertainties in the resource time series have been considered when
simulating the uncertain scenarios. Hence, the sensitivity analysis of these three factors
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involves obtaining and analyzing the system’s robustness under each scenario, and the
performance is reflected by S1j and S2j. In terms of the latter, the system’s installed capacity
structure can be divided into two factors: the total installed capacity of PV and wind, and
the capacity ratio between PV and wind (the capacity of the cascade hydropower plants is
predetermined). A global sensitivity analysis is applied to identify the main factor affecting
system robustness.

Global sensitivity analysis primarily quantifies the relative contributions of the in-
put variables, model parameters, and model structure uncertainties to the variations in
output [33]. The aim is to assess the robustness of model outputs to various sources of
uncertainty by quantifying the influence of different factors. Variance-based sensitivity
analysis is commonly used to quantify the sensitivity of the model under uncertain con-
ditions. The capacity ratio and the total installed capacity of PV and wind power are
considered as the two sensitive factors, and the three robustness indicators are set as the
model outputs. The variance of these indicators under the uncertain scenarios is statistically
analyzed to assess the robustness of the HGS. The sensitivity of the HGS to each factor can
be expressed as follows:

SenRm= std(Rm,us), SenS1= std(S1,us), SenS2= std(S2,us) (16)

where SenRm, SenS1, and SenS2 denote the sensitivity of the HGS’s robustness to the factors,
when robustness is represented by Rm, S1, and S2, respectively; us indicates the uncertain
scenario of the capacity ratio and total installed capacity of the PV and wind power plants.

3. Case Study

The clean energy base located in the Upper Yellow River Basin, China, was selected
for a case study. This region contains three cascade hydropower plants: Cihaxia, Banduo,
and Yangqu, as well as nearby PV power plants (1-Tala and 3-Tala) and wind power plants
(Qieji and 2-Tala). The Cihaxia reservoir operates with seasonal regulation ability, whereas
Banduo and Yangqu operate with daily regulation ability. The locations of these clean
energy bases are shown in Figure 2. The main parameters of the cascade hydropower
plants are summarized in Table 1.
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Table 1. Parameters of the cascade hydropower plants.

Parameters Cihaxia Banduo Yangqu Units

Installed capacity 2600 360 1200 MW
Dead water level 2950 2757 2710 m

Normal water level 2990 2760 2715 m
Active storage 1854 2 239 million m3

Upper limit of outflow 6000 6000 6000 m3/s
Average hydraulic head 219.1 35.8 117.8 m
Lower limit of outflow 200 200 200 m3/s

Regulation ability Seasonal Daily Daily /

The monthly inflow series of the cascade reservoirs, ranging from January 1959 to De-
cember 2019,were obtained from the Yellow River Conservancy Commission. The monthly
PV and wind power output series were calculated using PV energy and wind energy
models based on the monthly sunshine duration, air temperature, and wind speed time
series [34]. These meteorological time series were obtained from the China Meteorological
Administration.

All optimization programs were implemented with Matlab2019a (https://www.
mathworks.com/) on a PC with Intel(R) Core(TM) i5-12600K CPU, 16.00 GB of RAM.

4. Results and Discussion
4.1. Simulation Results of the Inflow, PV, and Wind Power Series

Three cascade hydropower plants were considered in this study: Cihaxia, Banduo, and
Yangqu, from upstream to downstream. Uncertain scenarios concerning the inflow series of
Cihaxia, the interval inflow between Cihaxia and Banduo, and the interval inflow between
Banduo and Yangqu were simulated based on the SAR model. Assuming a variation range
of [−10%, 10%] about the mean of the inflow series, 21 uncertain scenarios were generated
at intervals of 1%. The simulation results are shown in Figure 3.
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Figure 3 illustrates that compared with the historical inflow series, the distribution
range of the simulated inflow has expanded, while still maintaining consistent statistical
characteristics with the historical inflow series. The mean and variance are statistical
features of the runoff time series, where an increase or decrease in the mean indicates an
increase or decrease in the available storage of the reservoir. An increase in the variance
suggests greater interannual fluctuations in the monthly reservoir inflow series. The
simulated inflow series exhibits mean and variance parameters that are consistent with the
historical inflow series in each month, thereby validating the rationality and effectiveness
of the SAR model developed in this study.

Based on the proposed multivariate stochastic simulation method, the time series
of PV/wind power was simulated under specific uncertainties. The PV/wind simulated
time series under a −10% scenario with a −10% change in inflow conditions are shown in
Figure 4.
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Figure 4. Simulated series of PV and wind power output (−10% change scenario with a −10% inflow
condition).

Figure 4 indicates that compared with the historical time series of the PV and wind
power output, the distribution range of the simulated PV and wind power output series has
expanded, while still maintaining the consistent statistical characteristics with the historical
series. This validated the effectiveness of the multivariate stochastic simulation method.
Specifically, the variance parameter of the simulated wind power output is relatively larger
from May to August compared with the historical series. This can be attributed to the
higher interannual fluctuation observed in the monthly wind power output distribution.
Although the installed capacity of wind power is only half that of PV power, the variance
in wind power output reaches 3–5 times that of PV power during each month.

To verify the efficiency of the simulation results in all uncertain scenarios, the mean
and standard deviation of the stochastic variables under historical and simulated conditions
are compared in Tables 2 and 3. The maximum deviation in the mean values is 2.5%, and
that of the standard deviation is 4.7.
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Table 2. Comparison of mean values of stochastic variables between historical and simulated
conditions.

Uncertainty
Scenario

Cihaxia Inflow (m3/s) Banduo Inflow (m3/s) Yangqu Inflow (m3/s) PV Power Output
(MW)

Wind Power Output
(MW)

Historical Simulated Historical Simulated Historical Simulated Historical Simulated Historical Simulated

−10% 521.6 521.3 522.2 521.3 647.2 646.3 693.8 693.1 342.0 340.9
−9% 527.4 525.2 528.0 525.2 654.4 652.6 701.5 700.8 345.8 344.7
−8% 533.2 539.1 533.8 539.1 661.6 669.2 709.2 708.5 349.6 348.4
−7% 539.0 533.5 539.6 533.5 668.8 666.2 716.9 716.2 353.4 352.2
−6% 544.8 546.1 545.4 546.1 676.0 675.4 724.6 723.9 357.2 356.0
−5% 550.6 559.9 551.2 559.9 683.2 692.6 732.3 731.6 361.0 359.8
−4% 556.4 564.9 557.0 564.9 690.3 701.7 740.0 739.3 364.8 363.6
−3% 562.2 560.3 562.8 560.3 697.5 695.4 747.7 747.0 368.6 367.4
−2% 568.0 577.2 568.6 577.2 704.7 715.3 755.4 754.7 372.4 371.2
−1% 573.8 579.3 574.4 579.3 711.9 716.3 763.1 762.4 376.2 374.9
0% 579.6 582.7 580.2 582.7 719.1 722.4 770.8 770.1 380.0 378.7
1% 585.4 595.6 586.0 595.6 726.3 737.9 778.5 777.8 383.8 382.5
2% 591.1 589.3 591.8 589.3 733.5 734.2 786.3 785.5 387.6 386.3
3% 596.9 596.5 597.6 596.5 740.7 739.2 794.0 793.2 391.4 390.1
4% 602.7 616.3 603.4 616.3 747.9 760.7 801.7 800.9 395.2 393.9
5% 608.5 608.3 609.2 608.3 755.1 756.1 809.4 808.6 399.0 397.7
6% 614.3 621.9 615.0 621.9 762.3 769.0 817.1 816.3 402.8 401.5
7% 620.1 630.9 620.8 630.9 769.4 781.9 824.8 824.0 406.6 405.2
8% 625.9 641.7 626.6 641.7 776.6 789.9 832.5 831.7 410.4 409.0
9% 631.7 635.5 632.4 635.5 783.8 787.6 840.2 839.4 414.2 412.8

10% 637.5 642.8 638.2 642.8 791.0 798.7 847.9 847.1 418.0 416.6
Maximum
deviation 2.5% 2.4% 1.7% 0.1% 0.3%

Mean
deviation 1.0% 1.0% 0.8% 0.1% 0.3%

Table 3. Comparison of standard deviation values of stochastic variables between historical and
simulated conditions.

Uncertainty
Scenario

Cihaxia Inflow (m3/s) Banduo Inflow (m3/s) Yangqu Inflow (m3/s) PV Power Output
(MW)

Wind Power Output
(MW)

Historical Simulated Historical Simulated Historical Simulated Historical Simulated Historical Simulated

−10% 408.4 405.3 408.9 405.3 506.8 474.4 56.3 56.8 188.5 197.4
−9% 413.0 411.4 413.4 411.4 512.4 481.8 56.9 57.4 190.6 199.6
−8% 417.5 423.5 418.0 423.5 518.0 494.5 57.5 58.1 192.6 201.8
−7% 422.0 413.7 422.5 413.7 523.7 486.5 58.1 58.7 194.7 204.0
−6% 426.6 426.2 427.0 426.2 529.3 497.5 58.8 59.3 196.8 206.2
−5% 431.1 435.6 431.6 435.6 534.9 508.9 59.4 60.0 198.9 208.4
−4% 435.7 441.4 436.1 441.4 540.6 518.6 60.0 60.6 201.0 210.6
−3% 440.2 437.2 440.7 437.2 546.2 511.3 60.6 61.2 203.1 212.8
−2% 444.7 451.0 445.2 451.0 551.8 527.2 61.3 61.9 205.2 214.9
−1% 449.3 453.2 449.8 453.2 557.5 527.8 61.9 62.5 207.3 217.1
0% 453.8 457.3 454.3 457.3 563.1 533.9 62.5 63.1 209.4 219.3
1% 458.3 463.8 458.9 463.8 568.7 541.9 63.1 63.7 211.5 221.5
2% 462.9 460.2 463.4 460.2 574.3 540.1 63.8 64.4 213.6 223.7
3% 467.4 465.5 467.9 465.5 580.0 542.7 64.4 65.0 215.7 225.9
4% 472.0 480.5 472.5 480.5 585.6 560.5 65.0 65.6 217.8 228.1
5% 476.5 479.1 477.0 479.1 591.2 559.1 65.6 66.3 219.9 230.3
6% 481.0 485.8 481.6 485.8 596.9 566.8 66.3 66.9 222.0 232.5
7% 485.6 492.6 486.1 492.6 602.5 576.7 66.9 67.5 224.1 234.7
8% 490.1 507.1 490.7 507.1 608.1 586.5 67.5 68.2 226.2 236.9
9% 494.7 500.8 495.2 500.8 613.8 584.1 68.1 68.8 228.2 239.1

10% 499.2 501.4 499.7 501.4 619.4 587.1 68.8 69.4 230.3 241.3
Maximum
deviation 3.5% 3.3% 7.1% 1.0% 4.7%

Mean
deviation 1.1% 1.1% 5.2% 1.0% 4.7%

The variation ranges for the three resources were set as [−10%, 10%]. Therefore, by
randomly combining the simulated uncertain scenarios of these three variables, a total of
21 × 21 × 21 = 9261 uncertain scenarios were obtained and used to assess the robustness of
the HGS.

4.2. Long-Term Operation Results

To verify the effectiveness of the proposed long-term hydro–PV–wind complementary
operation model (Scheme I), two other operation models for the Upper Yellow River Clean
Energy Base were constructed for comparison: a long-term hydropower operation model
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(Scheme II) and a long-term operation model based on the standard operating policy
(SOP) (Scheme III). In Scheme II, the objectives of the optimization model were set as the
maximization of the hydropower generation and hydropower guaranteed rate, and the
system’s total output equals the summary of the optimized hydropower output and the
non-dispatchable PV/wind power output. The model’s constraints and solving method in
Scheme II are consistent with those for Scheme I. In Scheme III, the long-term operation of
the HGS is based on the SOP, with the operation decision made according to the available
energy in each operational period [35]. The technical and economic indicators based on the
operation results of the three schemes are exhibited in Figure 5.

Energies 2024, 17, x FOR PEER REVIEW 12 of 19 
 

 

series were input into the long-term optimization model rather than using the determin-
istic model input. This policy results in more robust operating rules, albeit at the loss of 
system energy production. These findings verify the effectiveness and reliability of the 
proposed long-term optimization model. 

The other evaluation indicators under Scheme are better than those under Scheme I. 
This reveals that Scheme II optimizes the storage and release rules falling down rules of 
the cascade hydropower stations, thus increasing the water head and maximize hydro-
power generation. In contrast, Scheme I focuses on the complementary regulation for PV 
and wind power to minimize the electricity curtailment rate. Hence, the hydropower gen-
eration indicator in Scheme I is slightly lower than those under Scheme II.  

 
Figure 5. Technical and economic evaluation indicators under different operation schemes in the 
historical baseline state. 

4.3. Robustness Assessment of the HGS 
The operating rules derived from the long-term operation models under Schemes I 

and II were simulated using the uncertain scenarios. Based on the simulation results, three 
robustness indicators were calculated. The results are shown in Figure 6.  

Figure 6 shows that all three robustness indicators indicate better robustness of the 
HGS under hydro–PV–wind complementary operation (Scheme I) compared to individ-
ual hydropower operation (Scheme II). Specifically, the regret-based indicator Rm and sat-
isfied-based indicator S1 show relatively similar values under the two operation schemes, 
while the S2 indicator under Scheme I is significantly higher than that under Scheme II.  

Rm and S1 indicators mainly characterize the robustness of the HGS considering the 
comprehensive technical and economic performance, whereas S2 emphasizes the robust-
ness of power supply reliability. The results highlight that the hydro-PV-wind comple-
mentary operating rules significantly enhance the power supply reliability of the HGS 
under uncertain resource scenarios. 

The robustness indicators were all calculated based on several technical and eco-
nomic indicators. To further reveal the reasons for the improved robustness of Scheme I, 
we now analyze the technical and economic performance of the HGS under uncertain 

Figure 5. Technical and economic evaluation indicators under different operation schemes in the
historical baseline state.

Figure 5 shows that all indicators under Schemes I and II are better than those under
Scheme III. Specifically, compared with Scheme III, the spilled water indicator decreases
by 7.9% under Scheme I, while the average annual hydropower generation increases by
6.3%, the average annual total energy production increases by 7%, the average annual PV
and wind power generation increases by 8.3%, the guaranteed rate increases by 32%, and
electricity curtailment decreases by 6.9%. In addition, the average annual hydropower
generation and total energy production of 162.37 × 108 kWh and 254.02 × 108 kWh, respec-
tively [31], are close to the results obtained in this study. The operation results obtained
in this study are slightly lower than those in the literature because the uncertainty time
series were input into the long-term optimization model rather than using the deterministic
model input. This policy results in more robust operating rules, albeit at the loss of system
energy production. These findings verify the effectiveness and reliability of the proposed
long-term optimization model.

The other evaluation indicators under Scheme are better than those under Scheme I.
This reveals that Scheme II optimizes the storage and release rules falling down rules of the
cascade hydropower stations, thus increasing the water head and maximize hydropower
generation. In contrast, Scheme I focuses on the complementary regulation for PV and
wind power to minimize the electricity curtailment rate. Hence, the hydropower generation
indicator in Scheme I is slightly lower than those under Scheme II.
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4.3. Robustness Assessment of the HGS

The operating rules derived from the long-term operation models under Schemes I
and II were simulated using the uncertain scenarios. Based on the simulation results, three
robustness indicators were calculated. The results are shown in Figure 6.
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Figure 6 shows that all three robustness indicators indicate better robustness of the
HGS under hydro–PV–wind complementary operation (Scheme I) compared to individual
hydropower operation (Scheme II). Specifically, the regret-based indicator Rm and satisfied-
based indicator S1 show relatively similar values under the two operation schemes, while
the S2 indicator under Scheme I is significantly higher than that under Scheme II.

Rm and S1 indicators mainly characterize the robustness of the HGS considering the
comprehensive technical and economic performance, whereas S2 emphasizes the robustness
of power supply reliability. The results highlight that the hydro-PV-wind complementary
operating rules significantly enhance the power supply reliability of the HGS under uncer-
tain resource scenarios.

The robustness indicators were all calculated based on several technical and economic
indicators. To further reveal the reasons for the improved robustness of Scheme I, we now
analyze the technical and economic performance of the HGS under uncertain scenarios.
The cumulative distributions of the technical and economic indicators under uncertain
scenarios are presented in Figure 7.

Figure 7b shows that, in terms of the average annual total energy production, the cumu-
lative probability distribution curves under both two schemes are close to overlapping; how-
ever, the probability of the system meeting the requirement (results under historical baseline
state) of Scheme I is 66.85%, higher than that under Scheme I (65.89%). This is because
the total energy production indicator covers a wide fluctuation range [233.2 × 108 kWh,
278.6 × 108 kWh] under the uncertain scenarios, and the range is larger than the energy
production deviation between different operation schemes (0.5–1.5 × 108 kWh). Therefore,
the two curves in Figure 7b seem to be close.

Figure 7a,d show that cumulative distribution of the hydropower generation indicator
and the spilled water indicator are stair-shaped. This is because both indicators are pri-
marily influenced by the uncertainty in inflow, and are less affected by variations in PV
and wind power. Therefore, under uncertain scenarios where the inflow series remains
constant, while PV and wind power output change, both indicators remain relatively stable.
In addition, the cumulative distribution curves under Scheme II exhibit strict stair-shaped
patterns, whereas the shapes under Scheme I are approximately stair-shaped. This is due
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to the operation decision of the HGS under the hydropower operating rule that was made
based on the reservoir water level and inflow stage and completely independent of the PV
and wind power state. However, the hydropower output of the HGS under the complemen-
tary operating rule needs to compensate for the PV and wind power output, subsequently
sacrificing partial hydropower generation production. Similar findings in the existing
literature [36] verify the effectiveness of the results in this study. Hence, the cumulative
distribution curves under Scheme I in Figure 7a,d are approximately stair-shaped.
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Figure 7c,e show that, in terms of the guaranteed rate, the probability of achieving the
requirement (under the historical baseline state) is 88.77% under Scheme I and 54.00% under
Scheme II. Scheme I performs significantly better. In terms of the electricity curtailment
rate, the probability of achieving the requirement is 100% under Scheme I and 11% under
Scheme II. The hydro–PV–wind complementary operating rules produce markedly better
performance.

In summary, the robustness of the HGS is more sensitive to the resource series than to
the operation schemes. This study has evaluated the robustness of the HGS under various
uncertain scenarios. To provide further guidance and advice on the capacity planning of the
HGS, it is necessary to identify the key factors that influence system robustness. Therefore,
the next subsection presents the results of a sensitivity analysis of the HGS.

4.4. Sensitivity Analysis of the HGS’s Robustness

Two sensitivity factors affecting the robustness of the HGS were analyzed under
uncertain resource scenarios. The resource uncertainty includes uncertainties associated
with inflow, PV, and wind power output factors. The capacity structure of the HGS
considers the total capacity factor and capacity ratio factor of the PV and wind power plants.

4.4.1. Inflow PV and Wind Power Series Factors

The procedural variables S1j and S2j can be used to evaluate the system’s robustness in
each uncertain scenario. As shown in Figure 8, S1j and S2j take values of (0, 1). A value of 0
indicates that the system cannot meet the robustness requirements under the j-th uncertain
scenario, while a value of 1 indicates that the robustness requirements are satisfied. The
robustness requirement of S1 is defined as the system’s hydropower generation, total
energy production, guaranteed rate, spilled water, and electricity curtailment rate all
exceeding those under the historical baseline state. The robustness requirement of S2 is
defined as the power generation guaranteed rate of the system exceeding 90% under the
uncertain scenarios.
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and inflow uncertainties; (b) S1j under wind power and inflow uncertainties; (c) S1j under PV and
wind power uncertainties; (d) S2j under PV and inflow uncertainties; (e) S2j under wind and inflow
uncertainties; (f) S2j under PV and wind power uncertainties.

Figure 8a reveals that when the runoff variation exceeds 2%, S1i always equals 1,
indicating that the robust requirement can always be met. Conversely, when the runoff
variation is less than −7%, S1i is always equal to 0, indicating the requirement cannot be
met. When under the range of [−7%, 2%], S1i may equal 0 or 1, depending on the changing
scenario of PV power. Hence, the changing range of [−7%, 2%] can be used to quantify
the sensitivity of the HGS’s robustness to the inflow uncertainty. In terms of the ordinate
of Figure 8a, the changing range of PV power significantly exceeds the [−10%, 10%]. A
smaller changing rage indicates stronger sensitivity. Therefore, HGS’s robustness is more
sensitive to inflow based on the satisfied-based indicator S1.

A similar analysis was extended to Figure 8b–f, and the results indicate that, when the
satisfied-based indicator S1 was applied to quantify the HGS’s robustness, the robustness
is most sensitive to inflow variation, followed by PV power variation and wind power
variation. In addition, when the satisfied-based indicator S2 was applied to quantify the
HGS’s robustness, the robustness is most sensitive to changes in the PV power output,
followed by inflow variation and wind power variation.

4.4.2. Total Capacity and Capacity Ratio Factors

The robustness indicators for the HGS under variations in the installed capacity and
capacity ratio of PV and wind power are exhibited in Figures 9 and 10, respectively.

Figure 9 illustrates that, as the installed capacity of PV and wind power plants increase,
the regret-based RM continuously increases (smaller values indicate better robustness),
while S1 and S2 decrease (larger values indicate greater robustness). These findings reveal
that the HGS’s robustness weakens as the PV and wind power capacity increase.

Figure 10 shows that, when the PV capacity ratio (counting the total capacity of PV and
wind power) is less than 30%, all robustness indicators reveal that the HGS can maintain
stable robustness. When the PV capacity ratio is greater than 30% but less than 85%, the
satisfied-based S2 indicates a significant decrease in the performance and in the power
supply reliability of the HGS. When the PV capacity ratio exceeds 85%, all indicators point
to a decline in the comprehensive robustness performance of the HGS.
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The variance-based sensitivity indicators of HGS robustness, corresponding to the
installed capacity and capacity ratio of PV and wind power, are summarized in Table 4. The
findings reveal that the HGS’s robustness is more sensitive to the total installed capacity
than the capacity ratio of PV and wind power.

Table 4. Variance-based sensitivity indicators of the HGS’s robustness.

Sensitive Factors Rm S1 S2

Installed capacity factor 0.0672 0.1727 0.1512
Capacity ratio factor 0.0025 0.0295 0.1341

5. Conclusions and Prospects

To evaluate the robustness of HGSs under inflow, PV, and wind power uncertainties, a
multivariate stochastic simulation method was developed to generate a large set of uncer-
tain scenarios. Subsequently, a long-term optimization model for an HGS was constructed
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and solved based on SDP, allowing us to derive operating rules under the historical base-
line state. The generated operating rules were then simulated under uncertain scenarios
concerning runoff, PV, and wind power. Finally, the operation results were used to evaluate
the robustness of the HGS and identify its most sensitive factors. The main conclusions
from this study are as follows:

(1) Long-term hydro-PV-wind complementary operation can significantly enhance the
technical and economic performance in the historical state and the system’s robustness
under uncertain resource scenarios, albeit by sacrificing hydropower generation
performance.

(2) When the robustness of the HGS is considered in terms of the comprehensive com-
plementary performance, there is higher sensitivity to changes in inflow, followed by
variations in PV and wind power. However, when the power supply reliability is the
primary focus, the HGS is most sensitive to changes in PV power.

(3) The HGS’s robustness weakens as the total capacity of PV and wind power plants
increases. Moreover, the robustness is initially unchanged before becoming weaker
as the PV capacity ratio increases. Notably, the robustness of the HGS demonstrates
higher sensitivity to changes in the total capacity than to changes in the capacity ratio.

In the present study, the mean changes in stochastic variables were assumed to cover
a specific range. However, future climate change may alter the variability (e.g., variance
and extreme values) of these stochastic variables. Therefore, accurate characterization of
multiple uncertain inputs to the energy system under climatic changes should be considered
in the planning, management, and evaluation of energy systems. Although GCM data
can be used to project future hydrometeorological variables, they can only provide a small
number of uncertainty scenarios and are hardly able to support the robustness evaluation.
Hence, the multivariate stochastic simulation method will be combined with GCM data in
future work. In addition, the proposed robustness evaluation framework will be extended
to other energy bases.
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