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Abstract

Australia’s renewable energy transition will be dominated by solar and wind power, yet
their contrasting variability necessitates hybrid integration with storage to ensure reliability.
This study uses Australian reanalysis data, BARRA (Bureau of Meteorology Atmospheric
High-Resolution Regional Reanalysis for Australia), to quantify solar (global horizontal
irradiance, GHI) and wind (wind power density, WPD) resources by examining their
availability, variability, synergy, episode length, and lulls. The novelty of this work is the
use of rarely examined metrics such as variability, availability, episode length, and extended
lull events (Dunkelflaute) with a high-resolution and 29-year duration reanalysis dataset.
The results show that solar is the more reliable resource, with high daytime availability and
relatively short lulls. Wind, despite being abundant in coastal regions, is highly intermittent,
characterized by a skewed distribution, low availability, and extended periods of lulls.
Synergy metrics demonstrate significant complementarity, with combined solar–wind
synergy reducing deficits in single resources, while joint non-synergy events define critical
system vulnerabilities. Importantly, hybrid systems limit maximum joint lulls, which are
far shorter than wind-only extremes, thereby reducing the scale of long-duration storage
required. These findings underscore that, while solar provides a stable baseline supply and
wind contributes spatial diversity, hybrid systems supported by batteries offer a resilient
pathway. Synergy and non-synergy statistics provide essential parameters for optimally
sizing storage to withstand rare but severe shortfalls, ensuring a reliable, utility-scale
renewable future for Australia.

Keywords: synergy; solar; wind; reanalysis; episodes; lulls

1. Introduction
The growing awareness of the benefits of complementary renewable resources is

increasing globally [1–6]. The leading contenders for hybrid renewable systems are solar
and wind. These two resources naturally complement each other, as solar energy often
dominates during periods of clear, calm conditions, whereas wind is the dominant source
during cloudy and more unstable weather conditions. Renewable generation increased
by 15% globally last year, with solar and wind accounting for approximately 66% of that
added capacity [7]. These two renewable resources are not limited to onshore areas; with
the development of floating PV and the increasing uptake of offshore wind, the number of
areas for the development of hybrid systems is expanding.

As greater amounts of wind and solar energy enter the market, challenges arise in
ensuring the continuity of supply within the grid. This is primarily due to the inherent
variability of the weather, which can lead to market volatility. Extreme weather events,
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such as heatwaves, bushfires, droughts, and intense cold snaps, can put tremendous
pressure on the electricity grid. A recent example of such volatility within the grid was
the winter blackouts in Texas [8], where demand greatly surpassed supply, and supply
was cut to millions of customers. This type of situation requires a reconsideration of how
infrastructure and resources can be utilized to prevent similar outcomes in the future. One
way to increase energy resilience is to invest in hybrid renewable energy systems. The
complementary nature of PV and wind can be used to offset any variability from a single
resource and enhance system reliability [2–6,9].

Numerous methods have been employed to assess the complementary or synergistic
nature of renewable resources [6,10]. More recently, Chen [11] presented a comprehensive
global assessment of land-based solar–wind complementarity using high-resolution ERA5-
Land reanalysis data from 1950 to 2021. Several other studies have also explored the topic
at regional levels [5,12–16]. The overall definition of both appears quite consistent in the
literature. For a complementary resource, one resource complements the other when the
other is not available. The complementary aspect also falls into two categories: spatial and
temporal [3]. The statistical metrics used to assess complementarity, however, differ in
the literature. The most widely used are the Pearson correlation coefficient [5,14,17–20],
Kendell [21,22], and Spearman [23,24].

Synergy is when both are performing at the same time [5,14,17–24]. Assessing the
complementary nature or synergy of these resources spatially requires using reanalysis
data such as MERRA-2 (Modern Era Retrospective Reanalysis for Research Applications
or ERA5 (ECMWF Reanalysis version 5), and additionally for solar, satellite-derived ir-
radiance. Many researchers have conducted single-resource [25–30] and hybrid-resource
assessments in various parts of the globe [1–6,9,31–33]. These data sources, although
helpful in assessing resources across continents, are at a coarser spatial resolution. When
assessing hybrid resources, topographic effects, such as hills and valleys, as well as surface
terrain characteristics are particularly important. Errors in reanalysis products lead to
an overprediction of irradiance under cloudy conditions and an underprediction in clear
skies [29]. Often these differences are attributed to cloud properties and aerosols not being
well represented in the models [34]. With wind, errors frequently occur due to mismatches
in model elevation or topography [35].

There are limited high-resolution re-analysis datasets on a global scale; however, many
regional high-resolution datasets have become available [34,36–38]. The Irish Meteoro-
logical Service has developed a 2.5 km horizontal grid reanalysis product over Ireland
called MÉRA [39]. A study investigating which reanalysis dataset is better for renewable
energy applications over Ireland compared ERA5, MERRA2, and MÉRA, and it found that
none of the reanalyses consistently outperformed the others across all weather parameters
investigated. The shortcoming in MÉRA for shortwave radiation was attributed to the lack
of assimilating satellite data [34]. The driving reanalysis dataset also contributed to the
accuracy of the higher-resolution models. The Copernicus Climate Change Service has
developed a high-resolution deterministic product, the Copernicus European Regional Re-
analysis (CERRA), which covers all of Europe at a 5.5-km resolution [37]. They found that
CERRA outperformed ERA5 for regions with complex terrain and most surface weather
parameters in smaller regional areas. Over North America, a 40-year high-resolution hydro-
climate reanalysis called CONUS404 was developed by NCAR, dynamically downscaling
ERA5 with the Weather Research and Forecasting Model (WRF) to a spatial resolution of
4 km [40]. At this stage, it has not been used for renewable resource assessment. Australia’s
Bureau of Meteorology (BoM) has developed a new reanalysis product, BARRA (Bureau
of Meteorology Atmospheric High-Resolution Regional Reanalysis for Australia) [1,38],
which holds great promise for renewable resource assessment.
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With the increasing global adoption of renewables, the need for a spatial and temporal
dataset tailored specifically for renewable energy siting purposes becomes more apparent.
Many of the higher-resolution reanalysis products have not been fully utilised for renewable
assessment in Australia. It is therefore essential to assess their viability in this role, alongside
understanding the potential for them to serve as a tool for understanding the resilience of
hybrid generation systems. This study is one of the first to assess the performance of BARRA
over Australia for solar and wind systems (both onshore and offshore) to understand which
regions have a complementary or synergistic relationship. A novel contribution of this
work lies in its 29-year evaluation of solar–wind complementarity, incorporating rarely
examined metrics such as variability, availability, episode length, and extended lull events
(Dunkelflaute). These metrics help planners understand which locations are optimal for
co-locating solar and wind energy as well as identify opportunities for integrating battery
storage into such systems, particularly during periods of lulls.

The layout of this paper is as follows: Section 2 describes the reanalysis product and
various metrics used to assess aspects of the co-location of solar and wind. Section 3
presents the results for all metrics across Australia, including offshore. Section 4 discusses
the results in the context of previous work, and Section 5 concludes the key results of
the paper.

2. Materials and Methods
2.1. Reanalysis Data

This study utilized the Bureau of Meteorology Atmospheric High-Resolution Regional
Reanalysis for Australia (BARRA) product, available at the National Computational Infras-
tructure (NCI). Its core product, BARRA-R, provides data at a 12 km horizontal resolution
and is built using version 10.2 of the UK Met Office’s Unified Model (UM). This atmo-
spheric model employs a non-hydrostatic, fully compressible deep-atmosphere framework,
characterized by a semi-implicit, semi-Lagrangian dynamical core that conserves mass and
accurately solves the equations of motion. Vertically, BARRA-R is configured with 70 levels
extending up to 80 km above sea level, with 50 levels concentrated below 18 km to capture
tropospheric processes in detail [38].

The reanalysis is initialized using ERA-Interim data, which also provides the lateral
boundary conditions interpolated hourly from ERA-Interim’s 6-hourly global fields at
0.75◦ resolution. BARRA-R assimilates a wide range of observational data, including
measurements from surface stations, ships, drifting buoys, aircraft, radiosondes, wind
profilers, and satellites. Satellite observations include retrieved wind vectors, radiances,
and GPS radio occultation bending angles. Before assimilation, all observations undergo
rigorous quality control to eliminate duplicates, remove low-quality data, and minimize
redundancy, following established procedures.

In evaluations spanning 2003–2016, BARRA-R has demonstrated improved accuracy
compared to global reanalysis, such as ERA-Interim and MERRA-2, particularly in repre-
senting near-surface variables, including 2 m temperature, 10 m wind speed, and surface
pressure. It also provides more accurate estimates of temperature extremes and captures
the frequency of heavy rainfall events with greater fidelity, especially at finer spatial scales
(5–25 km) [38,41,42]. Likewise, evaluations with moist surface variables at sites in Northern
Australia also demonstrated BARRA-R to be reliable and in good agreement with obser-
vations [43]. Recently, BARRA-R was found to be one of the best-performing reanalysis
products for wind power generation [44,45]. Although not explicitly evaluated for solar
irradiation, its consistency in reproducing surface variables under extreme conditions
renders additional validation unnecessary [43,46].
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Therefore, hourly BARRA-R data from January 1990 to February 2019 were assessed
for their weather resources with the potential for renewable energy generation in Australia.
This study avoided the conversion of weather resources to power, allowing regions to be
easily compared without limiting the study to a single PV technology and a restrictive wind
power curve. The spatial extent of BARRA-R and the region of interest for the weather
resource assessment are shown in Figure 1.

Figure 1. The spatial extent of BARRA-R with shaded terrain height. The regional boundary used in
this study for Australia is shown in dashed red lines. Also marked (x) is one of the biggest operational
hybrid solar–wind farms in Port Augusta, South Australia, with a capacity of 317 MW.

2.1.1. Solar Resource

The solar resource was derived using the total downward shortwave radiative flux at
the ground or ocean surface (av_swsfcdown) computed as the mean of all the radiative
timestamp computations within the hour. Note: this variable directly aligns with the Global
Horizontal Irradiance (GHI) used in solar resource assessments.

2.1.2. Wind Resource

The wind data was available at hourly averages for 10 m above ground level in
zonal (av_uwnd10m) and meridional (av_vwnd10m) components. The components were
converted into average hourly wind speeds using the Pythagoras approach. The wind speed
data at 10 m (V10) were converted to wind resource data at 80 m (WPD80m), compatible
with hub height for typical turbines available in Australia, using the classical wind power
relationship with a shear component of α = 1/7 [47]. Thus, the Wind Power Density (WPD)
was calculated using air density at sea-level (ρ = 1.225 kg/m3):

WPD80m =
1
2

ρV3
10m83α (1)

The shear component and air density exhibited spatial and temporal variability, which
affects the computation of WPD [48]. Nonetheless, this simplification was necessary for
consistency with other studies [49,50].

2.2. Analysis Approach

Key statistics from BARRA solar and wind resources were first calculated and later an-
alyzed to determine the variability, reliability, and intermittency of the resources, followed
by determining their synergy characteristics using metrics proposed by Prasad, Taylor, and
Kay [5].
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2.2.1. Central Tendency Measures

The central tendency measures were computed for the solar and wind resources (R)
using the mean (R) and median (R̃) values of the calculated resources. For a sequence
of ordered resource power density {R1 , R2 , . . .RT} in time T (hourly resolution from
January 1990 to February 2019), the calculations are as follows:

R =
1
T ∑T

t=1 Rt (2)

R̃ =

R( T+1
2 ) , i f T is odd

1
2

(
R( T

2 )
+R( T

2 +1)

), i f T is even (3)

2.2.2. Variability

The variability in calculated resources was expressed using the relative coefficient of
variation (RCoV) and the inter-quartile range (IQR):

RCoV =
˜∣∣Rt − R̃

∣∣
R̃

(4)

IQR = R⌊0.75(T+1)⌋ −R⌊0.25(T+1)⌋ (5)

2.2.3. Reliability

The reliability of solar and wind resources was calculated as the availability (Av) of
usable power defined as the frequency of occurrence of resource power density based on
thresholds (RTH):

Av =
1
T ∑T

t=1 1[Rt ≥ RTH ]× 100% (6)

For comparison to solar resources, the daytime availability (DAv) was also computed
by filtering out nighttime data for GHI < 0 W/m2. Here, the thresholds for solar and wind
resources were adopted as 170 W/m2 (RSolar

TH ) and 240 W/m2 (RWind
TH ), respectively, using

earlier formulations by Prasad, Taylor, and Kay [5].

2.2.4. Intermittency

The intermittency in computed resource density was calculated using episode lengths
and lulls based on the thresholds used for reliability calculations. The episode length depicts
the persistence of reliability, whereas the lulls measure the persistence of unreliability. The
binary resource availability indicator can be computed as the following:

At =

{
1, i f Rt ≥ RTH

0, otherwise
(7)

Thus, an episode length (EL) is the maximum continuous interval [ts, te] ⊆ T:

∀t ∈ [ts, te], At = 1 and Ats−1 = 0, Ate+1 = 0 (8)

Then, the set of all episodes (EL) was defined as the following:

EL =

{
[ti

s, ti
e] ⊆ T

∣∣∣∣∣ ∀t ∈ [ti
s, ti

e], At = 1
Ati

s−1 = 0, Ati
e+1 = 0

}
(9)
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Hence, the length of an episode (i) will be given as this equation:

ELi = ti
e − ti

s + 1 (10)

Likewise, the lulls (Lulls) are the maximum continuous interval [ts, te] ⊆ T for
the following:

∀t ∈ [ts, te], At = 0 and Ats−1 = 1, Ate+1 = 1 (11)

Then, the set of all lull periods (Lulls) was defined with this equation:

Lulls =

{
[ti

s, ti
e] ⊆ T

∣∣∣∣∣ ∀t ∈ [ti
s, ti

e], At = 0
Ati

s−1 = 0, Ati
e+1 = 1

}
(12)

Hence, the length of lulls (i) will be given as

Lullsi = ti
e − ti

s + 1 (13)

The maximum episode lengths or lulls (εmax) were also derived using

εmax = max
i∈{1,...,ε}

εi (14)

Likewise, the mean, median, and IQR for episode lengths and lulls for the resources
were also computed using similar formulations from Equations (2), (3) and (5), respectively.

2.2.5. Synergy Metrics

The synergy between solar and wind resources is determined by calculating the total
number of reliable hours of power production at each grid point across Australia compared
to the overall hours examined in the data [5]. The key metrics for the synergy of solar and
wind resources were computed as follows [9]:

CW =
1
T ∑T

t=1 1
[(

RWind
t ≤ RWind

TH

)
∧
(
RSolar

t > RSolar
TH

)]
× 100% (15)

The SCW scenario illustrates how solar resources can enhance the performance of
wind resources. Specifically, it demonstrates how a solar farm can effectively support a
non-generating wind farm connected to the same grid.

WCS =
1
T ∑T

t=1 1
[(

RWind
t > RWind

TH

)
∧
(
RSolar

t ≤ RSolar
TH

)]
× 100% (16)

The WCS scenario illustrates how wind resources can enhance the performance of
solar resources. Specifically, it demonstrates how a wind farm can effectively support a
non-generating solar farm connected to the same grid.

WSS =
1
T ∑T

t=1 1
[(

RWind
t > RWind

TH

)
⊕

(
RSolar

t > RSolar
TH

)]
× 100% (17)

The WSS scenario illustrates the synergy between wind and solar energy. It demon-
strates how a wind farm and a solar farm can complement each other when connected to
the same power grid.

NWSS =
1
T ∑T

t=1 1
[(

RWind
t ≤ RWind

TH

)
∧
(
RSolar

t ≤ RSolar
TH

)]
× 100% (18)

The NWSS scenario illustrates the negative synergy between wind and solar energy.
It demonstrates how a wind farm and a solar farm fail to complement each other when
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connected to the same power grid, resulting in neither source producing usable power.
Note that there may be a scenario where both the solar farm and wind farm simultaneously
produce usable power, but they may not be in synergy and have been excluded from
this study. All scenarios’ intermittency metrics were also computed using the formula-
tions shown in Section 2.2.4 to understand the bankability of hybrid solar–wind farms
across Australia.

3. Results
3.1. Central Tendency Measures

The mean and median of solar (GHI) and wind (WPD) resources are shown in Figure 2.

Figure 2. Key statistics of solar and wind resources derived using BARRA-R over Australia. (a) Mean
GHI, (b) Mean WPD, (c) Median GHI, and (d) Median WPD.

The mean and median values of GHI exhibited comparable regional characteristics.
Higher GHI values, exceeding 480 W m−2, were observed in central and northwestern
Australia, whereas lower values, below 240 W m−2, were prevalent in the southern re-
gions, particularly in Tasmania. Over ocean areas, GHI values were generally lower than
over adjacent land regions, reflecting higher cloud cover and atmospheric attenuation
over marine environments. Similarly, the mean and median values of Wind Power Den-
sity (WPD) demonstrated analogous spatial patterns, albeit with significant differences
in magnitude. The mean WPD was recorded at its highest in southwestern Australia,
exceeding 480 W m−2, and at its lowest in the eastern interior, where it dropped below
180 W m−2. Conversely, the median WPD was markedly diminished in both regions, with
values exceeding 250 W m−2 in the southwest and less than 50 W m−2 in the eastern region.
Over oceans, WPD tended to remain elevated in both the mean and median, suggesting
more persistent wind regimes compared to land areas due to the lack of orography. The
underlying probability distributions influenced these discrepancies between the mean and
median values. GHI typically adhered to a Gaussian distribution, resulting in a closer align-
ment between the mean and median, while WPD followed a positively skewed Weibull
distribution, leading to greater deviations between these two metrics.
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3.2. Variability

The variability of solar (GHI) and wind (WPD) resources, as computed by RCoV and
IQR, is shown in Figure 3.

Figure 3. Variability of solar and wind resources derived using BARRA-R over Australia. (a) RCoV
GHI, (b) RCoV WPD, (c) IQR GHI, and (d) IQR WPD.

Both the RCoV and IQR distributions illustrate the spatial variability characteristics of
solar (GHI) and wind (WPD) resources across Australia. The RCoV of GHI was relatively
uniform, with values predominantly exceeding 0.6 across most of the continent, indicating
modest variability in solar irradiance throughout the year. However, slightly elevated RCoV
values (≥0.9) were observed in the southern regions, particularly Tasmania, suggesting an
increase in seasonal variability in solar resources due to heightened cloud variability in this
area. In contrast, the RCoV of WPD displayed significantly higher values (>1.3) in coastal
and elevated regions, especially in southeastern Australia, reflecting substantial temporal
fluctuations in wind energy availability. Conversely, inland and northern areas exhibited
lower RCoV values (<1.0), indicating reduced variability. Notably, oceanic regions exhibited
more uniform and lower RCoV values compared to land areas, suggesting steadier marine
wind circulation patterns. The IQR distributions shown in Figure 3c,d further reinforce
these patterns. The IQR of GHI showed higher absolute variability (>600 W m−2) in
northern Australia, where total irradiance was also high, and lower values (<400 W m−2)
in the southern regions. Over the ocean, the IQR of GHI was moderately low, consistent
with the earlier observed mean values. For WPD, the IQR highlighted elevated variability
(>480 W m−2) along southern and coastal regions, including offshore areas, confirming
that wind resources exhibit both high magnitude and strong temporal fluctuations in
these zones.

3.3. Reliability

The reliability of solar (GHI) and wind (WPD) resources, as computed by availability
metrics, is shown in Figure 4.
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Figure 4. Reliability of solar and wind resources derived using BARRA-R over Australia. (a) Total
availability in GHI, (b) Total availability in WPD, (c) Daytime availability in GHI, and (d) Daytime
availability in WPD.

Both total and daytime availability metrics provide insights into the reliability of
solar and wind resources for energy generation across Australia. For GHI, both total and
daytime availability revealed similar spatial patterns, with reliability improving toward the
north and interior. Total AV GHI ranged from >39% in northern and central Australia to
<27% in the southern regions, especially Tasmania, indicating lower year-round reliability
due to seasonal cloud cover. Daytime AV GHI presented substantially higher percent-
ages, with values exceeding 75% in northern areas and remaining above 51% even in the
south. Unsurprisingly, during daylight hours, solar irradiance consistently exceeded the
operational threshold across much of the continent, making it a highly reliable resource, es-
pecially in inland areas. For WPD, reliability exhibited greater spatial variability, as shown
in Figure 4c,d. Total AV WPD was highest (>60–80%) along the southern and western
coastal fringes and over adjacent oceans, but dropped below 20% across the eastern and
interior regions. Daytime AV WPD revealed a similar spatial structure, with peak values
remaining over marine areas and southern coastal zones, but lower reliability persisting
inland. The strong contrast between land and ocean reliability reflects the influence of
coastal wind systems and synoptic patterns that dominate Australia’s wind climate. GHI
demonstrated broadly high and consistent reliability, especially during daylight hours,
with only modest reductions in southern latitudes. In contrast, WPD reliability was highly
region-specific, favoring southern coastal and marine zones while remaining limited inland.
These patterns illustrate the complementary nature of solar and wind resources in Australia,
underscoring the importance of geographic diversification in designing hybrid solar–wind
energy systems.

3.4. Intermittency

The intermittency of solar (GHI) and wind (WPD) resources can be characterized by
episode lengths and lulls, as illustrated with the key statistics in Figures 5 and 6. The
maximum, mean, median, and IQR episode lengths for GHI and WPD are shown in
Figure 5a,b, Figure 5c,d, Figure 5e,f, and Figure 5g,h, respectively.
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Figure 5. Episode Lengths (EL) of solar and wind resources derived using BARRA-R over Australia.
(a) Maximum EL for GHI, (b) Maximum EL for WPD, (c) Mean EL for GHI, (d) Mean EL for WPD,
(e) Median EL for GHI, (f) Median EL for WPD, (g) IQR EL for GHI, and (h) IQR EL for WPD.

The episode lengths offer valuable insights into the persistence and intermittency of
solar and wind resources across Australia. For GHI, the maximum EL exceeded 800 h in
many parts of central and northern Australia, indicating long and persistent high-irradiance
periods, particularly in arid inland regions. Mean EL values exhibited a similar spatial
gradient, ranging from ~12 h in southern areas to more than 21 h in the north, reflecting
longer durations of sustained solar irradiance. The median EL also highlights the frequency
of extreme-length solar episodes, with durations exceeding 21 h observed in localized
high-sunshine regions in the northwest and central interior. The IQR of EL values was
highest in the northern and central regions (>12 h), indicating greater variation in episode
durations, but still suggesting a strong base of persistent solar availability. In contrast,
WPD episode lengths were generally shorter and more variable. Maximum EL exhibited
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a fragmented pattern, with values of up to 200 h primarily observed in southern coastal
and inland regions. Mean EL WPD was lower overall, generally ranging between 4 and
8 h, indicating shorter periods of continuous usable wind. The median EL confirms this
variability, with few regions exceeding 10 h, and much of inland Australia below that
threshold. The IQR of EL reinforces this result, showing a higher spread (>16 h) in coastal
and oceanic zones and lower variability inland. These episode length metrics emphasize
that solar energy offers longer and more predictable episode durations, especially in central
and northern Australia, whereas wind energy episodes are more intermittent and shorter,
particularly in inland areas.

Figure 6. Lulls of solar and wind resources derived using BARRA-R over Australia. (a) Maximum
Lulls for GHI, (b) Maximum Lulls for WPD, (c) Mean Lulls for GHI, (d) Mean Lulls for WPD,
(e) Median Lulls for GHI, (f) Median Lulls for WPD, (g) IQR Lulls for GHI, and (h) IQR Lulls
for WPD.
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Similarly, the maximum, mean, median, and IQR of lulls for GHI and WPD are shown
in Figure 6a,b, Figure 6c,d, Figure 6e,f, and Figure 6g,h, respectively. Lulls provide critical
insight into the intermittency and risk of prolonged low-resource conditions for solar and
wind energy across Australia. For GHI, lull periods were generally short and consistent.
The maximum lull duration was under 300 h across most of the continent, with the shortest
lulls in northern Australia and longer durations in the south, particularly Tasmania. Mean
lull duration ranged from ~13.8 to 16.2 h, with longer lulls in southern regions due to
greater cloud cover and shorter daylight periods. The median lull duration showed similar
spatial structure, indicating that extreme low-solar episodes were relatively constrained
across most of Australia. The IQR was low throughout the continent (<5 h), suggesting
high temporal consistency and low variability in solar resource interruptions. In contrast,
WPD showed substantially greater intermittency. The maximum lull duration exceeded
2000 h in parts of inland Queensland, New South Wales, and northern Australia, indicating
prolonged periods of unusable wind energy. Mean lull durations were generally higher
than for GHI, exceeding 60 h in wind-poor inland regions, with lower values (20–40 h) near
coastal zones. The median lull durations and IQR values further emphasize this variability,
particularly in the eastern half of the continent, where IQR values exceeded 100 h. These
metrics highlight the inherent unreliability of wind energy in inland and tropical regions,
contrasted by more stable wind regimes near the coasts and over oceans.

3.5. Synergy

The synergy characteristics of solar (GHI) and wind (WPD) resources are shown in
Figure 7.

Figure 7. Synergy of solar and wind resources derived using BARRA-R over Australia. (a) SCW,
(b) WCS, (c) WSS, and (d) NWSS.

SCW was highest (>32%) across much of central and northern Australia, as shown in
Figure 7a. These regions exhibited strong complementarity, where wind and solar resources
tend to be temporally offset, allowing solar resources to support energy generation when
wind energy is unavailable. Lower SCW values (<8%) were observed in southern and
southeastern coastal regions, indicating less temporal compensation between wind and
solar energy. Figure 7b displays the fraction of time when solar availability drops and is
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complemented by the solar resource (WCS). This metric was elevated (>48%) in southern
coastal regions, which are characterized by high wind availability. Lower values (<24%)
were found in northern and inland regions, where wind is available in modest amounts
during solar shortfalls.

Interestingly, WSS, shown in Figure 7c, included times when both resources adequately
complemented each other. Overall, a strong land–ocean contrast is seen in WSS, with higher
complementarity over oceans than land. The spatial pattern highlighted high values (>55%)
in the southern and western regions of the country, and low values (<35%) in the northern
and central regions, reinforcing that inland Australia provided more than 25% synergy in
solar and wind resources. On the other hand, Figure 7d shows NWSS, which captures the
combined periods with no solar and wind availability and is critical for understanding
energy storage or grid backup needs. The highest values (>54%) occurred in southeastern
and coastal regions, particularly where both wind and solar intermittency coincide. In
contrast, northern and arid inland areas exhibited lower NWSS (<36%), suggesting lower
overall mismatch and less reliance on batteries.

To assess the bankability of a hybrid solar–wind system in Australia, it is essential
to consider not only synergy metrics but also other key factors. It is also necessary to
investigate the intermittency associated with the synergy metrics, as shown with key
statistics of episode lengths and lulls in Figures 8 and 9, respectively.

Figure 8. Episode Lengths (EL) of synergy metrics derived using BARRA-R over Australia.
(a) Maximum EL for SCW, (b) Maximum EL for WCS, (c) Maximum EL for WSS, (d) Maximum EL
for NWSS, (e) Mean EL for SCW, (f) Mean EL for WCS, (g) Mean EL for WSS, (h) Mean EL for NWSS,
(i) Median EL for SCW, (j) Median EL for WCS, (k) Median EL for WSS, (l) Median EL for NWSS,
(m) IQR EL for SCW, (n) IQR EL for WCS, (o) IQR EL for WSS, and (p) IQR EL for NWSS.

Figure 8a,e,i,m show the maximum, mean, median, and IQR episode length (EL)
of solar complementing wind (SCW). The maximum EL for SCW ranged from 10 to
13 h, aligning with the regions with the longest daylight in southern Australia, with
lower values over northern coastal and marine areas. The mean and median EL for SCW
exhibited consistent patterns, peaking from around 6 to 9 h across central and eastern
inland Australia, whereas coastal and oceanic zones showed reduced values. The IQR
EL for SCW ranged from 2 to 8 h, with the largest swings concentrated in the northern
interior, whereas marine regions showed lower variability, reflecting more uniform but
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shorter SCW episodes offshore. Figure 8b,f,j,n illustrate the maximum, mean, median, and
IQR EL of wind complementing solar (WCS). The maximum EL for WCS reached up to
200 h across oceanic regions in Australia, over Tasmania, and in parts of northern Australia,
but was significantly lower over eastern Australia. The mean and median EL for WCS
peaked around 6 h in southern and southwestern land areas, with surrounding marine
areas generally showing larger durations of 12 h. The IQR EL of WCS peaked at 9 h over
land, with variability concentrated in southern and northeastern Australia, while ocean
regions exhibited more stable, but higher swings.

Figure 9. Lulls of synergy metrics derived using BARRA-R over Australia. (a) Maximum Lulls for
SCW, (b) Maximum Lulls for WCS, (c) Maximum Lulls for WSS, (d) Maximum Lulls for NWSS,
(e) Mean Lulls for SCW, (f) Mean Lulls for WCS, (g) Mean Lulls for WSS, (h) Mean Lulls for NWSS,
(i) Median Lulls for SCW, (j) Median Lulls for WCS, (k) Median Lulls for WSS, (l) Median Lulls for
NWSS, (m) IQR Lulls for SCW, (n) IQR Lulls for WCS, (o) IQR Lulls for WSS, and (p) IQR Lulls
for NWSS.

Similarly, Figure 8c,g,k,o present the maximum, mean, median, and IQR EL of wind–
solar synergy (WSS). The maximum EL for WSS extended to 200 h, scattered across much
of Australia, with ocean areas exhibiting broader and more sustained synergy events
compared to land areas. The mean and median EL for WSS values clustered between 9
and 12 h, especially over inland southeastern regions, while IQR for WSS was highest over
continental zones, suggesting modest variations in synergy episode durations over land.
Ocean regions again showed much higher swings in WSS distributions. Figure 8d,h,l,p
display the maximum, mean, median, and IQR EL of no wind–solar synergy (NWSS),
reflecting periods of simultaneous shortfall in both resources. The maximum EL of NWSS
exceeded 180 h in southeastern and eastern inland regions, with oceanic zones typically
showing shorter durations. The mean and median EL for NWSS peaked above 12 h in
northern and eastern inland Australia, while remaining lower across southern coastlines
and offshore. The IQR EL of NWSS was greatest (up to 12 h) in eastern interior regions,
reflecting greater non-generation on land compared to the surrounding Southern Ocean.

Figure 9a,e,i,m show the maximum, mean, median, and IQR lull duration of solar
complementing wind (SCW). The maximum lull durations reached up to 360 h in southern
and coastal Australia, particularly over marine regions, indicating longer periods without
effective solar complement to wind. Mean and median lull durations were highest in
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southern and southeastern Australia, ranging from 20 to 48 h, and were substantially
shorter across northern inland areas (<16 h), suggesting better solar complementarity in the
tropics. The IQR spanned from 4 to 40 h, with the most significant variability concentrated
in southern and eastern coastal regions, while southern oceanic zones exhibited much
higher IQR, implying more lull durations offshore. Figure 9 b,f,j,n present the maximum,
mean, median, and IQR lull durations of wind complementing solar (WCS). The maximum
lulls were most severe in eastern and northern Australia, exceeding 2000 h, indicating
prolonged periods when wind cannot compensate for solar loss. Coastal and oceanic zones
experienced shorter maximum lulls (<1000 h). The mean and median lulls exceeded 40 h in
inland northern and northeastern Australia, while values in southern and coastal zones
remained <20 h. The IQR varied from 10 to 80 h, with inland land areas exhibiting higher
variability and marine zones again showing lower and more consistent lull durations.

Figure 9c,g,k,o illustrate the maximum, mean, median, and IQR lull durations of wind–
solar synergy (WSS). The maximum lulls ranged between 24 and 80 h across southern and
central Australia, while being shorter (<20 h) in the north and along the coastal oceans.
The mean and median lulls in southern inland regions typically ranged from 3 to 8 h, with
higher values (>10 h) observed in northern and eastern regions. The IQR of WSS was
highest in eastern inland Australia, reaching up to 9 h, whereas oceans showed reduced
and more stable lull variability. Figure 9d,h,l,p display the maximum, mean, median, and
IQR lull durations of wind–solar energy (NWSS), representing the most critical periods
of simultaneous resource unavailability. The maximum lull durations of NWSS exceeded
160 h in western and southwestern Australia and were generally much greater (>200 h) over
coastal oceans. Mean and median lulls were <10 h in inland and southeastern regions, with
values increasing toward the coasts. The IQR for NWSS was highest in southern Australia
(12 h), reflecting lesser uncertainty in dual-resource shortfalls over land compared to the
marine environment of the Southern Ocean.

3.6. Case Study

Further assessment of the metrics was tested for one of the biggest operational hybrid
solar–wind farms in Port Augusta, South Australia, with a capacity of 317 MW. The key
metrics computed for the site are shown in Table 1.

For the site, solar showed a high mean and median with relatively moderate variability,
reflecting its consistency and predictable daily cycle. In contrast, wind had a much lower
median compared to the mean and a higher variability, indicating a strongly skewed
distribution dominated by frequent calms interspersed with strong events. Reliability
metrics further confirmed this divergence. The total and daytime availability of solar
energy was significantly higher than that of wind. Synergy statistics revealed that solar
complementing wind (SCW) accounted for 23% of events, while wind complementing
solar (WCS) accounted for only 9%, but combined synergy (WSS) accounted for 32%.
Nonetheless, joint deficits (NWSS) remained dominant at 53%, underscoring the need
for storage. Episode length (EL) analysis revealed that solar persistence was significantly
stronger (mean 15 h, max 442 h) than wind (mean 6 h, max 70 h). In comparison, synergy
episodes typically lasted 5 h but could extend up to 36 h. Importantly, synergy (WSS)
lulls lasted an average of 10 h and could persist for up to 47 h, far shorter than wind-only
extremes (>500 h), suggesting hybrid systems already reduce intermittency risks. In terms
of solar lulls, it remained bounded (max ~91 h, mean 14 h), whereas wind could experience
prolonged calm periods exceeding 500 h. Collectively, these results confirm that solar
was the more reliable backbone resource at the site, wind provided valuable but variable
diversity, and hybridization cut extreme shortfalls down to manageable durations on the
order of a few days.
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Table 1. Key metrics computed for the site in Port Augusta with an operational hybrid solar–wind farm.

Metrics GHI WPD SCW WCS WSS NWSS

Key Statistics
x 431 146 - - - -

x̃ 392 53 - - - -

Variability
RCoV (%) 105 142 - - - -

IQR 560 177 - - - -

Reliability
Total AV (%) 38 20 - - - -

Day AV (%) 71 34 - - - -

Synergy Scenario (%) - - 23 9 32 53

Intermittency

Max EL (h) 442 70 12 36 36 46

EL (h) 15 6 5 3 5 11

ẼL (h) 12 4 5 2 4 12

IQR EL (h) 8 7 6 4 5 8

Max Lulls (h) 91 537 144 623 47 90

Lulls (h) 14 26 18 34 10 10

L̃ulls (h) 14 15 16 19 10 10

IQR Lulls (h) 3 20 6 35 11 5

4. Discussion
Synergy metrics (such as SCW, WCS, and WSS) capture the periods when one resource

effectively compensates for the other, thereby reducing the net variability of the system.
When synergy is high, batteries primarily serve to smooth short-term fluctuations and
perform intra-day shifting, such as storing solar surplus for evening peaks. In these
conditions, storage requirements remain modest because the natural complementarity
between solar and wind already eliminates many prolonged deficits. By contrast, the non-
synergy metric (NWSS) represents the most critical stress points for system reliability. The
duration and frequency of NWSS events directly inform the sizing of long-duration battery
storage, since these are the periods when neither solar nor wind can support demand.
For example, while synergy episodes may only require a few hours of coverage, NWSS
lulls can extend up to several days, demanding substantially larger storage reserves to
bridge the gap. Thus, synergy reduces overall storage burden, but NWSS defines the upper
bound of backup capacity needed to guarantee system resilience. In practice, integrating
synergy and non-synergy metrics ensures that storage planning is neither overbuilt, leading
to unnecessary costs, nor underbuilt, leaving the grid exposed during rare but severe
joint deficits. Several studies have already demonstrated the benefits of simple storage
optimization using the complementary characteristics of a hybrid solar–wind system [9,51].

Most of the results presented in the study are comparable to those presented in similar
metrics by earlier studies [5,9] using MERRA2 reanalysis data. The added resolution from
BARRA-R reanalysis paints a clearer picture of the variability, reliability, and intermittency
of solar and wind resources. It further provides more localized insights related to synergy
characteristics. Most of the results presented in the paper differ slightly from a recent
study examining the synergy characteristics of solar and wind energy using BARRA-R
by Wu and West [1] mainly due to differences in wind energy conversions. We used a
typical wind turbine hub-height of 80 m instead of surface winds at 10 m. Additionally, this
study focused primarily on intermittency metrics for solar and wind energy, extending to
synergy measures.
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It is highly plausible that both localized and large-scale weather patterns drove the
key results presented; however, this has not been extensively investigated in this study.
A recent study has presented strong evidence of widespread clouds and anticyclonic
circulations affecting solar and wind lulls in Australia [52]. Likewise, the evidence of
climate variability has also been discussed in relation to fluctuations in supply for wind and
solar energy [53]. Notably, errors in simulating clouds and circulation from the reanalysis
model will propagate solar and wind resources upon post-processing. Some of the issues
identified with the BARRA-R data include errors in the computation of direct and diffuse
radiation, which lead to a 10% uncertainty in irradiance [54], and the underestimation
of strong winds (gusts) at 10 m [38]. The recent release of BARRA2 may offer improved
modelling of solar and wind resources, especially in terms of their synergy characteristics.
It has been shown to outperform MERRA2 and ERA5 for wind power generation in
Australia [45].

5. Conclusions
This paper assessed the suitability of the high-resolution BARRA reanalysis product

in capturing the spatio-temporal characteristics, such as synergy and complementarity,
between solar and wind energy sources across Australia.

The key metrics of variability and reliability assess a resource’s suitability for the
continuity of supply. The greater the variability in a particular region, the more likely it is
that it would require a form of Battery Energy Storage (BES) to cover the variable periods.
Overall, for GHI spatially over Australia, only modest variability was observed. This did,
however, increase in the southern states, particularly Tasmania, where cloud variability
became the driving factor. WPD exhibited significantly larger variability in coastal and
elevated regions, particularly in the southeast, which is likely due to terrain features and
the land–sea boundary in coastal areas. The variability decreased across the ocean coastline
and in the inland and northern parts of the continent.

Reliability was assessed by the availability metric, with higher availability in the
central regions of the continent, which are more dominated by arid climate features. This
region would therefore provide greater reliability. As observed with variability, availability
decreased in the southern regions, most likely due to increased cloud cover. Unsurprisingly,
WPD availability had greater spatial variability and was highly region-dependent, with
the greatest availability in the south and in maritime zones. This alludes to the greater
potential for off-shore wind. To further understand availability, two additional important
metrics provided more details on the resource—lulls and episode length. Lulls provide
important information on continuous periods of low to no generation. This metric can
guide developers in understanding the longest period of time when BES may be needed,
and they can also use this information to schedule maintenance effectively. For GHI lulls,
the lulls were relatively consistent across the country and similar to what was observed in
the previous metrics. We see that the duration of lulls was greater in the southern part of the
continent and lower in the north. The longest period of no generation was approximately
12 days. The WPD, however, showed greater intermittency across the inland eastern part
of the continent, stretching into the north. More stable wind regimes were found in the
coastal areas and over the oceans. Episode length provides greater insight into availability
by identifying regions where we can expect continuous, prolonged generation, which in
turn gives more confidence in the continuity of supply. Solar energy had longer and more
predictable periods of episode duration, in particular over central and northern Australia.
WPD was again more variable, with greater intermittency and shorter episode lengths,
which was more notable in inland areas.
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While an understanding of these individual resources is useful, the metrics also
suggest how synergy and complementary metrics will perform. Overall, we observed a
strong aspect of SCW in the central and northern parts of Australia, with WCS prevailing
in the southern and coastal areas. These regions demonstrated that the alternative resource
will effectively offset any shortfalls from the other. In terms of the synergy metrics, an
understanding of when both resources are not available or are highly intermittent could lead
to the development of battery storage or other forms of grid backup to cover those shortfall
periods. We observed the highest percentage of unavailability in the southeastern and
coastal regions, with the arid inland areas being less reliant on forms of backup generation.
In terms of lulls, with SCW, we observed better regions of complementarity in the tropical
regions, specifically northern Australia, and greater variability in the southern and eastern
coastal regions. For WCS, we observed longer durations in east and north Australia,
suggesting that wind is unable to compensate for the loss of solar energy. Shorter-duration
lulls were experienced in coastal and oceanic regions.

The metrics in this paper can be further explored in the future to optimize BES systems.
Lulls and availability can be used to potentially size a system, whereby correlating with
demand and the maximum lulls, one can determine the size and duration of storage
required. This is key for transitioning to a renewable grid to maintain the continuity of
supply. Alongside the metrics used in this study, correlations between temperature are
also important when choosing a battery type for the BES system, as regions with higher
temperatures can accelerate degradation. The locations identified in this study could
also be used to model generation on a system level, providing guidance to investors and
developers on future hybrid locations. Investigating how hybrid generation correlates with
demand to reduce ramping from one system can also be extended in future studies. The
threshold metrics used in this study could also be tailored to focus on extremes that impact
solar and wind output. Overall, the BARRA dataset contains a range of variables useful for
renewable assessment, such as Concentrated Solar Power (CSP), rainfall, and cloud cover,
to name a few.

This study has illustrated the importance of understanding the characteristics of a
resource both individually and collectively. The combination of solar and wind can reduce
the intermittency that occurs from a single generation source, and understanding their
synergistic behaviour allows for a better response to potential shortfalls and knowledge
of when a backup power supply is needed, hence allowing the continuity of supply.
These metrics and analyses were performed using a high-resolution spatial and temporal
reanalysis product, with the methodology employed here easily adaptable to other products
for any country in the world. BARRA-R’s coverage also gives the Pacific Islands the ability
to understand how renewable resources could be implemented.
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