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A B S T R A C T

Solar and wind power are key pillars in the transition toward decarbonized electricity systems, but their integration is challenged by weather-driven intermittency. 
To address this, the CLIMAX tool was developed to support actionable strategies for deploying wind and solar photovoltaic (PV) facilities that reduce production 
volatility. In this case study, CLIMAX is applied to the Canary Islands, an insular region with diverse climatic conditions, to generate optimized deployment scenarios. 
The objective is to minimize residual demand (net electricity demand minus renewable generation) by leveraging the spatio-temporal complementarity of wind and 
solar resources. Results show that optimized strategies can improve system stability by up to 20 percentage points relative to current deployment patterns. These 
gains are achieved through a balanced approach that combines (i) adjustment of the wind-to-solar ratio in the mix, and (ii) spatial redistribution of facilities to 
prioritize complementarity rather than mere productivity. As a trade-off, optimized configurations often involve lower capacity factors, since site selection considers 
joint performance rather than isolated potential. The study also assesses the role of urban rooftop PV systems, demonstrating that ambitious coverage thresholds 
could transform underused urban surfaces into valuable energy assets — an insight with clear implications for integrated planning and renewable energy policy.

Introduction

Advancing the transition toward autonomous, low-carbon energy 
systems is an urgent priority, both to (1) meet zero emissions targets 
required to mitigate climate change [1], and (2) enhance energy security 
in an increasingly complex and challenging geopolitical context[2,3]. 
Wind and solar power are expected to lead this transition, alongside the 
electrification of energy systems[4]. Although these mature technolo
gies already represent a substantial share of energy generation world
wide, a massive deployment of new facilities is still forthcoming [5]. The 
way this expansion unfolds is critical, as well-informed, well-planned 
deployment strategies can significantly improve system resilience[6] 
and help reduce undesirable fluctuations in electricity generation from 
inherently variable sources such as wind and solar radiation [7–9], and 
thereby mismatches between energy production and demand.

The climate science community has been urged to increase efforts to 
improve the accuracy of predictions and simulations of variables that, in 
this context, gain particular relevance: wind speed at typical hub heights 
and downward surface solar radiation [10,11]. Accordingly, advances 
are also being made in understanding the behavior and long-term evo
lution of these resources by identifying their key drivers, including 
large-scale climate variability modes[12]and external forcing agents 

such as aerosols[13]. This growing body of knowledge is then applied to 
provide actionable insights for energy planning, with one key area of 
interest being the spatio-temporal complementarity between wind and 
solar resources[14]. Such complementarity enables for a more stable 
energy supply: when one resource underperforms, the other may 
compensate (temporal complementarity), or energy production can be 
balanced across neighboring areas (spatial complementarity). To 
leverage and operationalize these concepts, the free-access, open-source 
CLIMAX tool[15]was recently developed. Taking advantage of such a 
complementarity, CLIMAX identifies ad-hoc optimal spatial distributions 
and shares of wind and solar photovoltaic (PV) facilities within a 
selected region.

In this study, we apply CLIMAX to explore optimized deployment 
strategies for wind and solar power in the Canary Islands, a geograph
ically complex and isolated archipelago located in the North Atlantic 
Ocean near the African coast. This case study offers significant potential 
for optimization because of the islands’ diverse climate. Furthermore, as 
an insular system, energy self-sufficiency is essential. Hence, the Canary 
Islands exemplify many of the challenges (and opportunities) faced by 
other isolated regions in transitioning to renewable energy. In addition, 
we assess the role of urban areas in supporting this transition, as rooftop 
PV panels play a crucial role in minimizing the environmental impact of 

* Corresponding author.
E-mail address: sonia.jerez@um.es (S. Jerez). 

Contents lists available at ScienceDirect

Sustainable Energy Technologies and Assessments

journal homepage: www.elsevier.com/locate/seta

https://doi.org/10.1016/j.seta.2026.104949
Received 3 July 2025; Received in revised form 24 November 2025; Accepted 23 March 2026  

Sustainable Energy Technologies and Assessments 88 (2026) 104949 

Available online 27 March 2026 
2213-1388/© 2026 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://orcid.org/0000-0002-2153-1658
https://orcid.org/0000-0002-2153-1658
https://orcid.org/0000-0002-4045-5013
https://orcid.org/0000-0002-4045-5013
https://orcid.org/0000-0003-2539-5427
https://orcid.org/0000-0003-2539-5427
https://orcid.org/0000-0002-6946-6090
https://orcid.org/0000-0002-6946-6090
mailto:sonia.jerez@um.es
www.sciencedirect.com/science/journal/22131388
https://www.elsevier.com/locate/seta
https://doi.org/10.1016/j.seta.2026.104949
https://doi.org/10.1016/j.seta.2026.104949
http://creativecommons.org/licenses/by/4.0/


large-scale solar power deployment by utilizing already-built surfaces 
instead of requiring additional land use transformation for ground-based 
installations, an especially relevant advantage given limited land 
availability.

Domain and data

This case study focuses on the Canary Islands archipelago, which 
comprises eight islands (Fig. 1a). Although their respective electric grids 

are not interconnected except for the eastern islands, namely Fuerte
ventura, Lanzarote, and La Graciosa, here we consider that the whole 
system of islands is ideally interconnected (which enhances optimiza
tion of decarbonized scenarios, [16], disregarding transmission losses. 
Certainly, the interconnection between La Gomera and Tenerife is 
currently under construction, but others remain limited by technical 
constraints mainly related to the steep bathymetry in the region. This is, 
therefore, a strictly academic exercise aimed at illustrating the full po
tential of the method for optimized solutions. The data required by this 

Fig. 1. Domain. Panel (a): Location of the Canary Islands archipelago on the globe. Panels (b) and (c): Daymeans of daytime and nighttime SP + WP supply (yellow 
and blue, respectively) and electricity demand (grey) in the whole archipelago. Thick lines are daily multi-year means, thus depicting mean annual cycles. Shadows 
show the maximum deviation from the mean of the individual daily records in the series, which span from 2014 to 2019. Panels (d) and (e): Operative or pro
grammed capacity of solar photovoltaic (SP) and wind power (WP), respectively, by the year 2020 aggregated per grid cell (units: MW), with the name of each island 
indicated in panel (d). Panels (f) and (g): Feasible areas for the deployment of SP (orange) and WP (light blue for onshore and dark blue for offshore), respectively, 
with the grid cells comprising urban areas highlighted in red in panel (f).
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research are described below.
Electricity demand records (from all the islands comprising the 

Canarian system) with hourly resolution for the period 2014–2019, 
provided by the transmission agent and operator of the Spanish elec
tricity system (Red Eléctrica de España, www.ree.es, last accessed on June 
20, 2025), were used in this study to try fitting simulated electricity 
production series to demand. With a merely illustrative purpose, Fig. 1b, 
c provides a picture of the mean demand along the year, for both day- 
and nighttime, and its interannual variations, together with the actual 
wind-plus-solar power supply (also retrieved from the same source with 

the same hourly resolution and for the same period).
Weather variables were used to estimate wind and solar power (WP 

and SP, respectively) capacity factors (CF), specifically, downward 
surface solar radiation (rsds) and wind speed (ws) at two vertical levels, 
100 and 150 m height. These were obtained from a high spatio-temporal 
resolution regional climate simulation performed with the WRF model 
[17]to downscale the ERA5 reanalysis[18]. This simulation provides 
two-hourly data data on a spatial grid with 3 km horizontal resolution 
for the period 2014–2019. The WRF configuration, including the three 
nested domains used (with 27, 9, and 3 km of spatial resolution, 

Fig. 2. Workflow. Schematic diagram of the methodological steps followed in this study (described in Section 3). Weather data (solar radiation and wind speed at 
two heights) are first converted into 2-hourly grid-point level capacity factor (CF) series for solar photovoltaic (SP), onshore wind (WPon), and offshore wind (WPoff) 
power, using simple climate-energy models. These CF series are then aggregated in time (daily means, day- and nighttime means, and 5-day means) and in space (into 
regions with similar CF temporal variability). The resulting regional mean CF series, together with electricity demand and technical constraints (e.g., capacity density 
limits, minimum urban solar contribution), feed the CLIMAX optimization framework, which produces four families of deployment scenarios: (i) Current (based on 
existing regional shares of each technology), (ii) Optim (fully optimized), (iii) Base (homogeneous distribution across regions preserving optimized total shares of 
each technology), and (iv) OptimUrban (optimized with a minimum urban SP constraint).
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respectively) and the selection of physical parameterizations used for 
those processes that are not explicitly resolved, was adopted from pre
vious works in which the model performance has been compared with 
observations of different variables such as wind, solar radiation, tem
perature, precipitation, etc. [19–22]. Specifically, the selected physics 
schemes were the WRF double-moment 6-class for microphysics [23], 
the Yonsei University planetary boundary layer scheme[24], the Noah 
land surface model[25], and the Community Atmosphere Model version 
3 scheme[26]for both longwave and shortwave radiation. The Kain–
Fritsch scheme[27]was selected for cumulus parameterization, being 
switched off in the innermost domain since the spatial resolution is 
sufficiently high to perform a convection-permitting simulation. Fifty 
unevenly distributed vertical levels were used, with higher concentra
tion in the lower part of the atmosphere.

Finally, WP and SP facilities that were either operative or planned 
(formally approved or under construction) by the end of 2020, as re
ported by DGIEGC [28,29], were aggregated per grid cell, using the 
spatial grid of the WRF simulation (Fig. 1d,e), to construct current 
deployment scenarios (see next Section). To construct the optimized 
deployment scenarios, only those onshore grid cells identified in MTERD 
[30] as suitable or profitable for allocating WP or SP installations were 
considered (Fig. 1f,g). The areas for offshore wind energy were obtained 
from the Spanish Government's Maritime Space Management Plans 
(POEM), which establish areas of high potential and priority use for the 
development of offshore wind energy in the different Spanish marine 
territories[30]. The grid points densely covered by urban areas were 
obtained from the database provided by GRAFCAN [31].

Methodology

This Section describes the methodological steps followed in this 
study, summarized in the flowchart of Fig. 2.

Capacity factors

We follow Jerez & Trigo [10] to construct WP and SP CF series from 
weather variables. Hence, SP CF is estimated from the rsds values (in W 
m− 2) using Equation (1), where GSTC refers to the incoming surface 
short-wave radiation at standard test conditions (1000 W m− 2) and PR is 
the performance ratio accounting for system losses (typically 0.75, 
dimensionless). 

CF =
rsds
GSTC

PR (1) 

For WP, a typical wind power curve (Equation (2) is used, defining cut- 
in, rated, and cut-off speeds (wI, wR, and wO, respectively) of 4, 12, and 
25 m s− 1 to estimate CF from ws values. WP CF was computed at two 
heights, 100 and 150 m, assuming different hub heights for on-shore and 
off-shore locations, respectively. ws at 100 m (onshore) and 150 m 
(offshore) was vertically interpolated between the two closest WRF 
model levels using the standard utilities provided by the wrf-python 
package (https://wrf-python.readthedocs.io), which accounts for 
WRF’s hybrid terrain-following vertical coordinate system. Although a 
high density of vertical levels is considered in the lowest part of the 
atmosphere, they rarely coincide exactly with heights of 100 and 150 m 
above the surface. The interpolation is linear and ignores air-density 
effects, as their impact over the 100–150 m layer is negligible 
compared to that of wind-speed variability. 

CF =

⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

0, if ​ ​ ws < wI

ws3 − wI
3

wR
3 − wI

3, if ​ ​ wI ≤ ws < wR

1, if ​ ​ wR ≤ ws < wO

0, if ​ ​ ws ≥ wO

(2) 

Regions

The grid points within the feasible areas for SP and WP deployments 
(Fig. 1f,g) are clustered into regions showing similar temporal vari
ability of the daily anomalies (with respect to the mean daily annual 
cycle) of the CF series of each technology, respectively, as in Jerez et al. 
[15]. As explained there (and elsewhere), once these regions are 
defined, it permits the use of the regional mean CF series instead of those 
from the single grid points. Hence, this non-necessary but recommended 
step pursues, in the context of this work, two objectives. First, reducing 
the degrees of freedom for the optimization exercise — from thousands 
(the number of grid points) to tens (the number of regions). Second, 
enhancing the flexibility and feasibility of the resulting solutions, which 
will be in the form of regional targets (easier to accommodate than if 
specified at the grid point level).

The clustering method consists of three steps. It first performs a 
Principal Component Analysis (PCA) on the input series. Based on the 
PCA results, a subset of the resulting Empirical Orthogonal Functions 
(EOFs) must be retained. This decision is up to the user and was made 
here given their explained variance (Supplementary Fig. S1, left): 21 for 
the SP series, 15 for the WP onshore series, and 4 for the WP offshore 
series, with cumulative explained variances exceeding 80, 90, and 95%, 
respectively. Then, Ward’s hierarchical method [32] is applied, which 
computes Ward’s distances defined in the EOFs space (Euclidean dis
tance between the retained eigenvectors from the PCA) as a function of 
the number of clusters. Based on this analysis, the user must decide the 
number of clusters to be obtained. Here, 25, 18, and 8 for the SP, WP 
onshore, and WP offshore, respectively. This decision was guided by a 
visual inspection of the Ward-distance curves (Supplementary Fig. S1, 
right), supported by objective criteria including the use of a piecewise 
linear regression, the L-method [33], which identifies a breakpoint be
tween a steep-slope/high-gain and a low-slope/diminishing-returns 
linear regime (applied here to the last 25% of the hierarchical merg
ing steps), and the Elbow method[34], which detects the point of 
maximum deviation from the straight-line trend in the Ward-distance 
curve. Finally, with the seeds from this first-guess classification, the 
non-hierarchical k-means clustering algorithm[35]is applied to obtain 
the final clusters. Details on this methodology can be found in Lorente- 
Plazas et al. [36].

The final clusters (here, referred to as regions) are depicted in Fig. 3
(left panels). Although alternative region counts could also yield valid 
configurations and the number of regions can be adapted depending on 
the study objectives, data availability, or decision-maker needs, this 
choice effectively captures the windward-leeward pattern which, in 
combination with the complex orography, plays a dominant role in 
shaping the climatological characteristics of the Canary Islands. Fig. 3
(right panels) also presents the matrices showing temporal correlations 
between the regional averaged time series of CF daily anomalies. Dark 
blue colors denote strong positive correlations, implying a lack of 
complementarity between regions/energies, while light and red colors 
indicate weak or negative correlations, highlighting the potential com
plementary among those regions or energy sources, which is most 
evident when both energies, SP and WP, are combined (Fig. 3f).

Scenarios

We created four families of deployment scenarios. Two of them 
(Current and Base) will serve as a reference to evaluate the benefits of a 
fully optimized scenario (Optim). This latter uses the free-access open- 
source CLIMAX tool[15] to leverage the joint wind-plus-solar produc
tion in terms of minimal deviations from the demand by identifying the 
best spatial distribution and shares of each technology (i.e. how much 
capacity of each technology should be allocated in each region) under 
the only restriction of a maximum capacity density of 80, 8, and 15 MW/ 
km2 for SP, WP onshore, and WP offshore, respectively [37]– although 
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these capacity density thresholds ultimately proved to be non-binding, 
as they were not even close to being reached.

The optimization seeks to minimize the following rmse function: 
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑NT

n=1(Pn − Dn)
2

NT

√

(3) 

where NT is the number of time steps in the series, D is the electricity 
demand, and P is the joint wind-plus-solar production, both in MWh. 
Thus, P at the nth-time step (Pn) is given by: 

Pn =
∑NRSP

i=1
ISP
i CFSP

i,n +
∑NRWPon

j=1
IWPon
j CFWPon

j,n +
∑NRWPoff

k=1
IWPoff
k CFWPoff

k,n (4) 

being NRSP, NRWPon, and NRWPoff the number of regions identified in 
Section 3.2 for the deployment of SP, WP onshore, and WP offshore, 

respectively, CF the respective regional averaged capacity factors series, 
and I the installed capacities of each technology in each region (in MW), 
the free parameters subject to optimization here.

Three Optim scenarios were developed, each corresponding to a 
distinct time-interval over which the demand and production series 
were aggregated (aggregation precedes optimization): OptimD was 
constructed for fitting daily means series (with one value per day, NT =
6 years of data × 365 = 2190), OptimDN for day- and nighttime daily 
mean series (with two values per day, NT = 2190 × 2 = 4380, where 
daytime means were computed from all records between 10 a.m. and 9p. 
m., and nighttime means from the remaining hours), and Optim5D for 
five-day mean series (with one value each five days, NT = 2190 / 5 =
438). The differentiation between daytime and nighttime values was 
introduced to account for the absence of solar generation at night and its 
effects on the simulations. The five-day temporal aggregation was used 

Fig. 3. Regions. On the left-hand side, regions (identified by the color and corresponding number in the color bars), within the feasible areas for facility deployment, 
with homogeneous temporal variability of the CF daily mean series of (a) solar photovoltaic, (c) onshore wind, and (e) offshore wind power over the corresponding 
feasibility areas. On the right-hand side, the cross-correlation matrix of the regional-averaged CF daily mean series between regions (panel b for SP and panel d for 
WP) and between regions and technologies (f). Stars denote offshore regions in panels (d) and (f). Dark blue indicates high positive correlation (low complemen
tarity), while red indicates negative correlation.

S. Jerez et al.                                                                                                                                                                                                                                    Sustainable Energy Technologies and Assessments 88 (2026) 104949 

5 



to study the relative importance of daily variability in modeling the 
distribution of different types of energies.

Once the I optimal values are determined (see Table S1 in Supple
mentary Material, which, besides I values, includes a summary of the 
results for each scenario and aggregation time-scale), the optimal shares 
(S, in parts per unit) of each energy in each region are straightforwardly 
calculated as:

SSP
i =

ISP
i

Itot
, ​ ​ SWPon

j =
IWPon
j
Itot

, and ​ ​ SWPoff
k =

IWPoff
k
Itot

(5, 6, and 7).
where 

Itot = ISP
tot + IWPon

tot + IWPoff
tot =

∑NRSP

i=1
ISP
i +

∑NRWPon

j=1
IWPon
j +

∑NRWPoff

k=1
IWPoff
k

(8) 

with all I values expressed in MW.
The analysis focuses on S values instead of I values, disregarding the 

magnitude of Itot due to its likely susceptibility to systematic bias errors 
in the simulated weather variables and inaccuracies in the CF modeling 
approaches (Equations (1) and (2), which do not prevent us, however, 
from trusting the modeled CF variability.

To construct the Current scenarios, the actual value of the factor Itot 
was disregarded. These scenarios represent the current spatial distri
bution of facilities (as shown in Fig. 1d,e), using a value of Itot that was 
optimally scaled so that the modeled production series fit the observed 
demand as closely as possible. Specifically, Current scenarios were 
constructed as follows. First, known installations (Fig. 1d,e) were 
aggregated per region. Second, in Equation (4), each I value was 
replaced by the corresponding S value multiplied by an “unknown” 
factor Itot. Equation (3) was then minimized to obtain the optimal value 
of Itot. This was done three times to construct the CurrentD, CurrentDN, 
and Current5D scenarios. This way, the Current and Optim scenarios are 
directly comparable and, from this comparison, the added value of the 
optimized scenarios, in terms of both the spatial distribution of the fa
cilities and the share/weight given to each energy, can be figured out.

The Base scenarios keep the Optim total shares of each energy (as 
defined in Equations 9, 10, and 11; note that the sum of the total shares 
of each energy is, by definition/construction, the unit), but the facilities 
are supposed to be homogeneously distributed across the feasible areas 
for each technology. Hence, regional shares in the Base scenarios are just 
proportional to the size of each region, and the comparison of the Optim 
and Base scenarios will show up the isolated added value of a smart 
spatial distribution of the renewable units.

SSP
tot =

∑NRSP
i=1 SSP

i , ​ ​ SWPon
tot =

∑NRWPon
j=1 SWPon

j , and ​ ​ SWPoff
tot =

∑NRWPoff
k=1 SWPoff

k (9, 10, and 11).
In summary, Optim and Base scenarios maintain the same total share 

of each technology, differing in the spatial density patterns (spatial 
distribution) of the facilities (being flat in the Base scenarios), while 
Current scenarios preserve both the current total shares of each tech
nology and the spatial density patterns of the facilities.

Finally, to assess the potential role and contribution of urban areas in 
optimized deployment strategies, we developed the OptimUrban sce
narios. These scenarios follow the same optimization approach as the 
Optim ones, but include an additional constraint requiring that at least 
30% of the available rooftop area be covered with PV panels. This 
ambitious assumption (current regulation mandates 7.5%) aims to 
explore the upper bound of the potential urban solar contribution to 
large-scale renewable integration when fully leveraged. The minimum 
rooftop SP capacity in each region was computed by applying the 
maximum solar capacity density (80 MW/km2) to 30% of the mapped 
urban area. This minimum was imposed as a constraint in the optimi
zation, while the remaining capacity (SP or WP) was optimally distrib
uted across regions to minimize residual demand, as in the Optim 
approach. No distinction was made between rooftop and ground-based 
PV in terms of capacity factor modeling, which is based on the same 
regional CF series.

Results

Current scenario

First, the suitability of the current deployment strategy is assessed 
using the Current scenarios, shown in Fig. 4 (left panels). Preserving 
both the current total share of each technology (33% SP, 66% WP 
onshore, and 1% WP offshore) and the existing spatial density patterns 
of the facilities, the resulting ability to meet demand from SP and WP 
remains relatively moderate, as illustrated in the right panels of Fig. 4. 
These panels display the mean annual cycles (thick lines) of the simu
lated wind-plus-solar supply (expressed as a percentage of demand), 
along with the corresponding interannual variations (max–min-range, 
with shadows), for the various time-scales: daily means, daytime and 
nighttime daily means, and 5-day means. They also provide mean supply 
values (averaged over the entire period of data) and the root mean 
squared error between production and demand (rmse, computed as in 
Equation (3), expressed as a percentage of the mean demand. For each 
row in the figure, optimization was performed with the corresponding 
time series. Thus, for example, the first row corresponds to the results, 
for various time aggregations, when the optimization searching for Itot 
was performed by minimizing the root mean square difference between 
the simulated energy and the total demand using the daily time series 
(D). Ideally, a perfect match between wind-plus-solar supply and de
mand would be represented by a flat thick line at 100% with no shading 
(mean = 100% and rmse = 0%).

Far from that optimum, on average, the current scenario would 
provide a mean supply around 80% of the mean demand, dropping to 
75% at nighttime in the CurrentD and CurrentDN scenarios (which are 
nearly identical), with rmse values ranging between 40% and 50%, 
indicating low system stability and a limited ability to follow con
sumption patterns. The system fails to ensure a stable supply, similarly 
in the three analyzed scenarios (CurrentD, CurrentDN, and Current5D). 
The Current5D scenario achieves a slight improvement in mean pro
duction, but only by considering a slightly higher Itot value compared to 
the other scenarios, which, however, does not lead to a significant 
reduction in rmse values.

Optimal scenarios

The optimal strategy for matching the daily mean supply and de
mand series (OptimD scenario, Fig. 5a) relies heavily on SP (86% share), 
with most facilities concentrated in a few regions, specifically, the 
southwest of Tenerife, areas in the southwest and north of Gran Canaria, 
and a large portion of Lanzarote. As a result, this scenario provides mean 
supply values close to 100% of the mean demand (specifically, 96%; this 
comes at the cost of doubling the installed capacity compared to the 
Current scenarios) and reduces the production-demand mismatch (the 
rmse) to approximately half of the values obtained in the CurrentD 
scenario both at the daily and 5-day mean time scales (Fig. 5b and 5e). 
However, it still struggles to meet nighttime demand (Fig. 5d). This 
limitation would make it necessary to rely on backup energy sources or 
energy storage systems.

If energy storage requirements do not pose a major constraint for 
energy planning, the Optim5D scenario (Fig. 5k) could be considered a 
viable option. By considering longer time intervals, a better match be
tween supply and demand can be achieved, albeit at the cost of 
increased storage needs. However, in this case, the results show no 
significant differences between the outcomes from the Optim5D (Fig. 5
m-o) and OptimD (Fig. 5 b-e) scenarios. Both are very similar, exhibiting 
nearly identical values of total penetration (Itot), technology shares, and 
spatial distribution of facilities (Fig. 5a vs. Fig. 5k).

Conversely, when energy storage capacity is highly constrained, the 
need to ensure nighttime supply becomes more critical. To address this 
limitation, the OptimDN scenario was developed (Fig. 5f), in which WP 
plays a dominant role (40% SP share, 48% WP onshore share, 12% WP 
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offshore share). Notably, the total capacity required by this optimal 
strategy is half that in the case of the OptimD and Optim5D scenarios, 
while still achieving comparable mean supply levels (85% in the 
OptimDN scenario, 96% in the OptimD). More importantly, nighttime 
mean supply increases significantly from 16% (OptimD) to 69% 
(OptimDN). In terms of stability, rmse increases from 21% to 34% at the 
daily mean time-scale but decreases substantially at shorter time scales: 
from 65% to 31% at daytime, and from 85% to 46% at nighttime (Fig. 5
b-d vs. Fig. 5 g-i).

Compared to the Current scenario, all these optimal strategies offer 
clear advantages. The instability of the production in following the de
mand, as measured by rmse, is reduced to half in the OptimD and 
Optim5D scenarios, with mean production values close to 100%, rep
resenting increases of about 15, and 10 percentage points, respectively, 
compared to their analogous Current scenarios. The improvements 
achieved with the OptimDN strategy are more modest, with rmse re
ductions of 5 to 10 percentage points. Note that Itot was optimized in the 
Current scenarios without imposing any restrictions on total renewable 
penetration. Therefore, the shortcomings of the current deployment 
strategy, compared to the optimal ones, are not due to lower Itot values, 
since increasing them would not have resulted in better results (at least, 
in terms of rmse).

The role of shares vs. Spatial distribution

The optimal scenarios (Fig. 5, left panels) substantially differ from 
the Current ones (Fig. 4, left panels) in terms of both the total pene
tration and share of each energy, and the spatial distribution of the fa
cilities. To disentangle the role of each factor, particularly the 
importance of the spatial distribution of facilities, we created the Base 
scenarios. These scenarios maintain the same total penetration and share 
of each energy as in the Optimal ones, but redistribute the facilities using 
a non-optimized criterion: for each energy, the same amount of installed 
capacity per grid cell (Fig. 6, left panels). This allocation strategy is not 
suboptimal, as it still permits taking advantage of the spatio-temporal 
complementarity of the resources by covering all regions [38], but it 
does not fully leverage it in an ad hoc manner.

Compared to the optimized solutions, the Base scenarios yield mean 
production values approximately 10 percentage points higher, but rmse 
values are 5 to 10 percentage points larger (Fig. 6b,h,i,o vs. 5b,h,i,o). 
This indicates that during the optimization process, high-productivity 
regions can be penalized to prioritize and exploit complementarity be
tween regions and energy sources, emphasizing quality rather than just 
quantity [39]. Consequently, regions that may not rank highest in terms 
of mean productivity gain relevance due to their potential to comple
ment others and enhance production stability.

Therefore, the spatial distribution of the facilities plays a key role in 
enhancing the stability and reliability of the production system. 

Fig. 4. Current scenarios. Left hand side panels depict the shares of each technology (in % of the total, i.e. of the sum of the SP, WP onshore, and WP offshore 
capacities) in each of the regions identified in Fig. 3 (as indicated by the color) according to different deployment scenarios, those that maintain the current shares 
and spatial distribution of the facilities pursuing to minimize the dispatch between production and demand considering daily means (CurrentD, panel a), day- and 
nighttime means (CurrentDN, panel f), or 5-day means (Current5D, panel k), by modifying the total installed capacity of both technologies (C). Taking as reference 
the value of C in the CurrentD scenario, △C in the two other scenarios is indicated at the top of panels f and k, respectively. To the right, the resulting supply series at 
the various time-scales. All supply values are expressed as a percentage of daily demand records and referred to the left Y-axis. Mean annual cycles are depicted with 
thick lines. Shadows around them represent the minimum-to-maximum range of individual records. The top-right corner of each panel shows the mean production 
and the rmse between production and demand, both first computed in absolute values and then expressed as a percentage of the mean demand throughout the period. 
Framed panels (b, the pair h&i, and o) are those approached in each optimization exercise.
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Compared to the Current scenario, improvements in rmse at the daytime 
and nighttime daily mean time scales are achieved only in the Optim 
scenario (Fig. 5h,i vs. 4 h,i), whereas the Base one provides similar re
sults (Fig. 6h,i vs. 4 h,i). From there, it could seem that the penetration 
level of each technology plays only a marginal role, but it is certainly 
erroneous. CurrentDN (Fig. 4f), OptimDN (Fig. 5f), and BaseDN (Fig. 6f) 
scenarios are not very different in terms of SP vs. WP shares (33 vs. 66% 
in the CurrentDN, 40 vs. 60% in the other two), which prevents drawing 
conclusions about the role of energy shares. This result just highlights 
the importance of the spatial distribution of the facilities at that time- 
scale, but it does not mean a negligible role of the relative shares of 
each energy source. A balanced contribution of both factors emerges at 
the daily and 5-day mean time-scale (Fig. 4b,o, 5b,o, and 6b,o): half of 
the reduction in rmse achieved with the optimized solutions (compared 
to the Current ones) is also obtained with the Base scenarios, making it 
attributable to the relative shares of each energy, while the remaining 
half is only achieved with the Optim scenarios, indicating that it stems 
from the optimal spatial allocation of production units.

The role of urban areas

Current local regulations mandate that at least 7.5% of available 
rooftop area be covered with PV panels. This section aims to illustrate 
the potential urban contribution within the optimized scenarios previ
ously described by considering three coverage thresholds: 7.5, 15, and 
30%. For that, Fig. 7 shows the allocated SP capacity and the corre
sponding mean SP production across regions for selected scenarios 
(those labeled as DN, left panels), along with the urban area fraction and 

the mean SP production from urban areas assuming that as much as 
possible of the allocated SP capacity is installed on rooftops following 
the predefined coverage thresholds (right panels). Supplementary 
Figs. S2 and S3 show the results for the scenarios labeled as D and 5D 
(very similar conclusions are drawn regardless of the time-scale 
considered).

It should be noted that the Optim scenarios were generated without 
considering the restriction imposed by recent regulations regarding PV 
coverage on rooftops. As a result, these scenarios concentrate most of the 
SP capacity in a few regions (Fig. 7c and, e.g., S2c). To a lesser extent 
and for a different reason (rooftop regulation is recent and has no 
retroactive effect), a similar pattern is observed in the Current scenario 
(Fig. 7a). Consequently, the potential urban contribution is strongly 
influenced by the urban area fraction of these specific regions (Fig. 7b, 
d and S2b,d). For instance, both the OptimD and OptimDN scenarios 
allocate significant SP capacity to region #12, with approximately 15% 
and 50% of the total SP capacity in each scenario, respectively. How
ever, this region, located in the northeasternmost corner of the domain, 
has an almost negligible urban area fraction (0.03%), making the po
tential contribution of urban rooftops nearly null. In contrast, region 
#14, situated on the northern coast of central Gran Canaria Island, 
which also hosts a substantial share of SP capacity in both scenarios 
(around 30% in OptimD and 40% in OptimDN), has an urban area 
fraction of 3%, which significantly enhances its contribution. If 7.5% of 
its rooftops were covered with PV panels, rooftop SP production would 
account for 4% of the regional SP production in the OptimD scenario and 
9% in OptimDN; at 30% coverage, these figures rise to 17% and 37%, 
respectively. However, these relative contributions are also influenced 

Fig. 5. Optimized scenarios. Left hand side panels depict the shares of each technology (in % of the total, i.e. of the sum of the SP, WP onshore, and WP offshore 
capacities) in each of the regions identified in Fig. 3 (as indicated by the color) according to different optimized deployment scenarios, those pursuing to minimize the 
dispatch between production and demand considering daily means (OptimD, panel a), day- and nighttime means (OptimDN, panel f), or 5-day means (Optim5D, 
panel k), by modifying the total installed capacity of both technologies (C), their shares and the spatial distribution of the facilities. Taking as reference the value of C 
in the CurrentD scenario, △C in these optimized scenarios is indicated at the top of panels a, f, and k, respectively. To the right, the resulting supply series at the 
various time-scales, as in Fig. 4. Framed panels (b, the pair h&i, and o) are those approached in each optimization exercise.
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by the total SP capacity assigned to each region (and, therefore, its ex
pected production), which varies across scenarios. In this sense, the 
urban role can appear amplified in regions where little SP capacity is 
allocated, even if these regions have few urban areas. This occurs, for 
instance, in region #23 (northwest of La Palma) under the OptimD 
scenario (Fig. S2c,d) and in region #15 (central part of Gran Canaria) 
under the OptimDN scenario (Fig. 7c,d). This interplay between urban 
area fraction and SP allocation complicates direct comparisons, making 
it challenging to draw clear conclusions.

The Base scenario distributes SP production units uniformly across 
regions and grid cells (Fig. 7e), providing a more reliable picture of the 
maximum potential of urban areas for contributing to renewable energy 
production (Fig. 7f). In this assessment, rooftop PV production repre
sents 15–40% of total SP generation at 7.5% coverage, increasing to 
55–100% at 30% coverage, in regions where urban areas exceed 1% of 
total land. This highlights the significant role that urban areas can play 
in renewable energy production when properly integrated into deploy
ment strategies. Accomplishing this goal, the OptimUrban scenarios 
were generated. These, performing as good as the Optim scenarios 
(Fig. S4), leverage the role of urban areas, whose contribution, with 30% 
of rooftop PV coverage, uniformly increases up to 100% in most regions, 
50% with 15% coverage, and 25% with 7.5% coverage (Fig. 7g,h, S2g,h, 
and S3g,h).

Conclusions and discussion

Without other than an explorative, mainly academic purpose, this 
research incorporates some real-world information (e.g., electricity de
mand records, practicable areas) in the first CLIMAX application beyond 
Jerez et al. [15], with the focus on a small, isolated domain. The results 
amply prove the potential of this framework to support strategic plan
ning for renewable energy deployment. Although further research 

should, however, consistently investigate how these optimization prin
ciples hold under different climatic conditions[40–42], time-scales[8,9], 
grid constraints[43,44], and economic considerations[2,45], this study 
provides four key general insights. First, significant benefits can be 
achieved through the smart deployment of renewable energy units, 
enabling wind and solar power, as a combined system, to behave more 
like firm energy sources and better meet demand. In our case study, 
optimized strategies reduced the mismatch between production and 
demand by up to 20 percentage points compared to current deployment 
patterns. Second, optimizing both the relative shares of each technology 
and the spatial distribution of generation facilities is equally important 
in attaining these improvements: roughly half of the gains were attrib
utable to adjusting the wind-to-solar ratio, and the other half to 
enhancing spatial complementarity. Third, regions with only moderate 
renewable productivity can play a crucial role in enhancing the stability 
of the overall system, challenging conventional planning strategies that 
focus predominantly on maximizing generation in high-yield locations. 
Finally, this study reinforces the strategic value of integrating ambitious 
urban targets into deployment plans: under a 30% rooftop PV coverage 
assumption, the CLIMAX solution showed system performance compa
rable to the fully optimized case without urban constraints. These 
findings are consistent with the literature, yet offer novel insights as 
discussed below.

Previous works have extensively explored the optimization of vari
able renewable energy deployment to address supply–demand balancing 
and improve energy system reliability. Many of these studies focus on a 
single technology[7,46,47], neglecting the advantage that wind–solar 
complementarity could offer, or explore it at a very local scale, deliv
ering information relevant for individual hybrid systems (;[48,49]. 
Others focus on maximizing capacity factors, favoring the deployment of 
wind and solar power units in the most productive areas[14]. Yet, other 
studies address the optimization of wind–solar ratios to enhance 

Fig. 6. Base scenarios. As Fig. 5 for the corresponding Base scenarios.
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Fig. 7. Urban role. Left panels show the percentage of allocated solar power capacity (gray) and mean solar power production (green) in each region (% of total 
solar capacity and production, respectively) in different deployment scenarios (CurrentDN in the first row, OptimDN in the second, BaseDN in the third, and 
OptimUrbanDN in the fourth). Right panels provide the percentage of urban area in each region (gray, left y-axis, % of the total area of each region) and, for the same 
scenarios, the percentage of solar power production from urban areas (yellow, right y-axis, % of the mean solar production from each region) considering different 
levels of rooftop PV penetration (7,5%, 15% ans 30% of the urban area with solar panels).
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large-scale system stability and demand matching[50,51], with some of 
them also accounting for optimized spatial allocation strategies[52–55]. 
Most of these studies, however, use administrative borders to define 
regional/national targets[52,54]for country- or continent-wide strate
gies (in which, sometimes, balancing across time zones plays a central 
role), which masks the resource complementarity potential within such 
borders.

This study provides new insights by disentangling the effects of 
spatial distribution from those of the technology mix in a small, isolated, 
yet highly variable regional context. For that, we followed the steps 
outlined by the CLIMAX methodology, a novel approach that defines 
regional targets using boundaries derived from climatological similarity, 
thereby maximizing the potential of optimized solutions. We demon
strate that optimizing the spatial deployment of renewable units is as 
critical as optimizing the relative share of each technology for improving 
system stability. Our approach also shows that considering regions with 
moderate renewable resource productivity can enhance system-wide 
stability due to their complementary temporal generation patterns, 
complementing and reinforcing findings from earlier studies on resource 
complementarity elsewhere, and that urban areas can play a key role in 
paving the way for solar power massive deployments, extending previ
ous findings to different spatial and regulatory contexts.

It is important to note that the results presented here assume ideal 
inter-island interconnection, disregarding transmission losses. While 
this simplification facilitates the application of the CLIMAX framework 
and the illustration of its optimization potential, it does not account for 
real-world dispatch constraints, curtailment risks, or storage re
quirements. In the case of the Canary Islands, an archipelago with 
currently limited physical interconnection, the assumption of a fully 
interconnected system represents an upper-bound scenario in terms of 
system-wide complementarity and balancing potential. Nonetheless, the 
qualitative conclusions of this work remain valid under more realistic 
transfer constraints: regions with complementary generation patterns 
would still contribute to stability at the island scale, and smart allocation 
of technologies would still improve demand matching. Future research 
should further extend this work by explicitly incorporating grid topol
ogy, transfer limits, and storage dynamics to evaluate the robustness of 
these strategies under more realistic operational settings.

Code and data availability.
The CLIMAX codes used in this study can be downloaded from 

https://doi.org/10.5281/zenodo.7854945. The WRF configuration files 
and preprocessing scripts are available from the authors upon reason
able request. The wrf-python package used for the vertical interpolation 
of the simulated wind speed is accesible through https://wrf-python. 
readthedocs.io (last accessed on June 20, 2025). The electricity de
mand records are publicly available from Red Eléctrica de España 
(www.ree.es, last accessed on June 20, 2025).
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