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• Best VRE resources in China were found in Inner-Mongolia and North China.• Optimal VRE portfolios in China capture geographical smoothing.• 1.4–5.5% of portfolio capacity can be available 100% of the time.

• Wind and solar complement each other in reducing volatility.• Portfolios with pre-defined technology shares might be sub-optimal.
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A B S T R A C T

The large-scale deployment of wind and solar, which are variable renewable electricity (VRE) technologies, is
indispensable to decarbonise China’s power sector. However, variability in VRE outputs poses challenges in
power system operation in terms of increased demand for backup and reserve capacity. These challenges can be
effectively mitigated by “geographical smoothing”, because spreading VRE deployment over a large area largely
reduces the variability associated with the collective output of VRE. Based on meteorological reanalysis data,
this study characterised the return and volatility (i.e. mean and standard deviation of hourly capacity factor) per
VRE asset in China at a high-resolution grid cell level. This enabled to identify the efficient frontier of optimal
VRE portfolios that capture the geographical smoothing effect for China’s future power system, using modern
portfolio theory. The portfolio volatility is minimized for each attainable return. We analysed key statistics of
optimal portfolios, including technology shares, levelized cost of electricity and capacity factor at-risk values.
Our results show complementarity between wind and solar in China, reflected in more optimal return-volatility
performance of wind & solar portfolios, as compared to wind-only and solar-only portfolios. In addition, our
results show that portfolios with unconstrained technology shares perform much better in return-volatility
performance than portfolios with constrained technology shares. This suggests existing scenarios in literature
with pre-defined shares of different VRE technologies might be sub-optimal. This study also shows that for
optimal wind & solar portfolios a “firm” non-zero minimum portfolio capacity factor (1.4–5.5%) can exist with
100% availability.

1. Introduction

1.1. Background

Deep decarbonization of the power sector is essential for reaching
the Paris Agreement target to limit the global mean temperature in-
crease to 1.5–2.0 °C (IPCC, 2014; UNFCCC, 2015). Along with other
zero- or low-carbon electricity generation technologies (e.g. hydro,
biomass, nuclear, carbon capture and storage), the large-scale

deployment of variable renewable electricity (VRE) technologies such
as wind and solar photovoltaics (PV) is vital in our bid to decarbonize
the power sector [1,2]. The past decade has witnessed fast and robust
development in VRE: globally, the total installed capacity of wind and
solar PV combined has increased from 102 GW to 941 GW between
2007 and 2017 [3]. Considering the substantial cost reduction resulting
from technological learning and economies of scale [4], post-Fu-
kushima safety concerns about nuclear [5] and the lack of commercial
track records associated with carbon capture and storage [6], it is
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reasonable to foresee that VRE will play a dominant role in the power
system of the future.

Wind and solar PV are considered VRE technologies as their

production depends on stochastic fluxes of meteorological resources.
Integrating VRE into the power system poses challenges in grid op-
eration and results in “integration costs” [7]. Both the variability and

Nomenclature

A wind turbine sweeping area (m2)
a capital recovery factor
Alb surface albedo
APV PV panel area (m2/kW)
AST apparent solar time (hour)
BRL Boland–Ridley–Lauret
C total installed capacity (GW)
CF hourly capacity factor
CF0 hourly capacity factor at sea level
CF100% CF-at-risk at 100% availability of time
CF90% CF-at-risk at 90% availability of time
CFh hourly capacity factor at elevation
CFh,t hourly capacity factor at elevation for specific time t
CF̄j average capacity factor for technology j
CFk,t hourly capacity factor of VRE asset k for specific time t
CFp,t portfolio hourly capacity factor for specific time t
Cj total installed capacity of technology j
cov covariance matrix
covk,m covariance between asset k and m
Cp power coefficient of wind turbine
D wind turbine rotor diameter (m)
d displacement height (m)
df hourly diffuse fraction
DS day-light saving time (hour)
ET equation of time (hour)
h elevation (km)
hhub wind turbine hub height (m)
H hour angle (°)
H0 hourly extraterrestrial horizontal irradiance (W/m2)
H0,t hourly extraterrestrial horizontal irradiance for specific

time t (W/m2)
Idif,h diffuse component of hourly global horizontal irradiance

(W/m2)
Idif,p diffuse component of hourly total received irradiance on

PV panel (W/m2)
Idir,p direct component of hourly total received irradiance on

PV panel (W/m2)
Idir,h direct component of hourly global horizontal irradiance

(W/m2)
Ih hourly global horizontal irradiance (W/m2)
Ih,t hourly global horizontal irradiance for specific time t (W/

m2)
Ij capital costs for technology j (USD2015/kW)
Ip hourly total received irradiance on PV panel (W/m2)
IPAC integrated policy assessment model
Ir,p reflection component of hourly total received irradiance

on PV panel (W/m2)
ISTC solar irradiance under standard test conditions (1000W/

m2)
kt hourly clearness index for specific time t
Kt daily clearness index for specific time t
L local latitude (°)
LCOE levelized cost of electricity (USD2015/MWh)
LCOEj,i LCOE for technology j in grid cell i (USD2015/MWh)
LCOEk LCOE for VRE asset k (USD2015/MWh)
LCOEp portfolio LCOE (USD2015/MWh)
LL local longitude (°)
LST local standard time (hour)

m eastward component of wind speed (m/s)
maxCF100% portfolio with maximum CF100%
maxCF90% portfolio with maximum CF90%
maxret maximum return portfolio
minCV portfolio with minimum coefficient of variation
minvol minimum volatility portfolio
MPT modern portfolio theory
n northward component of wind speed (m/s)
N day number of the year
O&M annual fixed operating and maintenance costs (USD2015/

kW)
O&Mj annual fixed O&M costs for technology j (USD2015/kW)
Pj total potentials for technology j (MW)
Pj,i potentials for technology j in grid cell i (MW)
Pk potentials for VRE asset k (MW)
PR PV performance ratio
Prated wind turbine rated power output (MW)
PV photovoltaics
r discount rate
SFi capital costs scaling factor for grid cell i
SL standard longitude (°)
SrPV unit spacing area for rooftop PV (km2/MW)
tsunrise sunrise time (hour)
tsunset sunset time (hour)
v wind speed (m/s)
v0 wind speed at sea level (m/s)
vh wind speed at elevation (m/s)
vin wind turbine cut-in speed (m/s)
voff wind turbine cut-off speed (m/s)
vrated

0 wind turbine rated wind speed at sea level (m/s)
vrated

h wind turbine rated wind speed at elevation (m/s)
VRE variable renewable electricity
vref wind speed at reference height (m/s)
z height (m)
z0 surface roughness length (m)
Zp panel azimuth angle (°)
zref reference height (m)
Zs solar azimuth angle (°)
Zs,ref reference solar azimuth angle (°)
α solar altitude angle (°)
αref reference solar altitude angle (°)
β panel tilt angle (°)

wind turbine power coefficient correction parameter
δ declination angle (°)
θ incidence angle (°)
μ mean of hourly capacity factor
μj,i mean capacity factor for technology j in grid cell i
μk mean capacity factor for VRE asset k
μp portfolio return
μT transpose vector of mean capacity factor
ρ air density (kg/m3)
ρ0 reference air density at sea level (1.225 kg/m3)
ρh air density at elevation (kg/m3)
σ standard deviation of hourly capacity factor
σp portfolio volatility
φ persistence index
ω vector of contributing weight
ωj portfolio share of technology j
ωk contributing weight of VRE asset k in portfolio
ωT transpose vector of contributing weight
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uncertainty of VRE outputs necessitates additional backup capacity,
reserve capacity and storage to ensure generation adequacy [8], to
follow output ramps [9]and to balance forecast errors [10].

An effective way to mitigate these impacts and reduce integration
costs is to disperse the deployment of VRE over a large area with di-
verse weather patterns [11]. Decreased correlation in weather patterns
across greater distances creates the geographical smoothing effect that
largely reduces the variability and uncertainty associated with the
output of individual VRE generators [12–15]. This effect can also be
strengthened by complementarity between various VRE technology
types [12]. Consequently, with geographical smoothing, VRE collec-
tively shows higher firm capacity,1 a smaller spread of output ramps
and lower forecast errors [16,17].

The geographical smoothing effect can be captured by modern
portfolio theory (MPT). MPT is a financial theory which helps to guide
investment decision-making subject to the trade-off between (expected)
return and risk (which is usually represented by the volatility of return)
in the market [18]. It is used to obtain the efficient frontier of portfolios
of individual financial assets. Because of perfect diversification, any
portfolio at the efficient frontier is optimal in the sense that at a given
return, risk is minimized, while at a given risk, return is maximized.
Fig. 1 illustrates the efficient frontier of 4 assets (bills, bonds, gold and
stocks), where each point on the frontier represents an optimal port-
folio.

1.2. Literature review

Various authors have adopted MPT to identify the geographically
optimal portfolios that spread the VRE capacity of one or more tech-
nology types across different locations, to capture the geographical
smoothing effect. In this context, a certain type of VRE technology at a
specific location becomes an individual VRE asset. Return is then
usually represented as the (physical) power output of VRE whereas risk
can either be output volatility (e.g. [19–23]), or output ramp rate vo-
latility (e.g. [4,24–26]).

When risk is treated as output volatility, i.e. the standard deviation
of output across time, optimal portfolios are the minimum volatility
portfolio for each possible output level. This is particularly relevant for
generation adequacy, which aims to increase VRE’s firm capacity and
reduce backup capacity. For instance, Shahriari and Blumsack [23]
determine the capacity value (defined as the output available for a pre-
specified percentage of time) for optimal wind and solar portfolios,
based on the output duration curve. Degeilh and Singh [21] also cal-
culate the loss of load probability associated with optimal wind port-
folios during peak load time. Both papers demonstrate that MPT helps
to increase the firm capacity of VRE. When risk is treated as output
ramp rate volatility, i.e. the standard deviation of output ramp rate, it
enables us to identify optimal portfolios that can reduce the spread and
extreme values of VRE ramp events [27]. Hence, MPT is useful for
saving reserve capacity from the perspective of system reliability. Al-
ternatively, Speth [28] and Lima et al. [29] also use MPT to increase the
predictability of VRE. In their studies, return and risk are respectively
framed as average forecast errors and the standard deviation of forecast
errors across time.

The representation of VRE assets in MPT literature is either based on
pre-selected sites (of existing and planned power plants) or on a uni-
form grid cell. Many studies adopt the former representation, and they
often rely on site-specific output measurement data or pre-developed
simulation data from literature. By contrast, Thomaidis et al. [30];
Tejeda et al. [22]; Koivisto et al. [19] use meteorological data to si-
mulate VRE outputs at uniform grid cell level. This representation is

more advantageous, as it enables the portfolio to include VRE assets in
all sites, especially in sites without measurement data.

Due to data limitation and modelling complexity, most studies do
not explicitly consider transmission constraints through a copperplate
assumption. Among few analyses factoring into transmission con-
straints, the treatment of transmission constraints varies. Roques et al.
[26] formulate cross-border transmission capacity as an additional
constraint condition for net imports in the MPT optimization, while
Rombauts et al. [31] add transmission capacity in the optimization
objective function by introducing variables of post-transmission power
flows. Alternatively, Novacheck and Johnson [27] use portfolios ob-
tained from MPT optimization as inputs in a power system model to
investigate the impact of transmission constraints. They conclude that
even if transmission constraints are not represented in the MPT opti-
mization, MPT-based portfolios alleviate transmission congestion due
to diversification.

A thorough overview of recent MPT literature is presented in
Table 1. It assesses different studies according to their return-risk fra-
mework, temporal and spatial resolution, geographical scope, inclusion
of technology, representation of VRE assets, and treatment of trans-
mission constraints.

1.3. Knowledge gap and research objective

While MPT-based studies have been performed for a limited number
of regions in the world (e.g. England [20]; Southern Iberian Peninsula
[30]; Germany [28]; Spain [32]; Northern Europe [19]; the combined
area of Austria, Denmark, France, Germany and Spain [26]; European
Union [22]; Eastern Interconnection of United States [23]), to the au-
thors’ best knowledge no such study is yet available for China. China
has the largest cumulative installed VRE capacity [3]. With support
from the Chinese government, the momentum of rapid VRE develop-
ment is likely to continue [33]. However, even today China has already
faced severe curtailment problem of VRE generation due to insufficient
capability to manage VRE volatility [34]. Therefore, fully exploiting the
geographical smoothing effect is essential and pertinent to plan optimal
VRE development in China’s low-carbon transition. To fill the knowl-
edge gap of the absence of MPT-based study for China, this research
aims to explore optimal VRE portfolios that capture the geographical
smoothing effect in China’s long-term future power system. It also aims

Fig. 1. Illustration of efficient frontier of 4 assets.
Source: Authors' elaboration.

1 Firm capacity can be defined as the fraction of VRE’s nameplate capacity
that can replace conventional power plants without changing the system re-
liability.
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to generate in-depth insights of optimal portfolios’ properties through
analysis of key portfolio statistics (e.g. levelized cost of electricity,
value-at-risk of capacity factor), which can be used to support the de-
cision-making in power system investment and operation. The year
2050 is indicatively selected as the target year, since it is often used to
set long-term energy/climate targets in many scenario-based studies
(e.g. [35,36]). In this paper geographical smoothing is defined as the
minimum output volatility for each possible output level. The novelty
of this study is that we explicitly consider four types of VRE (onshore
wind, offshore wind, utility-PV and rooftop PV) and use high-resolution
(0.5° * 0.667°) meteorological reanalysis data2 that covers all locations
in China to simulate VRE outputs at a uniform grid cell level. This adds
to previous studies that (1) tend to focus on only one VRE technology
type [20,22,26–28], (2) build up portfolios based on pre-selected VRE
sites [20,23,26,27], and (3) use low-resolution data to aggregate VRE
outputs [22,26]. The entire China region3 (including neighboring areas
and exclusive economic zone) is divided into 7938 grid cells with a
spatial resolution of 0.5° * 0.667° to match the reanalysis data. Con-
structing optimal portfolios comprising multiple VRE technology types
based on high-resolution meteorological reanalysis data has never been
done by previous MPT-based studies for a region at such a large geo-
graphical scale and across so many climate zones. Therefore, this study
expands the application of MPT. It also enables a comprehensive un-
derstanding of geographical smoothing by encompassing all locations
suitable to develop VRE and by accounting for the complementarity
between different VRE technologies, which adds value to scientific lit-
erature. The contribution of this paper is threefold. Firstly, it informs
policy-makers and academic peers about the performance and poten-
tials of each VRE technology type in China at a high-resolution grid cell
level. Secondly, optimal portfolios determined in this study can help
policy-makers to plan VRE development and grid expansion in a more
system-optimized manner and bring about multiple economic benefits.
Lastly, the detailed methodology presented in this paper is re-
producible, and can be easily applied to other regions with high VRE
potentials, such as India and Africa.

In Section 2 we describe the method used for data processing and
post-processing. The results are presented in Section 3. In Section 4 we
discuss the limitations and uncertainties of this study, while conclusions
are drawn in Section 5.

2. Methods

In this chapter we present the methods applied to carry out the main
tasks, five related to the data processing phase (Sections 2.1–2.5) and
four related to the post-processing phase (Sections 2.6–2.9). A brief
overview of the research design for this paper is presented in Fig. 2. All
tasks were performed using RStudio and ArcGIS.

Section 2.1 explains the method for estimating geographical po-
tentials in terms of the maximum capacity (in MW) that can be in-
stalled, accounting for different geographical constraints and social
acceptance. Section 2.2 describes how to characterize the time series of
hourly power output per unit rated power for each VRE asset, referred
to as the hourly capacity factor (CF). In Section 2.3 we lay out the
method used to determine the average CF weighted by geographical
potentials per grid cell in China, per technology. This task combines the
results of the previous two tasks. Section 2.4 provides the method used
to calculate the levelized cost of electricity (LCOE) per VRE asset, built
upon the mean of hourly CF introduced in Section 2.2. Section 2.5
describes applying MPT optimization to determine the efficient frontier

of optimal portfolios for various 2050 scenarios.
The four post-processing tasks were carried out to analyse key sta-

tistics and performance indicators for selected portfolios positioned on
the efficient frontier. This enables comparison and explanation. In
Section 2.6 we present the method used to characterize the contributing
weights per VRE asset for these portfolios. Sections 2.7 and 2.8 provide
the methods used to calculate the portfolio share per VRE technology
and the portfolio LCOE. Finally, in Section 2.9, we describe the pro-
cedure for how to generate the portfolio CF duration curve and how to
determine its Value-at-Risk.

2.1. Data processing task 1: Estimate geographical potentials

The approach we followed to determine the geographical potentials
for each VRE asset (defined as a certain VRE technology in a certain
grid cell) and the total potentials per VRE technology are described
respectively in Sections 2.1.1 and 2.1.2.

2.1.1. Geographical potentials per VRE asset
Estimating the geographical potentials for each VRE asset was based

on a three-step procedure (see Fig. 3).
Firstly, based on the territory area of China (which is divided into

7938 grid cells with resolution of 0.5° * 0.667°), we calculated the
available area (in km2) per grid cell after considering multiple geo-
graphical constraints (see Table 2). Following Herran et al. [38], we
introduced an additional social acceptance constraint specifically for
onshore wind and utility-PV. It is defined as a threshold distance from
the dense urban area (urban areas> 50%) to restrict visibility impacts
that can result in social unacceptance, which we set conservatively at
10 km. Secondly, by using suitability factors for different land cover
categories, we further narrowed down the area suitable for deployment
of VRE technologies per grid cell (being the multiplication product of
the available area and suitability factors). The land cover suitability
factors are shown in Table 3. Lastly, based on the unit spacing area per
VRE technology, we estimated the maximum capacity that can be in-
stalled in each grid cell as geographical potentials. Depending on the
turbine rotor diameter (D), the unit spacing area for both onshore and
offshore wind can be narrow (5.25D * 5.25D), intermediate (7D * 7D) and
wide (10.5D * 10.5D) [39]. We opted to use the intermediate spacing, as
it has a relatively low spacing density without incurring large wake
losses [25]. The installed turbines were based on three onshore modules
(Vestas-112, −117 and −126) with rated capacity of 3.3MW and one
offshore module (Vestas-164) with rated capacity of 8MW (see Table 4
for details).

Both installed utility-PV and rooftop PV were based on the Sanyo
HIP-225HDE1 module with a rated capacity of 0.225kWp for a total
area of 1.39m2. As rule-of-thumb, the unit spacing area for utility-PV
was set at 1 ha/MW (or 0.01 km2/MW) [59]. For rooftop PV, based on
flat roof assumption4 we calculated the required unit array spacing that
avoids self-shading. Following Copper et al. [60], the hour with the
third lowest solar altitude angle on the winter solstice, being the worst-
case scenario, was established as the reference condition to calculate
the unit spacing area (SrPV) for each grid cell. The calculation was
performed with formula (1).

= + Z ZS A (cos( ) sin( )
tan( )

cos( ))
ref

s ref prPV PV ,
(1)

where APV is the PV panel area; and Zpare panel tilt angle and azi-
muth angle; ref and Zs ref, are solar altitude angle and azimuth angle
under the reference condition.2 Reanalysis data is weather data simulated by an atmospheric circulation

model, which is used to assimilate historical weather observations for hind-
casting purpose [37].
3 The Taiwan area is excluded in this study due to the absence of inter-

connection with mainland China.

4 Because of the dominance of flat roof residential buildings in China, espe-
cially in cities.
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2.1.2. Total potentials per VRE technology
We determined the total potentials per VRE technology through

summing the maximum capacity that can be installed in each grid cell:

= =P P j onshore wind offshore wind utility PV

rooftop PV

, , , _ ,j
i

n

j i,

(2)

where Pj is the total potentials for technology j and Pj i, is the

geographical potentials for technology j in grid cell i.
Three cases for onshore wind were explicitly considered to reflect

the impact of including/excluding the social acceptance constraint
(10 km distance from urban area) and the use of different sets of suit-
ability factors, i.e. (1) High potentials (excluding social acceptance
constraint+ high suitability factors); (2) Medium potentials (including
social acceptance constraint+ high suitability factors); (3) Low po-
tentials (including social acceptance constraint+ low suitability

Fig. 2. Overview of research design. Source: Authors' elaboration.
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factors). Similarly, we also considered three cases (high, medium and
low potentials) for offshore wind based on high, medium and low
suitability factors.

2.2. Data processing task 2: Time series, mean and standard deviation per
VRE asset

We used historical hourly meteorological reanalysis data during
2000–2015 from NASA’s Modern Era Retrospective-Analysis for
Research and Applications (MERRA) database (NASA, 2019) to de-
termine the hourly CF time series, including its mean and standard
deviation. We extracted hourly wind speed and solar irradiance data for
each grid cell from the MERRA database. Sections 2.2.1 and 2.2.2 re-
spectively describes how they were converted into the CF time series for
wind and PV.

2.2.1. Wind
Following a three-step approach (see Fig. 4), we determined the CF

time series for both onshore wind and offshore wind.

• Step 1. Determine wind speed at turbine height

Based on their eastward (m) and northward components (n), we
calculated the hourly wind speed (v) at 2m and 10m above displace-
ment height (d) and at 50m above ground:

= +v m n2 2 (3)

Using logarithmic law, wind speed at any height z (vz) can be ex-
trapolated from the surface roughness length z0 and a known wind
speed at reference height zref above ground (vref ) [61].

=v v
ln( )

ln( )
z ref

z d
z

z d
z

ref
0

0 (4)

z0 was determined through a linear regression using the 16-year
time series of wind speed at 2m and 10m above displacement height
( +v d2 and +v d10 ) for each grid cell:

=+ + + +v ln v ln lnz v v10 2 ( )d d d d2 10 0 10 2 (5)

We then calculated the 16-year-average wind speed at 100m above

displacement height ( +v ¯ d100 ) using formula (4). The International
Electrotechnical Commission (IEC)’s 61400-12-1 international stan-
dards [54] classify wind turbines based on the local average wind speed
at turbine hub height. In absence of manufacturer specifications of hub
height, we used +v ¯ d100 as the basis to pre-select the turbine class most
suitable to the local wind conditions per grid cell. Following Zappa and
Van den Broek [62], we adopted three representative onshore turbine
modules and one offshore turbine module from the Danish manu-
facturer Vestas. Table 4 presents the four Vestas modules in relation to
the IEC’s classification and their key technical parameters. Note that the
hub height (hhub) was estimated based on its empirical relationship with
rotor diameter (D) [63]:

=h D2.7936hub
0.7663 (6)

• Step 2. Determine hourly CF at sea level

After the selection of most suitable turbine module for each grid
cell, the time series of hourly wind speed at hub height were calculated.
This enabled us to determine the time series of hourly CF using the
power curves of the four individual turbine modules specified by the
manufacturer5. Fig. 5 presents these power curves. Because the power
curves are tested at sea level with a reference air density
( = 1.225kg/m0

3), the determined CF only reflects the hourly power
output per unit rated power at sea level [42]. They must be corrected
for the average elevation of suitable area (h) in each grid cell to take
reduced air density into account.

• Step 3. Determine hourly CF at elevation level and its mean and
standard deviation

Following Eurek et al. [42], we developed an approach to obtain the
hourly CF time series, adjusted for elevation. For any elevation level h,
a new power curve of a specific turbine module can be constructed from
its original power curve at sea level. This was achieved through

Fig. 3. Procedure to estimate geographical potentials per VRE asset.
Source: Authors' elaboration.

5 Note that we do not explicitly consider the “memory effect” of wind speed
propagation within a wind farm and the wind farm wake effect. The former can
smooth the aggregated power curve of multiple turbines [27]. The latter causes
power losses and thus affects the aggregated power curve as well [64].
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Table 4
Vestas turbine modules and their key technical parameters.
Sources: IEC [54]; Wind-turbine-models.com [55–58].

IEC’s wind turbine
classification according to
average wind speed

Usage Representative
commercial turbine
module

Rated
capacity
(MW)

Rotor
diameter (m)

Specific
power (W/
m2)

Cut-in
speed (m/
s)

Rated
speed (m/
s)

Cut-off
speed (m/
s)

Estimated hub
height (m)

Class I: 10m/s Onshore Vestas 105–3.3 3.3 105 381.8 3 13 25 99
Class II: 8.5m/s Onshore Vestas 117–3.3 3.3 117 306.9 3 13 25 107
Class III: 7.5 m/s Onshore Vestas 126–3.3 3.3 126 264.7 3 12 22.5 114
Class S: User defined Offshore Vestas 164–8.0 8 164 378.7 4 13 25 139

Hourly east (m) and north 
(n) components of wind 
speeds at 2m, 10m above 
displacement height (d) 
and at 50m above ground

Hourly wind speeds (v) 
at 2m, 10m above 
displacement height (d) 
and at 50m above 
ground

Surface roughness length 

Average wind 
speeds at 100m 

above displacement 
height

Rotor diameters and power 
curves of 3 onshore Vistas

turbine modules and 1 
offshore Vestas turbine 

module

Most suitable turbine 
module per grid cell

Hourly wind speed at hub 
height per grid cell

Hourly CF at sea level (CF0) 
per grid cell Average elevation (h) of 

suitable area per grid cell

Time series of hourly CF 
adjusted to elevation (CF

h
) 

per grid cell 

Mean and standard 
deviation of hourly CF

h
per 

grid cell

Step2: determine hourly CF at sea 
level

Step 1: determine wind speed at turbine height

Step3: determine hourly CF at 
elevation level and its mean and 
standard deviation

Fig. 4. Method to determine the hourly CF time series for onshore and offshore wind. Source: Authors' elaboration.
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dividing the new power curve into five intervals, using the cut-in speed
(vin), the rated wind speed at sea level (vrated

0 ), the rated wind speed at
elevation level (vh

rated) and the cut-off speed (voff ). vin, vrated
0 and voff are all

specified in the original power curve, while vh
rated can be estimated from

vrated
0 .
At a wind speed between vin and vrated

0 , the instantaneous CF for a
turbine with sweeping area (A) and rated power (Prated) at a given air
density ( ) and power coefficient6 (Cp) is

=CF C Av P1
2

/
p

rated
3

(7)

In this case, CF is proportionated to , ceteris paribus. Assuming
negligible impacts of temperature and pressure, air density at a specific
h ( h) can be estimated based on a simple linear relationship [42]:

= h1.225 1.194 10 ,h
4 (8)

or

= h1 0.975 10h

0

4

(9)

According to Eurek et al. [42], for the same turbine module, the
equivalent wind speed (vh) at elevation h that results in the same CF
from a wind speed at sea level (v0) can be calculated via

=v v( )h
h

0

1/
0

(10)

Here is used to correct for the non-constant Cp at different wind
speeds. IfCp is assumed to be constant, is 3. Without the assumption of
constantCp, parameter approximates 1.5 in case that the wind speed is
above 12m/s [42,68]. As vrated

0 for all four turbine modules are above
12m/s, we estimated vh

rated via the following formula:

=v v( )h h
rated

0

2/3
rated
0

(11)

Consequently, we determined CF at elevation h (CFh) from CF at sea
level (CF0), based on the five intervals divided from the new power
curve. If the wind speed (v) is below vcut in, CFh is 0; if v is between vin
and vrated

0 ,CFhis the product ofCFh and the ratio h
0
; if v is above vrated

h but

below voff , CFhis 1; if v is between vrated
0 andvrated

h , CFh is linearly inter-
polated; if v is above voff , CFh is 0. This creates a stepwise function:

=

= <
=

+ < <

<

CF v v
CF CF h v v v

h v v v v v

if v v v
if v v

CF

0, if
(1 0.975 10 ), if

1 0.975 10 ( ), if

1,
0,

h

h in

in rated

h
v v rated rated rated

h

rated
h

off

off

0 0
4 0

4 0.975 10 0 0

h

rated
h

rated

0
4

0

(12)

For illustration purpose, the power curves for a class III turbine
module at sea level and adjusted to elevation at 2000m are presented in
Fig. 6.

The mean (µ) and standard deviation ( ) of the 16-year (140256-
hour) time series of hourlyCFh corrected for elevation were determined
for each grid cell via:

= =µ
CF

140256
t h t1
140256

,

(13)

= = CF µ( )
140256

t h t1
140256

,
2

(14)

2.2.2. Solar PV
Fig. 7 shows a four-step approach to determine the hour CF time

series for both utility-PV and rooftop PV.

• Step 1: Calculate apparent solar time (AST) and solar angles

AST and solar angles depend on local geographical coordinates
(longitude and latitude) of each grid cell and the local standard time
(LST). The LST is set as the middle point of each hour in the time series.
For China, AST was calculated via

= + +AST LST ET SL LL DS hour4( ) [ ] (15)

=ET sin B cos B sin B min9.87 (2 ) 7.53 ( ) 1.5 ( )[ ] (16)

=B N( 81)360
364 (17)

where ET is equation of time; SL is standard longitude; LL is local
longitude; DS is day-light saving time (which is zero for China); N is the
day number of the year [69].

Although SL is normally the standard meridian (every multiple of
15°) for dividing standard time zones, China only has one official na-
tional standard time (China Standard Time) based on SL at 120°.

Solar altitude angle ( ) and azimuth angle (Zs) were calculated
through

= +sin sin L sin cos L cos cos H( ) ( ) ( ) ( ) ( ) ( ) (18)

= arcsin ( ) (19)

Fig. 5. Power curves for four Vestas turbine modules.
Source: Wind-turbine-models.com [55–58].

6 The power coefficient is the ratio of the power captured by the turbine rotor
divided by the total power available in the wind [65]. It is a function of wind
speed and capped by the Betz’s limit at 0.593 [66,67].
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= +sin N23.45 ( 360(284 )
365

) (20)

=H AST( 12)15 (21)

=cos Z L L H( ) cos( )(cos( )tan( ) sin( )cos( ))
cos( )s (22)

=
<

>
Z

arccos Z ifH
arccos Z ifH

( ), 0
360 ( ), 0s

s

s (23)

where L is local latitude; δ is declination angle; H is hour angle (Muneer
et al., 2004; [69]).

• Step 2: Estimate the diffuse and direct fractions of global hor-
izontal irradiance

To determine the diffuse and direct components of hourly global
horizontal irradiance, we used Boland–Ridley–Lauret (BRL) model to

Fig. 6. Power curves of Class III wind turbine at sea level and corrected for
elevation.
Source: Authors' elaboration.

Fig. 7. Method to determine the hourly CF time series for utility-PV and rooftop PV.
Source: Authors' elaboration.
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estimate the hourly diffuse fraction (df). The BRL model is multi-vari-
able logistic model based on hourly global horizontal irradiance (Ih)
and extraterrestrial horizontal irradiance (H0)7 [70]:

=
+ + + + +

df
exp k AST K

1
1 ( 5.38 6.63 0.006 0.007 1.75 1.31 )t t

(24)

=k
I
Ht

h t

t

,

0, (25)

= =

=

K
I
H

t
t h t

t t

0
23

,

0
23

0, (26)

=
+ < <

=
=

+

+

k k if t t t
k if t t
k if t t

( ),
,
,

t t sunrise sunset

t sunrise

t sunset

1
2 1 1

1

1 (27)

where kt , Kt and are respectively hourly clearness index, daily
clearness index and persistence index.

The hourly diffuse (Idif h, ) and direct (Idir h, ) components of Ih are:

=I dfIdif h h, (28)

=I df I(1 )dif h h, (29)

• Step 3: Determine optimal panel angles and maximum received
irradiance on the PV panel

The hourly total received irradiance on the PV panel (Ip) consists of
direct (Idir p, ), diffuse (Idif p, ) and reflection (Ir p, ) components:

= + +I I I Ip dir p dif p r p, , , (30)

Depending on the panel tilt angle ( ) and azimuth angle (Zp), the
three irradiance components can be determined via:

=I
I

cos
cos( )

(90 )dir p
dir h

,
,

(31)

= +cos sin cos cos sin cos Z Z( ) ( ) ( ) ( ) ( ) ( )p s (32)

= +I cos I1
2dif p dif h, , (33)

= +I cos I I Alb1
2

( )r p dir h dif h, , , (34)

where θ is incidence angle; Alb is surface albedo [71].
Based on Idif h, and Idir h, , we determined the optimal panel tilt angle

( ) and azimuth angle (Zp) to maximize the annual total irradiance
received on the PV panel. The same optimal angles apply for both
utility-PV and rooftop PV, since we assumed utility-PV and rooftop PV
are mounted on a surface close to flat (ground with slope below 4° or
flat roof). The optimization was performed on an annual basis for each
grid cell. In the optimization process we filtered out irradiances asso-
ciated with α smaller than 0.1°, because very small α can drastically
inflate the total received irradiance. The final angles adopted were
calculated from the 16-year average value of the optimized angles,
based on which we obtain the time series of hourly irradiance received
on the PV panel.

• Step 4. Determine hourly CF time series and its mean and
standard deviation

The power conversion performance of the selected Sanyo HIP-
225HDE1 module is relatively less dependent on temperature [72].
Thus, we assumed a uniform performance ratio (PR) at 85% across all
grid cells to correct for efficiency losses at non-standard test conditions.
This value might seem optimistic, but can be considered realistic even
today8. The hour CF was determined through

=CF
I

I
PRp

STC (35)

Where ISTC is solar irradiance under standard test conditions, which is
1000W/m2.

Note that within the same grid cell, both utility-PV and rooftop PV
have identical 16-year time series profile of hourly CF since the same
PV module and optimal panel angles were used. Consequently, we de-
termined the mean (µ) and standard deviation ( ) of hourly CF time
series per grid cell using formula (13) and (14).

2.3. Data processing task 3: Potentials-weighted average CF per VRE
technology

Based on the 16-year mean CF characterized for each VRE tech-
nology per grid cell, we calculated the average CF (weighted by po-
tentials per grid cell) for each VRE technology in China:

= =CF µ
P
P

j onshore wind offshore wind utility PV

rooftop PV

¯ , , , _ ,j
i

j i
j i

j
,

,

(36)

where CF̄j is the average CF for technology j in China; µj i, is the mean
CF for technology j in grid cell i; Pj i, is potentials for technology j in grid
i; Pj is total potentials for technology j in China.

2.4. Data processing task 4: LCOE per VRE asset

The LCOE for each VRE asset was calculated via:

= = +LCOE LCOE ,k j i
a I O M

µ,
&

8760
j j

j i, (37)

=
+

a r
r1 (1 ) L (38)

where LCOEk is LCOE for VRE asset k of technology j in grid cell i; Ij is
capital costs and O M& j is annual fixed operating and maintenance (O&
M) costs for technology j; µj i, is the mean CF for technology j in grid cell
I; r is the discount rate; a is the capital recovery factor.

We set r as the social discount rate at 4%. The unit capital costs and
O&M costs for each VRE technology were adopted from the IEA World
Energy Outlook’s 450 ppm scenario projected for the year 2040 (see
Table 5). We presumed these costs are constant until 20509.

Uniform cost parameters were assumed for onshore wind, utility-PV
and rooftop PV across different grid cells. While for offshore wind we
used scaling factors to take into account the impact of different average
distances to shore and depths on capital costs. Fig. 8 shows the capital
costs scaling factors for offshore wind, where costs in Table 5 (2450
USD2015/kW) were used as a reference case (with unity scaling factor).

Consequently, we scaled up the capital costs for offshore wind in
each grid cell:

=I SF2450offshore i i, (39)

where Ioffshore i, is the capital costs scaled up for offshore wind in grid cell
i and SFi is the scaling factor for grid cell i.

7 Global horizontal irradiance and extraterrestrial horizontal irradiance
sometimes are also referred to as “terrestrial horizontal irradiance” and “clear-
sky horizontal irradiance”, respectively. The former refers to solar irradiance
received on a horizontal plane on earth, while the latter refers to solar irra-
diance received outside the atmosphere.

8 Reich et al. [73] found that the median measured PR for 100 PV installations
is ∼84% in 2010. They further conclude that an above-90% PR is even realistic
back in 2010 and it would be more common in the future.
9 Note this might lead to overestimated costs if the trend of technological

learning continues.
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2.5. Data processing task 5: MPT optimization

Based on the hourly CF time series obtained for each VRE asset (see
Section 2.2), we calculated the covariance matrix (cov) between dif-
ferent VRE assets. VRE assets with zero potentials were excluded to save
computation time. To avoid co-linearity issues (due to identical CF time

series in the same grid cell), we combined utility-PV and rooftop PV as
the same VRE technology, i.e. “solar”. This resulted in 3439 VRE assets
and a 3439×3439 cov. We then performed the MPT optimization
analysis for three 2050 scenarios of high renewables in China to obtain
the efficient frontier. These are the 1.5 °C Scenario, based on China'
official Integrated Policy Assessment Model (IPAC) [35], Greenpeace’s
Energy Revolution scenario [77] and World Wildlife Fund (WWF)’s
High Renewables scenario [62,78]. Key statistics of the three scenarios
are presented in Table 6.

Then we performed the MPT optimization. We used the total in-
stalled VRE capacity prescribed by the three scenarios as sole budget
constraints in the optimization to obtain the efficient frontier for wind-
only portfolios, solar-only portfolios, and wind & solar portfolios with
unconstrained shares of each VRE technology. The resulting portfolios
are referred to as portfolios with unconstrained shares. After that,
the optimization was performed again to obtain the efficient frontier for
wind & solar portfolios with constrained shares of each VRE technology,
as prescribed by the three scenarios. They are referred to as portfolios
with constrained shares.

The MPT optimization aims to minimize the portfolio volatility
(mimicked by the standard deviation of portfolio CF) for each portfolio
return (mimicked by the mean portfolio CF). The portfolio return (µP)
and volatility ( P) can be calculated as follows:

= =µ µ µP
k

k k
T

(40)

= =cov covP
k m

k m k m
T2

,
(41)

Where k is contributing weight per VRE asset k (share of VRE asset k in
total portfolio capacity); µk is 16-year mean CF for VRE asset k (see
Section 2.2); covk m, is the CF covariance between assets k and m; µT is
the transpose vector of mean CF; T and are respectively the trans-
pose vector and vector of contributing weight; cov is the covariance
matrix.

We formulated the MPT optimization as a constrained programming
problem, based on the copperplate assumption. Thus, transmission
constraints in terms of existing or planned transmission grids were not
factored into the optimization. The optimization followed three steps.
Firstly, we identified the maximum return portfolio (referred to as
maxret portfolio) positioned on the efficient frontier through linear
programming:

µmax P
k

=

= constrained shares

subjectto:

1

( )

k k

k
P
C

k j k
C
C

k

j
(42)

Table 5
Unit costs assumptions for each VRE technology in 2050.
Source: IEA [74].

VRE technology Capital costs (USD2015/kW) Fixed O&M costs (USD2015/kW)

Onshore wind 1160 30
Offshore wind 2450 100
Utility-PV 680 12
Rooftop PV 760 12

Fig. 8. Capital costs scaling factors for offshore wind (Klinge Jacobsen et al.
[75] developed scaling factors for depth and distance to shore up to 35m and
25 km, respectively. We calibrated them to IEA’s costs prediction to use the
latter as reference case. For depth beyond 35m, we assumed the scaling factors
are mainly driven by costs increase of the jacket, the most cost-effective turbine
foundation. Based on ECN’s foundation costs model [76] in relation to depth,
we extended the scaling factors to depths up to 60m. For distance to shore
between 25 km and 90 km, we used linear extrapolation to develop the scaling
factors.).
Source: developed and calibrated based on IEA [74], Klinge Jacobsen et al.
[75], and Lensink [76].

Table 6
Key statistics of three high renewables scenarios for China in 2050.
Source: (a) Jiang et al. [35]; (b) Greenpeace, Global Wind Energy Council (GWEC) and SolarPower Europe (2015); (c) WWF [58,78].

Scenario IPAC 1.5 °C Scenarioa Greenpeace Energy Revolution Scenariob WWF High Renewables Scenarioc

Renewables penetration in demand (%) 59* 88 88
VRE penetration in demand (%) 38* 55 62
Total installed VRE capacity (GW) 3732 2413 3210
Installed wind (GW) 1486 1181 1710
Of which Onshore wind (GW) NA 972 1455

Offshore wind (GW) NA 209 255
Installed Solar (GW) 2246 1232 1500
Share of wind in total installed VRE capacity (%) 40 49 53
Of which Onshore wind (%) NA 40 45

Offshore wind (%) NA 9 8
Share of solar PV in total installed VRE capacity (%) 60 51 47

* In absence of demand data, VRE penetration was calculated based on electricity generation.

J. Hu, et al. Applied Energy 253 (2019) 113614

14



where C is total installed VRE capacity.
It is subject to two constraints: the sum of the contributing weights

of all VRE assets is equal to one, and the contributing weights of VRE
asset k must not exceed its potentials’ share in total installed VRE ca-
pacity (P

C
k ). Note that the medium potentials for onshore wind and

offshore wind assets (see Section 2.1.2) were used to formulate the
constraint. For portfolios with constrained shares, the sum of the con-
tributing weights of assets belonging to technology j must equal the
required share of technology j in total installed capacity (C

C
j ).

Secondly, we found the minimum volatility portfolio (referred to as
minvol portfolio) along the efficient frontier based on quadratic pro-
gramming (using the same constraints as in the linear programming
formulated before).

min P
k

2

=

= constrained shares

subjectto:

1

( )

k k

k
P
C

k j k
C
C

k

j
(43)

Lastly, based on returns associated with the minvol portfolio and
maxret portfolio, we divided the return range in between in and 50
equal-distanced return points. We then performed the quadratic pro-
gramming again to minimize the volatility for each of these return
points. This naturally depicted the entire efficient frontier.

2.6. Post-processing task 1: Spatial distribution of contributing weights for
selected portfolios

To enable comparison, we analysed the spatial distribution of con-
tributing weights for the minvol portfolio, the portfolio with minimum
coefficient of variation (CV)10 (referred to asminCV portfolio), and the
maxret portflio positioned on the efficient frontier. The analysis was
performed for both portfolios with unconstrained and constrained
technology shares (see Section 2.5).

2.7. Post-processing task 2: Portfolio share per VRE technology

Based on contributing weights of each VRE asset, we calculated the
portfolio share per VRE technology for wind & solar portfolios with
unconstrained technology shares (where the total installed VRE capa-
city serves as the sole budget constraint):

=j
k j

k
(44)

We compared the portfolio share per VRE technology between dif-
ferent scenarios. We also assessed the difference between the calculated
unconstrained shares and the pre-defined constrained technology
shares.

2.8. Post-processing task 3: Portfolio LCOE

We calculated the portfolio LCOE via

=
LCOE µ

µ
LCOEp

k k k k

P (45)

Where LCOEp is the portfolio LCOE; LCOEk (see Section 2.4) k and µk
are respectively the LCOE, contributing weight and mean CF of VRE
asset k; µP is the portfolio return.

Since we combined utility-PV and rooftop PV as solar, the LCOE
associated with each solar asset was calculated as the average LCOE
weighted by the potentials of utility-PV and rooftop PV in the same grid
cell.

2.9. Post-processing task 4: Portfolio CF duration curve and CF-at-risk

Based on contributing weights and the CF time series of each VRE
asset (see Section 2.2), we determined the 16-year time series of the
portfolio hourly CF:

= CFCFp t
k

k k t, ,
(46)

Following Shahriari and Blumsack [23], we plotted the long-time
duration curve of portfolio CF in relation to its availability (i.e. per-
centage of time), based on the 16-year time series of hourly portfolio
CF. From the portfolio CF duration curve, we obtained the long-time
CF-at-risk at 100% and 90% availability of time (denoted respectively
as CF100% and CF90%). These values represent the minimum CF that is
available 100% and 90% of time11. After that, we determined the
portfolios with the highest long-time CF100% and CF90% (referred to as
maxCF100% portfolio and maxCF90% portfolio) positioned on the ef-
ficient frontier. To investigate the inter-annual variation of CF100% and
CF90%, we plotted the distribution of annual CF100% and CF90% for these
portfolios together with the minvol portfolio, minCV portfolio and
maxret portfolio. The sample data for the distribution were obtained
from the annual CF duration curve of each individual year.

3. Results

3.1. Geographical potentials

3.1.1. Geographical potentials per VRE asset
Geographical potentials per VRE asset and their spatial distribution

in China are shown in Fig. 9. Three cases are included (high, medium
and low potentials, see Section 2.1.2) for onshore and offshore wind. As
the figure shows, in all three cases, the geographical potentials for
onshore wind are concentrated in North (including inner-Mongolia)
and Northeast China. This is explained by the geographical constraints
applied in the analysis. The exclusion of the 10 km distance from dense
urban areas, in the medium case mainly reduces the onshore wind
potentials in Northeast China compared to the high case, whereas the
potentials in the low case are more evenly reduced over the grid cells by
the use of low suitability factors. As for solar, its potentials are spread
extensively over China except for Tibet, north Inner-Mongolia and the
north of Northeast China due to the exclusion of sloped and permafrost
areas. In particular, North and Northwest China have the largest geo-
graphical potentials for solar.

3.1.2. Total potentials per VRE technology
Total potentials for each VRE technology are presented in Table 7.

China has huge potentials for solar, being 1.6 times larger than the high
potentials case of onshore wind. The potential of offshore wind is re-
latively limited, also in the high potential case. The latter is explained
by the relatively small sea area meeting the constraints of depth 60m
and distance to share 90 km. We consider the medium case for on-
shore and offshore wind as a reasonable estimate. If not specified, the
results presented in the following sections are based on the medium
potential case. For information purposes only, we also show the
total potential annual electricity generation (in TWh) for each

10 CV is the ratio between portfolio volatility and portfolio return. Therefore,
the minimum CV portfolio is the point with the highest slope along the efficient
frontier. This is referred to as the maximum Sharpe ratio portfolio in Shahriari
and Blumsack [23].

11 90% is assumed to reflect the availability of coal-fired plants, the pre-
dominant power generation technology now in China [79]. Therefore CF90%
can be interpreted as the minimum CF provided by the VRE portfolios if they
are used to replace coal.
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Fig. 9. Spatial distribution of geographical potentials per VRE asset in China (zoom in for details).
Source: Based on authors' analysis.

Table 7
Total potentials (in GW installed capacity) and potential annual electricity generation (in TWh) per VRE technology in China.
Source: Based on authors' analysis.

Technology Onshore wind Offshore wind Solar Total

Geographical potentials (GW) High Medium Low High Medium Low Total Utility-PV Rooftop PV High Medium Low
4909 3176 575 932 745 559 12,936 12,576 360 18,777 16,857 14,070

Potential annual electricity generation (TWh) 15,094 9654 1783 2776 2219 1665 23,570 23,025 580 41,440 35,443 27,018

a) Onshore wind and offshore wind  b) Solar

Fig. 10. Spatial distribution of mean CF per VRE asset in China.
Source: Based on authors' analysis.
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technology12 in Table 7. The calculation was based on the total po-
tentials and the potential-weighted average CF (see Section 3.3).

3.2. Mean CF per VRE asset

Fig. 10 illustrates the mean CF per VRE asset in China. It shows that
the assets with highest CF for onshore and offshore wind are located
respectively in east Inner-Mongolia and the Taiwan Strait, where the
mean CF can be above 40%. For solar, the best performing areas come
from North and Southwest China, whereas South and East China have
the lowest mean CF.

3.3. Potential-weighted average CF per VRE technology

The potential-weighted average CF for each technology is shown in
Table 8. To enable comparison, we also give the minimum and max-
imum mean CF of individual asset. The average CF for onshore wind in
China is 0.347, which is comparable to the global average CF from
operating wind projects in 2017 [81]. Offshore wind has an almost
identical average CF to onshore wind. This can be explained by the
superior performance and abundant potentials of onshore wind located
in Inner-Mongolia. By contrast, the potentials of best-performing off-
shore wind (around the Taiwan Strait) are relatively small, meaning
that the average CF is dominated by less performing offshore wind
assets. The average CF for utility-PV is slightly higher (∼2 percentage
point) than that for rooftop PV.

3.4. LCOE per VRE asset

The scatter plot of LCOE for each VRE asset (against its potentials in
log scale) is illustrated in Fig. 11. It shows that the LCOE of onshore
wind is slightly lower (between 25 and 45 USD2015/MWh) than that of
solar (between 25 and 55 USD2015/MWh). By contrast, the LCOE for
offshore wind varies widely between assets located in different grid
cells, ranging between 63 and 145 USD2015/MWh. The range in LCOE
can be explained by the spatial distribution of LCOE for VRE assets (see
Fig. 12). East Inner-Mongolia (onshore wind) and the Taiwan Strait
(offshore wind) show the lowest LCOE, whereas the lowest LCOE for
solar is in North and Southwest China. This outcome is consistent with
the spatial distribution of the mean CF (see Section 3.2).

3.5. Efficient frontiers

Efficient frontiers generated from the MPT optimization are pre-
sented in Fig. 13. The three scenarios with different budgets of installed
VRE capacity are indicated by different line types, while different col-
ours are used to represent different portfolio types (wind-only, solar-
only, wind & solar and wind & solar with constrained technology
shares) within these scenarios. For comparison, we also show the re-
turn-volatility performance of individual VRE assets13 (the dots in the
figure). Both solar, onshore wind and offshore wind follow a clear
tendency (“the higher the return, the higher the volatility”), although
heteroscedasticity (unequal scatter) can be observed. The efficient
frontiers for wind-only and solar-only portfolios demonstrate better
return-volatility performance than individual wind and solar assets.
Solar-only portfolios exhibit lower return but higher volatility than
wind portfolios, mainly because of the diurnal pattern of solar gen-
eration. However, when solar assets mix with wind assets with

unconstrained technology shares, their combined portfolios (the red
lines) show the best return-volatility performance. Within the same
scenario, not only does the wind & solar frontier cover a broader return
range, but it shows a smaller volatility level at each attainable return
level than the wind-only and solar-only frontiers. This finding is in
agreement with Shahriari and Blumsack [23]. However, inferior return-
volatility performance is observed for wind & solar portfolios with
constrained technology shares (the green, orange and grey lines). For
the same portfolio type (e.g. wind & solar), the efficient frontier within
scenarios facing a higher capacity budget (e.g. 3732 GW within IPAC
versus 2421 GW within Greenpeace) tends to show lower return-vola-
tility performance, because more assets with inferior performance are
needed.

3.6. Spatial distribution of contributing weights

Using the IPAC scenario, for example, we present the spatial dis-
tribution of contributing weights for the minvol (the minimum volati-
lity), minCV (the minimum coefficient of variation) and maxret (the
maximum return) portfolios positioned on the efficient frontier of wind
& solar and wind & solar with constrained technology shares respec-
tively in Figs. 14 and 15. The minvol, minCV and maxret portfolios sit
on the bottom-left, steepest and top-right points of the efficient frontier,
respectively.

In the minvol wind & solar portfolio with unconstrained technology
shares (Fig. 14), onshore wind is mainly located in east Inner-Mongolia,
Northeast, Northwest and North China, while solar is mainly located in
Northeast, Northwest and East China. This shows the strong negative
correlation between the power outputs of wind and solar assets in these
regions. As portfolio return increases, solar assets are gradually re-
placed by wind assets due to the higher mean CF of the latter. This is
true in the case of the minCV wind & solar portfolio, where solar assets
in East China (with lowest mean CF) are mainly replaced by increased
onshore wind assets in North China. As for the maxret wind & solar
portfolio, contributing weights of onshore wind in North China reach
the maximum. Solar assets nearly disappear, except for a few grid cells
with very limited contributing weights in South Tibet. This is because
solar assets in these grid cells have a higher mean CF than unused wind
assets to meet the required capacity budget. Across all three portfolios
the contribution of offshore wind along the entire coastline of China
and onshore wind in east Inner-Mongolia remains nearly constant,
meaning these assets may have the best return-volatility performance.

The case of wind & solar with constrained technology shares (40%
wind +60% solar) clearly shows differing patterns of spatial distribu-
tion from wind & solar (see Fig. 15). Onshore wind assets are initially
sporadically dispersed in east Inner-Mongolia, Northeast, Northwest
and North China in the minvol portfolio, but they become increasingly
concentrated in east Inner-Mongolia as the portfolio return increases
(minvol versus minCV and maxret). Meanwhile, the coverage of off-
shore wind assets reduces gradually on the northern Chinese coastline.

Table 8
Potential-weighted average CF for each technology.
Source: Based on authors' analysis.

Technology Potential-
weighted
average CF

Min mean CF
of individual
asset

Max mean CF of
individual asset

Onshore wind High 0.351 0.241 0.535
Medium 0.347
Low 0.354

Offshore wind High 0.340 0.235 0.537
Medium 0.340
Low 0.340

Solar 0.208 0.158 0.278
Of which Utility-PV 0.209

Rooftop PV 0.184

12 For comparison, the average electricity consumption of China in 2018 is
6840 TWh [80].
13 Note not all VRE assets are included in optimal portfolios positioned on the

efficient frontier. The selection of certain VRE assets in optimal portfolios is a
result of the optimization. In general, for the same portfolio type, more assets
are included in efficient frontiers facing a higher capacity budget.
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This leaves onshore and offshore wind assets with the highest mean CF
in the maxret portfolio. As for solar assets, their contributing weights in
the Northeast and the west of Northwest China increase from the
minvol portfolio to the minCV portfolio, at the expense of decreased
contributing weights in Southeast China. However, solar assets in these
areas disappear in the maxret portfolio. Instead, they have a fairly large
coverage in Inner-Mongolia, Southeast and the east of Northeast China.

The different spatial distributions of VRE assets explain the

relatively better return-volatility performance of wind & solar portfolios
with unconstrained technology shares compared with wind & solar
portfolios with constrained technology shares. The latter has a greater
degree of freedom to select the best VRE assets. Therefore, scenarios
with predefined technology shares in existing literature might be sub-
optimal in terms of return-volatility performance.

Fig. 11. Scatter plot of LCOE against potentials (in log scale) for each VRE asset (in medium case).
Source: Based on authors' analysis.

LCOE (USD in 2015/MWh)
NA
25,1 - 35,0
35,1 - 45,0
45,1 - 55,0
55,1 - 65,0
65,1 - 75,0
75,1 - 85,0
85,1 - 95,0
95,1 - 105,0
105,1 - 115,0
115,1 - 125,0
125,1 - 135,0
135,1 - 145,0

a) Onshore wind and offshore wind   b) Solar

Fig. 12. Spatial distribution of LCOE per VRE asset in China (in medium case).
Source: Based on authors' analysis.
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3.7. Portfolio share per VRE technology

Fig. 16 illustrates the share of each VRE technology against the
portfolio return for the wind & solar portfolio within the three different
scenarios. Two key results are observed. Firstly, within all scenarios,
solar is gradually replaced by onshore wind from the minvol portfolio
(leftmost point) to the maxret portfolio (rightmost point), as the port-
folio return increases14 (and with it the portfolio volatility). Onshore
wind (with a share above 50%) dominates all portfolios, but it faces a
ceiling at 82%, even in the maxret scenario. The maximum solar share
(23–28%) is observed in the minvol portfolio, and it decreases to close-
to-zero in the maxret portfolio. This again confirms the relatively sub-
optimal return-volatility performance of wind & solar portfolios with
constrained technology shares (see Fig. 13). Secondly, the share of
offshore wind is almost constant at 20% (± 2%), except for the Green-
peace scenario having the lowest capacity budget. This may suggest a
low correlation between the power output of offshore wind and other
VRE technologies. The share of offshore wind within the Greenpeace
scenario decreases from initially ∼25% in the minvol portfolio, to
∼20% in the maxret portfolio. Since the low capacity budget of the
scenario (2412 GW) is easy to meet, offshore wind is replaced by extra

onshore wind assets with better mean CF.

3.8. Portfolio LCOE

We present the portfolio LCOE against the portfolio volatility15 for
multiple portfolio types within different scenarios in Fig. 17. On the one
hand, within the same scenario, portfolio types with higher solar share
(solar-only, wind &solar with constrained technology shares versus
wind & solar, wind-only) tends to show lower portfolio LCOE, because
of low LCOE of solar assets. On the other hand, the portfolio LCOE
generally decreases with increased portfolio volatility (and thus in-
creased portfolio return) along the efficient frontier. Highest and lowest
portfolio LCOE are respectively observed in the minvol (most left point)
and maxret (most right point) portfolio. This might seem counter-in-
tuitive, as the portfolio share of solar (with low LCOE) decreases along
the efficient frontier. The explanation is that low-CF assets are replaced
by high-CF assets at the same time, dominating the overall decreasing
trend of LCOE. In addition, it should be stressed that LCOE only covers
the production costs of VRE, which exclude the integration costs of VRE
imposed on the power system [7].

Fig. 13. Efficient frontier for portfolios with unconstrained and constrained technology shares.
Source: Based on authors' analysis.

14 To avoid misinterpretation, the authors stress that a portfolio with higher
return is by no means better than a portfolio with lower return positioned on
the same efficient frontier because the higher return portfolio also entails
higher volatility. Both portfolios are efficient in terms of the return-volatility
trade-off.

15 The reason to plot the portfolio LCOE against the portfolio volatility (in-
stead of portfolio return) is for the best visualization. If we plot the portfolio
LCOE against the portfolio return, the curves seem to stack together. The key
message of the graph does not depend on choosing volatility or return as the x-
axis value, since the same trend is followed.
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3.9. Portfolio CF duration curve and CF-at-risk

Using the IPAC scenario as an example, Fig. 18 presents the long-
time portfolio CF duration curve based on the 16-year CF time series for
the minvol, minCV and maxret portfolios positioned on the efficient
frontier of wind & solar and wind & solar with constrained technology
shares. Note that the portfolio return is represented by the area un-
derneath the duration curve. For either wind & solar or wind & solar
with constrained shares, the areas underneath the curve is largest for
the maxret portfolio and lowest for the minret portfolio. By contrast,
the overall steepness of CF duration curve (in terms of the slope of the
linear fit of the curve) is lowest for the minvol portolio, then the minCV
portfolio and maxret portfolio. Therefore, the minvol portfolio may be
preferable to support power system operation due to its most stable
power output. In addition, the CF duration curve of portfolios posi-
tioned on the wind & solar frontier with unconstrained technology

shares tends to be less steep than the same portfolio positioned on the
frontier of wind & solar with constrained technology shares. This im-
plies that scenarios with pre-defined shares of various VRE technologies
might be sub-optimal for supporting system operation.

The long-time CF-at-risk values can be obtained from the CF dura-
tion curve. For instance, here the CF100% (available time 1.00) for the
minvol, minCV and maxret wind & solar portfolios are respectively
0.049, 0.052 and 0. 044. This suggests that the portfolios with the
highest CF-at-risk values are not necessarily the minvol portfolio, i.e.
the tail risk should not be confused with volatility [68].

To better understand the behaviour of the long-time CF100% and
CF90% along the efficiency frontier of multiple portfolio types within the
three different scenarios, Fig. 19 was constructed. Note that the solar-
only portfolio type is excluded because its CF100% and CF90% are zero
due to the diurnal pattern of solar power output. It clearly shows that,
in case portfolio return increases from the minvol to the maxret

Contributing weights
0,00 - 0,00001000

0,0000101 - 0,0000500
0,0000501 - 0,0001000

0,000101 - 0,000300

0,000301 - 0,000500

0,000501 - 0,000800
0,000801 - 0,00110

0,00111 - 0,00220

0,00221 - 0,00330

0,00331 - 0,00440
0,00441 - 0,00550

0,00551 - 0,00680

a) Minvol portfolio: onshore wind and 
offshore wind 

b) Minvol portfolio: solar 

c) MinCV portfolio: onshore wind and 
offshore wind 

d) MinCV portfolio: solar

e) Maxret portfolio: onshore wind 
and offshore wind 

f) Maxret portfolio: solar 

Fig. 14. Spatial distribution of contributing weights for the minvol, minCV and maxret wind & solar portfolios.
Source: Based on authors' analysis.
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portfolio, the CF90% first increases to a maximum value16 and then
decreases. It seems a similar tendency also exists for the CF100%, but it is
less distinguishable due to the presence of noises. A possible explana-
tion for these might be that it is difficult for the CF100% to exhibit sta-
tistical significance as it is the most extreme value of the long-time time
series of portfolio CF. We also observe that within the same scenario,
both CF90% and CF100% are highest for the wind & solar portfolios with
unconstrained technology shares, then for wind-only portfolios and
lowest for the wind & solar portfolios with constrained technology

shares. This reflects the benefit of diversification under the lowest
constraints.

Next to the long-time CF100% and CF90%, we also analysed the dis-
tribution of annual CF100% and CF90% obtained from the annual CF
duration curve to investigate the inter-annual variation. Using the
portfolio type of wind & solar and wind & solar with constrained
technology shares within the IPAC scenario as an example, we present
the distribution of annual CF100% and CF90% for five selected portfolios
(minvol, minCV, maxret, maxCF100% and maxCF90%) positioned on the
efficient frontier in Fig. 20. To serve as a benchmark, the long-time
values of CF100% and CF90% (indicated by the red point) are also shown.
The spread and thickness of the distribution curve respectively re-
present the inter-annual variation and probability density of the sam-
pled annual CF100% and CF90%. We find that, firstly, the distribution of

c) MinCV portfolio: onshore wind and 
offshore wind 

b) Minvol portfolio: solara) Minvol portfolio: onshore wind and 
offshore wind 

Contributing weights

0,00 - 0,00001000

0,0000101 - 0,000050 0

0,0000501 - 0,000100 0

0,000101 - 0,000300

0,000301 - 0,000500

0,000501 - 0,000800

0,000801 - 0,00110

0,00111 - 0,00220

0,00221 - 0,00330

0,00331 - 0,00440

0,00441 - 0,00550

0,00551 - 0,00680

e) Maxret portfolio: onshore wind and 
offshore wind 

f) Maxret portfolio: solar

d) MinCV portfolio: solar 

Fig. 15. Spatial distribution of contributing weights for the minvol, minCV and maxret wind & solar portfolios with constrained technology shares.
Source: Based on authors' analysis.

16 Note the portfolios associated with the maximum CF100% and CF90% along
the efficient frontier are respective the maxCF100% portfolio and maxCF90%
portfolio.
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CF100% is nearly symmetrical, and the long-time CF100% is the lowest
value of the annual CF100%. By contrast, the CF90% is negatively skewed
(and therefore has more downside tail risks), and the long-time CF90%
nearly coincides with the median CF90%. Secondly, the portfolio CF100%
is rather small and never exceeds 10%, whereas the portfolio CF90% is
2–3 times the size of CF100%. Since 90% is the availability of coal-fired
plants, the CF90% can be grossly interpreted as the percentage of the
capacity of coal that can be replaced by the VRE portfolio. However, the
long spread of the sample distribution also suggests that the inter-an-
nual variation of CF100% and CF90% can be large, and hence cannot be
ignored. Therefore, caution should be given when using the long-time
and annual CF100% and CF90% to support the operation of a future
power system17. In addition, we also observe that the distribution
spread of CF100% and CF90% for wind & solar with unconstrained
technology shares is higher than that for wind & solar with constrained
technology shares. This might be explained by the smaller inter-annual
variation of solar power output (having higher shares in the constrained
portfolios) in comparison with wind.

4. Discussion

Due to the scope, assumptions and data inputs of this study, a few

limitations and uncertainties exist.

• The scope of this paper is limited to the geographical smoothing
effect of portfolio volatility for each possible return level. We do not
explicitly consider the geographical smoothing of portfolio output
ramps and portfolio output forecast errors, which can also be in-
vestigated through MPT. This means that the optimum portfolios
identified here may be different when these factors are considered,
and more specifically the balance between wind and solar assets.
However, we expect the difference to be small because of the ben-
efits of diversification.
• Hourly meteorological reanalysis data was used to simulate the
hourly VRE power output (in form of CF) and determine the efficient
frontier of the return-volatility trade-off. This can mask the sub-
hourly volatility of VRE. Shahriari and Blumsack [23] show that for
the same portfolio return, the volatility over a ten-minute scale is
larger than that over an hourly scale. In this sense, sub-hourly data
captures the output profile of VRE more precisely and closer-to-real-
time. This is important for the management of operating reserves,
demand response, storage and other flexible resources, but is be-
yond the scope of this paper.
• This study is based on the assumption of a copperplate, due to the
lack of high-resolution data of the transmission grid in China.
Therefore, the optimal VRE portfolios obtained in this study may not
be achievable considering the current transmission grid in China.
However, our results help identify grid bottlenecks and plan grid
expansion in China to harvest the benefits associated with

Fig. 16. Portfolio share per VRE technology for wind & solar portfolios within different scenarios. Source: Based on authors' analysis.

17 Nevertheless, if the data sample is large enough, the extreme value theory
can be used to fit the sample distribution to a generalized extreme value dis-
tribution. This can be used to forecast the probability associated with more
extreme future CF-at-risk values.
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geographical smoothing in the most optimal way. Once grid-related
data is available, it can be treated as additional constraints in the
MPT optimization [26] or incorporated into the optimization ob-
jective function [31]. Transmission constraints shift the efficient
frontier rightwards, resulting in less optimal portfolios than port-
folios without transmission constraints [31]. The accuracy of in-
corporating transmission constraints can be improved by the sup-
port of a detailed power flow model based on Kirchhoff’s laws [82].
• While the purpose of developing optimal VRE portfolios is to better
serve the balance between electricity supply and demand, this paper
does not explicitly consider the (hourly) demand profile for China.
Besides the lack of reliable data at national and regional levels, the
demand profile in the long-term future (e.g. 2050) depends on the
highly uncertain trend of electrification and the structural change of
the economy. In addition, considering the increasing popularization
of smart-grid technology and real-time pricing that encourage de-
mand response, the demand profile can become more flexible and
adaptable to VRE outputs. We propose scenario-based studies in
future research to explore these areas. Once robust data on the de-
mand profile is available, it can be fed into the MPT optimization.
For instance, the sum of regional demand and total export trans-
mission capacity can be set as a ceiling for the regional maximum
installed VRE capacity [26]. Alternatively, the portfolio return and
volatility can be formulated as the mean and standard deviation of
the residual demand (demand less VRE output) respectively, which
helps to increase the match between VRE output and demand [21].

Fig. 17. Portfolio LCOE for multiple portfolio types within different scenarios.
Source: Based on authors' analysis.

Fig. 18. Long-time portfolio CF duration curve for Wind & Solar and Wind &
Solar with constrained technology shares within the IPAC scenario.
Source: Based on authors' analysis.
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• Regarding the determination of hourly CF time series for wind and
solar, a few simple assumptions have been made in the absence of
detailed models. For instance, we did not explicitly consider the
wake effect (although the selected intermediate spacing implicitly
avoids large wake losses) and the smoothing effect resulting from
wind speed propagation within a wind farm. This can lead to an
overestimation of the mean and volatility of wind’s capacity factor.
For solar, we assumed a uniform PR at 85% for all solar installations
in China. The PR is dependent on the efficiency of the PV system and
the module temperature [83]. Although not corrected for the inter-
regional differences in weather conditions (solar irradiance, wind
speed and ambient temperature) that affect the module tempera-
ture, the PR at 85% on average is a realistic assumption for the long-
term future (see footnote 7). In addition, we determined optimal
angles for both utility-PV and rooftop PV to maximize the total
yields per installation, assuming they are both mounted on a surface
close to flat. These angles can increase the portfolio return, but are
not necessarily preferable to minimize the portfolio volatility. We
propose future studies to investigate alternative PV angles and their
impact on the efficient frontier.
• We used geographical potentials per VRE asset as constraints
(maximum installed capacity per asset) in the MPT optimization.
These potentials were estimated based on multiple geographical and
social acceptance constraints and land cover suitability factors from
literature. Although validating these constraints and suitability
factors is beyond the scope of this study, their uncertainties can
cause increased or decreased potentials. For instance, the threshold
distance to (dense) urban area and shore for onshore and offshore
were conservatively set at 10 km. Alternative threshold distances
may lead to different potentials and affect the spatial distribution of
optimal portfolios.

• To analyse the economics of optimal VRE portfolios, we determined
the portfolio LCOE. However, LCOE is an incomplete indicator, as it
only covers the unit production cost and does not capture the
system-wide costs resulting from adding VRE into the power system.
On the one hand, optimal VRE portfolios positioned on the efficient
frontier may displace more capacity and production from conven-
tional fossil-fired power plants and minimize the impact of varia-
bility on the power system, leading to system cost reduction. On the
other hand, additional investment in transmission infrastructure
may be required to connect VRE assets with each other and with the
electricity consumers. Costs and savings associated with these
system-wide impacts are best assessed by more comprehensive in-
dicators such as levelized avoided cost of electricity [84], system
LCOE [7] and value-adjusted LCOE [85]. This, however, necessitates
the development of baseline and reference scenarios based on power
system modelling, which can be covered in future research.
• This study identified optimal VRE portfolios in terms of the spatial
distribution of different VRE assets based on a greenfield situation,
without considering existing VRE capacity in China. This is helpful
to explore the theoretically maximum geographical smoothing ef-
fect. Nevertheless, such greenfield situation is difficult to meet,
given the sunk nature of VRE investments in reality. Alternatively,
existing VRE capacity can be framed as constraints in the MPT op-
timization in future studies. This is expected to reduce the “effi-
ciency” of optimal portfolios in terms of the return-volatility per-
formance. Moreover, optimal portfolios are best achieved through a
social planner that makes centralized investment decisions.
However, in reality investment decisions for each VRE installation
are made by individual investors through project financing or cor-
porate financing. These investors may not be attracted by individual
sub-optimal installations, even if they are indispensable to optimize

a) CF100% b) CF90%

Fig. 19. CF100% and CF90% of multiple portfolio types within different scenarios.
Source: Based on authors' analysis.

J. Hu, et al. Applied Energy 253 (2019) 113614

24



the overall portfolio. Therefore, effective and pragmatic develop-
ment pathways are essential to achieve optimal portfolios, which
require smart policy measures and market designs to steer VRE in-
vestments. However, this is beyond the scope of the present work.
Roadmap studies are recommended to further analyse this issue.

• We determined the long-time CF100% and CF90% for selected optimal
portfolios. They are 100- and 90-percentile values of the 16-year
hourly portfolio CF time series, and hence they represent the
minimum portfolio CF that is available 100% and 90% of time. As a
common practice in MPT literature within the field of economics

c)  CF100% for 40%Wind+60% Solar 

a) CF100% for wind & solar b)  CF90% for wind & solar 

d) CF90% for 40%Wind+60% Solar  

Fig. 20. Distribution of annual CF100% and CF90% for wind & solar and wind & solar with constrained technology shares within the IPAC scenario.
Source: Based on authors' analysis.
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and finance, the at-risk-value derived from a long-time time series of
the underlying variable (e.g. portfolio financial return) is often in-
terpreted as a time-invariant minimum value associated with a given
probability [86]. Based on the ergodicity hypothesis originated from
statistic mechanics, over a long-time period (close-to-infinity), the
distribution of a stochastic process across time approaches its dis-
tribution across ensembles (i.e. all possible stochastic realizations)
[86]. In this sense, it seems plausible to interpret CF100% and CF90%
as the minimum CF associated with 100% and 90% probability.
While the ergodicity hypothesis (if true) helps to reduce un-
certainties associated with unobservable ensemble distribution, it is
virtually impossible to prove [87]. Being a strong assumption, its
wide usage in economics and finance also leads to many criticisms
[88,89]. Therefore, CF100% and CF90% should never be mis-
interpreted as the minimum CF associated with 100% and 90%
probability. Rather, they represent the minimum portfolio CF with
100% and 90% availability.
• Based on key statistics (mean, standard deviation and covariance
matrix) derived from historical meteorological reanalysis data, we
used MPT to obtain optimal VRE portfolios for China in the (long-
term) future. This can give rise to two main limitations. Firstly,
despite its general accessibility and global coverage, reanalysis data
entails model uncertainties. For instance, they often erroneously
predict actual clear-sky conditions as cloudy and lack detailed re-
presentation of local terrain conditions [37,90]. This can result in
biased estimates of key statistics derived from reanalysis data. This
bias, however, can be corrected through validation and calibration
with historically observed VRE output data [91]. Further research
on this is recommended, once observed real data for China becomes
more accessible. Secondly, drawing conclusive statistics for and
between different VRE assets typically requires a long-time period of
15–30 year [92]. Although we used a 16-year historical period of
weather data, its key statistics may not well represent the long-term
future (e.g. due to non-stationarity). This is further complicated by
the uncertain impact of climate change on future weather, which is
not considered in this study. We propose studies based on climate
modelling to investigate this issue specifically for China.

5. Conclusion

In this study, we optimized portfolios of VRE assets using MPT to
capture the geographical smoothing effect in China’s future power
system. The geographical smoothing effect in terms of better return-
volatility performance of VRE outputs is expected to bring about mul-
tiple benefits to support power system operation. Based on the cop-
perplate assumption, efficient frontiers of optimal VRE portfolios were
determined for different scenarios and portfolio types. We also char-
acterized key portfolio statistics (spatial distribution, technology
shares, LCOE, CF-at-risk) to understand their behaviour along the effi-
cient frontier.

Main findings of this study are:

• This study shows that China has vast geographical potentials for
VRE. The maximum capacity that can be installed is 575–4909 GW
for onshore wind, 559–932 GW for offshore wind and 12,936 GW
for solar. The geographical potentials and mean CF determined at
each VRE asset level also provide necessary information for policy-
makers, academic peers and private investors to evaluate the per-
formance of VRE resources. For instance, they can be used to guide
decision-making in project financing of VRE investment. They also
support the design of efficient subsidy schemes necessary to reach
China’s renewable energy targets. The best resources (in terms of
both high mean CF and high potentials) are found in Inner-Mongolia
(for wind) and North China (for solar).
• Optimal portfolios positioned on the efficient frontier exhibit su-
perior return-volatility performance compared to individual VRE

assets in China. The geographical distribution of VRE assets in op-
timal portfolios provides a rationale for the allocation of national
renewable energy targets to different provinces in China. It can help
policy-makers to plan and coordinate the development of different
VRE assets as well as the transmission grid in a more system-opti-
mized manner. This is expected to bring about significant economic
benefits in power system investment and operation. Within the same
efficient frontier, portfolios with a higher return also entail a higher
volatility. It must be stressed that these portfolios are all efficient, as
the portfolio risk is minimized for each attainable return level.
Therefore, the selection of portfolios within the efficient frontier is
purely a policy decision, depending on the prevailing return-vola-
tility preference.
• The efficient frontier of wind & solar portfolios exhibits better re-
turn-risk performance than wind-only and solar-only frontiers. This
suggests complementarity between wind and solar in China. Strong
negative correlations in power output exist between wind assets in
east Inner-Mongolia, Northeast, Northwest and North China and
solar assets in Northeast, Northwest and East China. Therefore, it is
advisable for policy-makers to coordinate the investment and de-
velopment of VRE assets in these regions to capture the benefits of
diversification. We also demonstrated that for the same total in-
stalled capacity, wind & solar portfolios with unconstrained tech-
nology shares exhibit better return-volatility performance than
portfolios with constrained technology shares. This suggests that
existing scenarios in literature with pre-defined shares of different
VRE technologies might be sub-optimal to support power system
operation. Hence, it is crucial for these scenarios to be thoroughly
assessed and reviewed before they are used in policy decision-
making.
• With increased portfolio volatility (and portfolio return), the LCOE
of wind & solar portfolios decreases along the efficient frontier.
Although the portfolio share of solar (with low LCOE) decreases
along the efficient frontier, low-CF assets are meanwhile replaced by
high-CF assets. The latter factor dominates the overall decreasing
trend of LCOE.
• VRE technologies in literature and mass media are often portrayed
as “intermittent renewable energy sources”. The lexical definition of
“intermittency” suggests an on-and-off pattern in VRE outputs. This
can lead to a biased impression of VRE technologies, i.e. that they
are unreliable. While “intermittency” fairly characterizes the output
pattern per VRE installation, the collective VRE output pattern is
more important from the perspective of power system operation. We
argue that “intermittency” should not be used to characterize the
collective output pattern of well-diversified VRE assets spread over a
large geographical area. This is supported by the results of this
study. The long-time CF100% for wind & solar portfolios suggests that
a non-zero minimum portfolio CF (1.4–5.5%) can exist with 100%
availability.
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