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a b s t r a c t

As the share of wind and solar power is expected to grow significantly in coming decades, it has become
increasingly important to account for their intermittency in large-scale energy system models and global
integrated assessment models that are used to explore long term developments. However, the scope of
these models often prohibits the use of a high intra-annual time resolution that can adequately capture
the main characteristics of variable renewables. A more efficient representation is required. In this paper
we evaluate resource-based slicing, i.e. selecting time slices based on wind and solar generation rather
than e.g. season and time-of-day. We show that resource slicing can capture many aspects introduced by
variable renewables such as the need for flexible generation capacity, curtailment at high penetration
levels and interactions with baseload and storage technologies, while using only sixteen intra-annual
time slices.

© 2017 Elsevier Ltd. All rights reserved.
1. Introduction

If global warming is to be kept under 2 �C with reasonable
certainty, greenhouse gas (GHG) emissions must drop by roughly
half by mid-century compared to current levels and continue to
decline afterwards [1]. The power system is one of themain sources
of emitted anthropogenic GHGs, accounting for about 30% of the
total emissions [2], and therefore one of the main targets for
emission reductions. Many possibilities exist for supplying energy
with low lifecycle emissions such as the use of biomass, wind, solar,
hydro or nuclear power. Solar and wind power have a vast physical
resource potential but only supply a small share of current global
energy production due to historically high costs [3]. However,
recent years have seen large cost reductions for bothwind and solar
photovoltaic (PV) technologies, which has resulted in (and been
caused by) an explosive growth of installed capacity [4]. It appears
very likely that these technologies will play a major role in the
future electricity system if the 2-degree target is to be met.

Yet large scale expansion of wind and solar power brings along
another set of challenges. The supply from wind and solar PV
technologies is variable in both short and long term and not reliably
predictable. Large amounts of wind and solar power complicate
Lehtveer).
systems operation by changing the residual load shape, increasing
the uncertainty of supply and the need for reserve capacity. If sig-
nificant amounts of intermittent capacity are installed in the sys-
tem, there may be an oversupply of electricity on windy and sunny
days, which is likely to result in low or even negative electricity
prices. This in turn will diminish revenues for variable renewables
as electricity prices tend to be low when they are able to produce
electricity, and also for baseload due to decreased utilization and
increased ramping. Thus solar and wind generation will have a
large influence on all investment decisions and on the total cost of
the system. This effect will become more acute with increasing
penetration of wind and solar power.

Long-term energy models representing multiple sectors and
regions are often used to investigate the questions related to long
term developments such as decarbonisation of the energy system.
These models typically make a cost-effective choice among large
number of technologies and optimise investment decisions over
many time periods and over vast geographic areas. This makes
these models computationally demanding and simplifications in
temporal, geographic and technological detail may be necessary to
maintain reasonable running times. Typically time steps of 5e10
years are used in these models [5]. However, supply fromwind and
solar power varies on much shorter time scales and can be difficult
to capture in large-scale models.

Traditionally, models such as POLES, IMACLIM, GET [6e8] etc.
have circumvented this problem by simply limiting the amount of
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variable renewables to 25e30% of electricity production; a level
that is widely viewed as possible to integrate into current systems
without significant additional costs. This approach limits the role
that variable renewables can play in scenarios designed to inves-
tigate possible pathways to global climatemitigation, and therefore
model results can be misleading. Recently different approaches
have been evaluated by various modelling groups to avoid this type
of artificial restriction and incorporate intermittency related effects
into long-term energy models. For example, Sullivan et al. use
additional constraints to capture the capacity credit provided by
different penetration levels of intermittent renewables as well as
technology dependent flexibility coefficients to account for the
increased need for back-up capacity and flexible generation as the
penetration of variable renewables increases [9]. These coefficients
have been derived by using a unit commitment model with limited
grid [9]. Another approach has been to interlink long-term capacity
expansion models with short-term dispatch models e.g. Deane
et al. [10]. However, this method requires considerable effort to set
up both models and ensure the convergence of their results, as well
as extensive additional computational resources.

Wind and solar power, however, are not the only sources of
variability in the power system e the demand for electricity is also
fluctuating over time. To describe the variability of demand in large
energy system models, a time slice approach is often used. This
involves implementing a coarse load duration curve for electricity
demand, in which hours with similar levels of demand are grouped
together (typically day/night, week-day/week-end, and seasons).
Attempts have been made to extend this demand-based approach
to improve the treatment of variable renewable supply. For
example, Ludig et al. investigate the effect of increased time reso-
lution of traditional demand-based slicing on capturing the vari-
ability of renewables and find that higher temporal resolution helps
to capture the variability of demand and solar infeed, but does not
adequately represent the variability of wind generation [11].
Nahmmacher et al. propose an approach for selecting representa-
tive days i.e. consecutive time slices that represent both varying
demand levels but also variable renewable supply for long term
energy system models as well as summarise other attempts in that
direction [5]. They find that selecting six representative days with a
temporal resolution of 3 hrs sufficiently describes the characteristic
fluctuations of variable generation and demand. This results in 48
time slices per model year, which may make the approach inap-
plicable for very large scale energy models due to high computa-
tional requirements. Poncelet et al. explore the trade-off between
techno-economic and temporal detail in models and suggest based
on their results that the temporal representation should be pri-
oritised in model development [12]. In addition, they compare time
slicing to the representative days approach and find that repre-
sentative days can highly improve the temporal representation of
the system if chosen correctly. Ueckerdt et al. explore a method
using residual load duration curves that adapt to the penetration
level of variable renewables [13]. This approach captures the rela-
tionship between demand and variable infeed, but requires a more
complicated set up including a more detailed electricity model to
estimate the parameter values that describe how the load duration
curves shift with different variable renewable shares, as well as
significant amount of data for accurate approximations. Addition-
ally, this approach leads to nonlinearities that increase the
computational demands even further for models that are otherwise
linear.

The aim of this paper is to demonstrate an implementation
based on grouping hours by solar and wind infeed that we call
resource based slicing and evaluate the number of slices needed to
sufficiently well capture the variability of wind and solar genera-
tion. We show that around 16 slices can be sufficient to capture
aspects of variable renewables, such as need for flexible generation
capacity, curtailment at high penetration levels and interactions
with baseload and storage technologies.

2. Method

2.1. The GET model

We introduce resource-based slicing into the Global Energy
Transition (GET) model first developed by Azar and Lindgren [14]
and further developed in Hedenus et al. and Lehtveer and Hede-
nus [6,8]. GET is a cost minimizing “bottom-up” systems engi-
neering model of the global energy system set up as a linear
programming problem. The model was developed to study carbon
mitigation strategies with an objective of minimizing the dis-
counted total energy system cost for the period under study (in
general 2000e2100) while meeting both a specified energy de-
mand and a carbon constraint.

The model focuses on the supply side and has five end use
sectors: electricity, transport, feedstock, residentialecommercial
heat and industrial process heat. In each sector various technolo-
gies are available to meet the demand. Technologies are described
by the energy carriers they can potentially convert, and are para-
meterised using e.g. investment and fuel costs, efficiencies, capacity
factors and carbon emissions. Demand projections are based on the
MESSAGE B2 scenarios with increasing global population, inter-
mediate levels of economic development and a stabilisation level of
450 ppm CO2 by 2100 [15]. GET has a single demand node for each
region and thus the electricity grid is not explicitly modelled.
Transportation demand scenarios are based on Azar et al. [14] and
assume faster efficiency improvements in the transport sector than
in the B2 scenario. The model has perfect foresight and thus finds
the least cost solution for the entire study period with a discount
rate of 5%/year. Consequently, scarce resources such as oil and
biomass are allocated endogenously to the sectors inwhich they are
used most cost-effectively. The resource base for conventional en-
ergy sources was updated for this model version based on [3] and
[16].

In the model version developed in this paper, GET 9.0, the world
is divided into 10 regions following IIASA region definitions (except
that Eastern and Western Europe have been merged into one re-
gion): North America (NAM), Europe (EUR), Pacific OECD (PAO),
centrally planned Asia (CPA), the former Soviet Union (FSU), Latin
America (LAM), Africa (AFR), the Middle East (MEA), South Asia
(SAS) and non-OECD Pacific Asia (PAS). The countries and territories
belonging to each region are listed in Appendix B.

The current version of GET has several categories of solar and
wind power: PV rooftop, PV plant A, PV plant B, concentrated solar
power (CSP) with storage A, CSP with storage B, onshore wind A,
onshore wind B and offshore wind. The A-versions of each tech-
nology have direct access to the electricity grid, whereas the B-
versions are available at larger distances from demand and there-
fore require additional transmission investments; the additional
cost is based on [17]. All of these eight types of solar and wind
power have five resource classes each. This means that our model
requires data on potentials (in GW) for each technology, region and
resource class. Additionally, with the introduction of our new
resource slices, the model requires data on capacity factors for each
technology, region, resource class and time slice. This data is
automatically provided by a new global geographical information
system (GIS) framework developed for this version of the model.

2.2. Resource based slicing

Our proposed method involves selecting model time slices
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primarily based on the level of wind and solar generation instead of
time-of-day and season; we call this resource-based slicing. For
example, a slice called “high solar, mediumwind” would aggregate
together all hours that are described by this label, irrespective of
when during the year they occur. The slicing is performed indi-
vidually for each model region. Demand variations can in principle
be combined with resource slicing by including demand as a third
dimension, but in this paper we simply assume that daytime
electricity demand (slices with positive solar output) is 15% higher
than demand at night (zero solar output) for all regions, which is in
accordance with current demand patterns in Europe [18]. In this
way diurnal demand variations are captured without requiring
additional slices. This simplified treatment of electricity demand
lets us run the model with more solar and wind slices, which en-
ables us to perform the convergence study described below in
sections 2.3 and 3.3. Differentiating between night- and daytime
demands presents an improvement over some large scale energy
models that have flat demand. However, since matching electricity
production and demand is a key element of energy system analysis,
an improved representation based on regional demand variations is
a priority for the next version of our model.

2.2.1. GIS pre-processing and slice definitions
To estimate the resource potential and capacity factors of wind

and solar technologies, datasets of wind speeds and solar insolation
for 2013e2015 were retrieved from the ECMWF ERA Interim
reanalysis database. We used year 2015 as a base for our analysis
and years 2013e2014 to check the robustness of the results. The
ECMWF datasets were chosen because the spatial and temporal
resolutions (0.75� � 0.75� and 3 h) were sufficient for our purposes,
the wind and solar data were consistent and compatible (i.e. they
referred to the same year), and because theywerewell documented
and easy to download in bulk. Additionally, ERA Interim reanalysis
data has been validated using ground measurements for multiple
sites e.g. [19, 20]. The raw insolation data was converted from
global horizontal irradiation to global tilted irradiation for solar PV
and to direct normal irradiation for solar CSP, and further converted
to a time series of capacity factors by simulating the impact of
thermal storage for CSP over the year. Capacity factors were pro-
duced from the wind data by combining raw wind speeds with a
power curve from a typical wind turbine (Vestas 112, 3.075 MW).

Several auxiliary datasets were used to exclude areas where
solar and wind power cannot be placed, and to estimate potentials
for each technology, model region and resource class. The datasets
include population (GPWv4, [21]), land cover (MODIS, [22]), pro-
tected areas (WDPA, [23]), and topography and bathymetry
(ETOPO1, [24]). Additionally, a dataset of gridded per-capita income
[25] was used as a proxy for access to electricity. After masking out
unsuitable locations, a certain fraction of the remaining area is
considered available for solar and wind farms. The key parameters
used for this GIS analysis are listed in Appendix A. Many of these
assumptions are by nature extremely uncertain, but since quanti-
tative results are not a focus of this paper no sensitivity analysis was
performed on these assumptions.

Next we allocate each 3-h time step in each model region to one
of our slices. The allocation is based on the output of “representa-
tive time series” for solar PV and wind power, which are calculated
by assuming that PV panels and turbines are distributed evenly
throughout each region in all grid cells with above average solar or
wind resources.

We test two different methods of defining slices in this paper.
When we use “manual slicing”, we sort the hourly output of the
representative time series and divide them into a number of per-
centiles, depending on the number of slices. For wind power, the
percentiles are distributed evenly. For solar PV, the first slice
represents night-time conditions and contains the lower 50 per-
centiles of output. The upper 50 percentiles of output are distrib-
uted evenly among the remaining slices. The notation SxW is used
to indicate the number of solar andwind slices. See Fig. 3 for sample
results using 3 � 3 manual slicing.

Alternatively, we determine slices automatically based on k-
means clustering of the two-dimensional distribution of solar and
wind output of the representative time series. This selects optimal
values of solar and wind output for each slice by minimizing
squared Euclidean distances to the center points for each obser-
vation of three-hourly output, see Fig. A3. In other models which
have time series for electricity demand or other important variables
to slice on, the clustering can easily be extended to multiple di-
mensions. Clusters are selected using the k-meansþþ algorithm
[26] which uses a heuristic to determine initial centroid locations.
There is some randomness in the heuristic, so the algorithm is
repeated 200 times for each region to find stable cluster configu-
rations [27].

When every 3-h time period has been allocated a time slice, we
calculate the average capacity factor for every combination of
technology, model region, resource class and time slice. The output
from this step provides the main input for the GET model. The GIS
preprocessing step and slicing methods are described in greater
detail in Appendix A.

2.2.2. Implementation of slices in GET
Adding slices to a linear programming model like GET that

previously lacked intra-annual time periods involves introducing
an extra set (or dimension) that all variables are indexed over. This
increases the size of the model by an order of magnitude. Although
electricity demand is not currently used as an input for slicing,
daytime demand (i.e. slices with medium and high solar) is
assumed to be 15% higher than night-time demand based on
ENTSO-E 2014 data for Europe [18]. This difference is assumed to be
the same for all regions.

To avoid making the model unnecessarily large, we have
currently restricted the use of slices to the electricity generating
sector. When other sectors interact with electricity generation, e.g.
by using electricity or providing fuel for electricity generation, they
do so on an annual basis only. For example, if electricity is gener-
ated from hydrogen in a particular slice, the same amount of
hydrogen must be produced elsewhere, say by gasification of
biomass. However, model variables representing hydrogen pro-
duction from biomass are annual variables and are not dis-
aggregated into slices. This can also be viewed as if there existed a
free and 100% efficient technology for intra-annual hydrogen
storage. The situation outside the electricity sector is no different
from a model that lacks time slices, which some large integrated
assessment models do. The standard approach in these models and
in GET 9.0 is to include implied costs (for e.g. hydrogen storage) in
other cost parameters of the model, and to specify exogenous ca-
pacity factors that describe average annual utilization of installed
capacity when there is insufficient time resolution to treat utiliza-
tion endogenously.

An additional constraint representing “aggregate part-load” is
introduced to take into account start-up and ramping limitations of
dispatchable technologies and restrictions on the use of hydro
reservoirs. To prevent these technologies from suddenly ramping
down to zero in a slice, theymust always run at aminimum share of
their actual output in any other time slice. These shares are dis-
played in Table 2. For example, if in a certain region the maximum
production of coal electricity is 100 GW over all slices, then at least
50 GW of coal power must be produced in all other slices.

One limitation of using slices is that treatment of electricity
storage becomes difficult when there is no chronology of intra-



Table 2
“Aggregate part-load” constraint: minimum share of maximum output in
other slices.

Aggregate part-load

Biomass power plant 0.5
Oil power plant 0.2
Gas power plant 0.2
Coal power plant 0.5
Light water reactor 0.7
Fast breeder reactor 0.7
Hydro power plant 0.2

Fig. 1. Global electricity production mix with the 450 ppm CO2 scenario and clustering
with 16 slices.
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annual time periods. As a workaround, we retain some of this in-
formation by calculating a “slice transfer matrix” based on the time
series of slice allocations. To illustrate the concept: suppose we
have a 12-h storage technology and are interested in how slice X
can interact with other slices. We iterate over all time periods in a
year and count which other slices appear within 12 h after every
occurrence of slice X. This gives an upper bound for the number of
hours the storage technology can be used to transfer energy from
slice X to any other slice. A similar approach has been previously
explored by Wogrin et al. [28].

2.3. Main scenario

In this section we briefly describe the main scenario used to
evaluate how well resource-based slicing captures the main char-
acteristics of variable renewables. We selected a scenario with
relatively ambitious reductions of CO2 emissions and significant
technological development to encourage the large-scale use of
solar and wind power. In the next section, we examine aggregated
global model results for this scenario and intra-annual results for
individual regions and years. Additionally, to explore how many
slices are required for the results to converge to a stable solution,
we ran the model with 1, 2, 4, 9, 16, 25, 36, 49 and 64 slices, using
both manual slicing and k-means clustering. Model runs with more
than 64 slices failed due to insufficient RAM memory.

We construct mitigation pathways for all regions that meet the
450 ppm CO2 target globally based on the idea of contraction and
convergence [29] and with climate sensitivity of 3 �C per doubling
of CO2. The developed regions and emerging economies roughly
halve their emissions compared to the baseline by 2050, whereas
developing regions (AFR, MEA, SAS, PAS) reduce emissions by 35%
compared to the baseline. From 2060 we assume a global cap, and
emissions are allocated among regions in the most cost-effective
way. For developing technologies, investment costs decline line-
arly over the 2010e2050 period and reach mature levels as indi-
cated in Table 1.

For developing technologies, investment costs decline linearly
over the 2010e2050 period and reach mature levels as indicated in
Table 1. The growth of technologies is limited to a ten percent in-
crease in installed capacity per year.

3. Results

3.1. Global and regional electricity mix

Fig.1 displays global electricity production over the 21st century
Table 1
Investment costs of technologies in the GET model.

Technology Starting cost per kW ($

Coal power plant 1800
Coal power plant with CCS 3000
Gas turbine 800
Gas turbine with CCS 2000
Concentrated solar power (CSP) þ storage A 7000
Light water reactor 7000
Fast breeder reactor 8500
Wind onshore A 2000
Wind offshore 5000
Solar PV rooftop 4000
Solar PV plant A 3700
Storage 12 h 1800
Storage 24 h 2900
Storage 48 h 5100
Storage 96 h 9500

Sources: [8,30,31].
from a model run using 16 slices. By the end of the century wind
and solar PV make up 42% of electricity supply. Another 20% is
provided by concentrated solar power with thermal storage. Car-
bon Capture and Storage (CCS) technologies are not entirely carbon
free in ourmodel since only 95% of CO2 emissions are captured. This
explains the declining share of CCS during the last decades of the
century in which the carbon budget becomes more stringent. The
main competition will therefore be between nuclear, wind and
solar technologies.

The energy mix varies significantly across model regions as
depicted in Fig. 2. This illustrates the different resource endow-
ments in different regions as costs in our model are uniform. In
regions with good wind and solar resources such as LAM and NAM,
renewables dominate. In regions with more limited resources such
as SAS and PAS, nuclear power is the main technology for providing
2010) Mature cost per kW ($ 2010) Efficiency

1800 45%
2500 35%
800 55%
1500 45%
4500 N/A
5000 33%
6000 41%
1500 N/A
3000 N/A
1600 N/A
1250 N/A
1800 80%
2900 80%
5100 80%
9500 80%



Fig. 2. Regional electricity production mix in year 2100 with the 450 ppm CO2 scenario
and 16 clusters.

M. Lehtveer et al. / Energy Strategy Reviews 18 (2017) 73e84 77
electricity. Wind also tends to contribute to the electricity pro-
duction to a larger extent than solar PV, with the exceptions of SAS
and PAS.

3.2. Sliced electricity generation

Results from the GET model using 3 � 3 manual slicing are
shown in Fig. 3, which depicts electricity output in Europe in 2050
in the 450 ppm scenario. The x-axis represents a full year and the
width of each bar the share of hours that falls into a given slice. The
unit of the y-axis is capacity (in GW), and therefore the area of each
bar is the total electrical energy generated in that slice. The first
three slices (s11, s12, s13) represent the lower 50 percentiles of the
representative time series of solar PV generation, which will
generally occur during night time. The upper 50 percentiles are
equally distributed betweenmedium solar PV output (s21, s22, s23)
and high solar PV output (s31, s32, s33). The representative time
series of wind power is equally distributed in thirds between low
wind output (s11, s21, s31), mediumwind output (s12, s22, s32) and
high wind output (s13, s23, s33).
Fig. 3. Electricity production mix in different slices for Europe in 2050 (left) and 2100 (rig
represents the share of hours that fall into that category.
A significant amount of electricity (39%) comes from wind and
solar PV in 2050 in this scenario. Onshore and offshore wind power
provide roughly half of all electricity during windy conditions
whereas solar PV covers most of the demand during daytime peak
hours. Nuclear power, coal CCS and biomass CCS plants are run as
constant baseload, providing roughly 30% of annual electricity. Gas
and hydro power plants are used to compensate for the variability
of wind and solar production. No significant curtailment or elec-
tricity storage is required in this case.

The combined share of variable solar and wind energy increases
to 53% in 2100 with CSP additionally providing 8% of electricity. As
the amount of allowed emissions becomes smaller, gas power
plants can no longer be used to compensate for the variability of
wind. Several other technologies contribute to manage the varia-
tions. Hydropower is ramped more aggressively than in the 2050
results, and baseload generation of coal and nuclear power is
reduced when solar and wind output is high. The model “over-
invests” in intermittent power to some extent, leading to significant
curtailment in slice s33. Hydrogen is used to generate electricity
during less windy periods in slices s11 and s21. Investments in CSP
with 12 h thermal storage also take place due to the ability to
provide electricity during the night. No dedicated electricity stor-
age is used in Europe. However, electricity storage makes signifi-
cant contributions in some other regions.

One important characteristic of variable production is so-called
“profile costs”, which depend on the temporal matching of variable
renewable supply profiles with power demand. Profile costs are
claimed to be the main cost impact of variable renewables above
15% penetration level [32,33] compared to e.g. grid and cycling
costs. The results above demonstrate that our modelling approach
using resource-based slicing captures the three main drivers of
profile costs: a low capacity credit for variable renewables and
resulting requirements for firm capacity, as demonstrated by low
wind and solar slices where other technologies that variable re-
newables need to be invested in; reduced utilization of dis-
patchable plants as demonstrated by high wind and solar slices
where dispatchable capacity is down regulated; and occasional
overproduction of variable generation resulting in curtailment.
ht) with the 450 ppm CO2 scenario and 3 � 3 manual slicing. The width of each slice
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3.3. Convergence and number of slices

When the model is runwith only a single slice, it is equivalent to
a model with no intra-annual time periods or slices without any
extra constraints on allowed penetration of wind and solar power.
Capacity factors for variable renewables are averaged over the year
and thus all information about variability is lost. Adding a second
slice introduces the day/night division and higher daytime demand.
These are the main aspects of variability captured by models with
traditional demand-based time slices. We therefore regard our
two-slice runs as indicative of results using models with demand
slicing.

The resulting global electricitymix in 2100 is shown in Fig. 4.We
note that both manual slicing and clustering approaches converge
quickly to solutions close to the 64-slice optimum. Clustering
generally converges faster than manual slicing, but the difference is
small. Single slice runs vastly overestimate optimal levels of Solar
PV due to its averaged output that is treated as dispatchable in one
slice model. This tendency is still present for 2 � 1 manual slicing,
although wind power generation is approximately correct when
two slices are employed. However, we also observe that the solu-
tion has not entirely converged even when using 49 slices, espe-
cially for manual slicing. We conclude that although 9e16 slices
may provide acceptable solutions for large integrated assessment-
type models, models with higher intra-annual time resolution are
required to study the contribution of variable renewables in detail.

On a regional level results are as expected somewhat noisier, but
generally our observation that 9e16 slices are sufficient to produce
acceptable solutions remains valid (Fig. 5).

To assess the stability of our results at the regional level we
looked at results from runs with 9e64 slices where global results
have become rather stable. We calculated the standard deviation
for each technology in this range and related these results to
average demand. The outcomes are shown on Figs. 6 and 7. The
standard deviation is less than 4.5% of demand in all cases, with
some regions more stable than others. It is also interesting to note
that stability of results in different regions depends on the method
of slicing. For example, AFR has the highest variance in clustering
results although it is one of the most stable regions with manual
slicing. Often there is a co-variance between solar PV and CSP
technologies. This may be explained by our model setup where we
model CSP with 12 h thermal storage and also have a 12 h general
storage technology available that is a good match for the rather
regular and predictable production pattern of solar PV. Therefore
Fig. 4. Global electricity mix at year 2100 for different number
small changes in input data can make the model choose one or the
other. Further sensitivity analysis is needed for interpretation of
quantitative results. Neither of the two methods is obviously su-
perior based on stability of regional results, although our global
results indicate that clustering converges slightly faster than
manual slicing as the number of slices increases. We hypothesise
that this is due to an improved approximation of the duration curve
of wind and solar output in the clustering case (see Appendix A
Figs. A1 and A2). On the other hand, manual slicing results are
easier to interpret graphically.
4. Discussion

Our results show that resource-based slicing can capture char-
acteristic aspects of variability. Although our approach is simple
and uses relatively few time slices, we observe curtailment of var-
iable renewables during high availability, the interplay of flexible
and inflexible dispatchable power plants in meeting demand dur-
ing low availability, and the potential benefits of storage. These
essential characteristics do not emerge in models with only one
time slice (e.g. previous versions of the GET model [8]) and are
captured only for solar energy with demand-based slicing [11].
Thus, resource-based slicing can capture important features of a
system with high penetration of variable renewables in a rather
simple manner. There are, however, limitations to our method,
especially when applied to models with different geographical
scope.

First, trade of electricity and heat between model regions is not
straightforward with resource-based slicing since slices in different
regions do not generally refer to the same time periods. This is not a
significant limitation for a global model with continent-sized re-
gions, but it may be a concern for a more detailed model of e.g.
Europe or the USA, with sub-regions representing individual states
or relatively small countries. However, it may be possible to apply
resource-based slicing to more detailed models in which interre-
gional electricity trade plays a role, using various workarounds. One
option is to slice the entire modelled area at the same time. Due to
regional differences in wind and solar production at any given time
this approach would result in greater averaging of wind and solar
capacity factors, but it may be feasible even for a region as large as
e.g. Europe. Another possible approach may be to use transition
matrices to account for electricity trade similar to the ones used
here to model storage. Trade of other energy carriers such as liquid
fuels is not significantly affected by this restriction since it can be
of slices with clustering (left) and manual slicing (right).



Fig. 5. Electricity mix at year 2100 for Europe for different number of slices with clustering (left) and manual slicing (right).

Fig. 6. Standard deviation of electricity generation of main technologies relative to regional demand in clustering results with 9e64 slices.
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described using annual trade flows.
The second limitation is that temporal sequencing of wind and

solar variability is lost when hourly output is aggregated into slices.
The main effect is that it becomes more difficult to include short-
term responses to renewable intermittency into the model, such
as electricity storage or cycling of thermal baseload generation. We
propose simple workarounds with our “slice transfer matrix” for
electricity storage and “aggregate part-load” constraint (see section
2.2.2). Thermal cycling is typically not at all addressed in global
models with a few recent exceptions [e.g. 9]. Our approach is a
contribution in that respect. Still, to perform analysis of the elec-
tricity system at short timescales, more detailed dispatch models
are likely required.

A related issue is the loss of explicit seasonal slices, which may
be useful for describing e.g. hydropower availability and potential
long-term storage or seasonal demand variations. Although we did
not consider these effects of sufficient importance to include in our
model, seasonal slices could easily be combined with resource-
based slices, at the cost of a larger number of slices in the model.
Our “slice transfer matrix” is less accurate in modelling short

term storage compared to the representative days approach pro-
posed by e.g. Nahmmacher et al. [5], but may be more accurate for
long-term storage. Modelling representative days or weeks can
result in a very large number of time slices and thus become
computationally too demanding to use in large models. However,
recent studies indicate that storagemay not be very important even
in scenarios with high penetration of variable renewables [34,35],
although this conclusion may not hold at extremely high penetra-
tion levels (90% or more).

Thirdly, demand fluctuations are not accounted for in our
analysis. Ueckerdt et al. show that current demand profiles vary
across world regions and are also to different degree correlated
with wind and solar patterns [36]. However, if data is available,
demand could be included in slice creation as another dimension
(see e.g. Wogrin et al. [28]). Although this would increase compu-
tational requirements, the clustering approach could be used to



Fig. 7. Standard deviation of electricity generation of main technologies relative to regional demand in manual slicing results with 9e64 slices.
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select slices efficiently and reduce the size of the model.
Finally, we do not explicitly model grid extensions needed for

large-scale renewable penetration. Instead we assume that signif-
icant amounts of new transmission capacity are required at a uni-
form cost per kW in all regions. In reality this cost is likely to vary
depending on the penetration of variable renewables, pre-existing
infrastructure and grid design. Again, most existing global energy
systems models are subject to this limitation.
5. Conclusions

As the share of variable renewables e wind and solar PV e is
expected to grow significantly in coming decades, it has become
increasingly important to account for their intermittency in large
scale energy models that are used to explore long term energy
futures. In this paper we propose and evaluate a method for doing
so, namely, resource based slicing. By analysing global wind speed
and solar insolation data we derive resource potentials for wind
and solar as well as capacity factors for different availability situ-
ations in 10 world regions, and use this data as input to the Global
Energy Transition (GET) model. Since even a relatively small
number of resource-based slices can capture significant part of the
variability of solar and wind power, this enables us to remove
traditional constraints on intermittent electricity generation from
the model.

Our results show that this approach can capture many aspects
introduced by variable renewables such as the need for flexible
generation capacity, low capacity credit for variable renewables and
curtailment at high penetration levels. We note that using a simple
day/night split as is common in models with traditional time slices
may significantly overestimate optimum levels of solar PV. We also
find optimal electricity production mixes to vary significantly be-
tween regions due to different endowments of solar and wind re-
sources. Additionally, we compare two methods of choosing slices
e manual slicing and clustering e and find that although both of
them perform well, clustering converges slightly faster. We believe
that clustering could outperform manual slicing to a larger extent
in the three-dimensional case where slices are not only based on
solar and wind resources but also on electricity demand.

Our approach is aimed at large integrated-assessment type
models in which the use of a high temporal resolution to analyse
variable renewables may be computationally infeasible. Resource-
based slicing provides a simple way of representing important as-
pects of variable renewable electricity production in these models,
which has previously been partly or completely lacking.
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Appendix A. GIS datasets and analysis

Solar and wind datasets

Datasets of solar insolation and wind speeds were obtained
from the ECMWF ERA Interim reanalysis [20]. Both datasets have a
spatial resolution of approximately 0.7� � 0.7� at the equator and a
time resolution of 3 h. Our model has been tested using datasets for
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2013, 2014 and 2015, although the GIS preprocessing step and the
main GET model only use one year of data at a time. The results
were found to be robust for tested years.

For solar PV and concentrated solar power (CSP), we down-
loaded datasets for global horizontal irradiation at surface level and
top-of-atmosphere from the ERA Interim database. The BRL model
[37] is used to estimate the diffuse fraction using the clearness
index and other variables derived from the two solar datasets, and
to calculate the direct normal irradiation. This forms ourmain input
data for CSP and the beam component of the total insolation for
solar PV. CSP in the GETmodel is assumed to be of solar tower type,
which uses two-axis tracking to follow the sun across the sky.

To estimate diffuse sky radiation for solar PV, we use the Hay-
Davies model as it appears in Loutzenhiser et al. [38]. Solar PV
panels are assumed to be latitude-tilted and equator-facing, and
ground albedo is uniformly assumed to be 0.2. The global tilted
irradiation on the PV panel is then the sum of direct normal irra-
diation projected onto the panel surface, the diffuse sky radiation
and diffuse radiation reflected off the ground.

For wind power, we download U and V components of wind
speeds at a height of 10 m from the ERA Interim database. Thewind
time series is then rescaled so that annual average wind speeds for
every grid cell matches average wind speeds from the Global Wind
Atlas [39] at 100 m height. This results in a global gridded time
series that considers local topography and surface roughness.

Wind speeds are translated to instantaneous capacity factors
using a power curve based on the Vestas V112 3.075 MW wind
turbine. Regional wind speed variations within a grid cell are
considered by smoothing the power curve by applying a convolu-
tion with a Gaussian probability density function with a standard
deviation of 1 m/s [40]. Availability and electrical losses are
assumed to be 6% and average wind farmwake losses at 11.5% [41].
Table A1
Main GIS assumptions for solar and wind potentials.

Capacity density
[W/m2]

Area available after
masks [percent]

Population Density (PD
[persons/km2]

PV rooftop class 1-
5

45 4 PD > 100

PV plant class A1-
A5

45 2 PD < 75

PV plant class B1-
B5

45 2 PD < 75

CSP plant class A1-
A5

35 2 PD < 75

CSP plant class B1-
B5

35 2 PD < 75

onshore wind
class A1-A5

5 5 PD < 75

onshore wind
class B1-B5

5 5 PD < 75

offshore wind
class 1-5

8 33 e

Table A2
Resource class definitions for solar PV and CSP in terms of annual average capacity factor
average wind speed (AWS, m/s).

class 1 class 2

solar PV 0.10 < CF < 0.15 0.15 < CF < 0.20
CSP þ storage 0.32 < CF < 0.40 0.40 < CF < 0.48
onshore wind 4 < AWS <5 5 < AWS <6
offshore wind 5 < AWS <6 6 < AWS <7
GIS analysis

We used several auxiliary datasets to estimate potentials for
solar and wind power, disaggregated by model region, technology
type and resource class. The datasets include population (GPWv4,
[21]), land cover (MODIS, [22]), protected areas (WDPA, [23]), and
topography and bathymetry (ETOPO1, [24]). Additionally, a dataset
of gridded per-capita income [25] was adapted to roughly
approximate access to electricity by applying a lower threshold
value to a spatial filter of logarithm of income. All datasets were
resized to a spatial working resolution of 5 � 5 arcminutes for the
purpose of estimating technology potentials.

The main parameter assumptions used in the GIS analysis are
shown in Tables A1 and A2. The conditions concerning population
density, grid access, land cover and protected areas were used as a
mask to exclude entire 5 � 5 arcminute grid cells from the area
available for solar and wind power. A small fraction of the area of
the remaining grid cells in each region (listed in the “Area available”
column) was considered available for solar and wind farms, and the
capacity density was used to convert this area to potentials
measured in GW. The distances 9 and 149 km appear as a result of
our working resolution: one grid cell is roughly 9 km wide at the
equator, and 16 cells are 149 km wide at the equator.

Note that capacity factors for CSP in Table A2 are considerably
higher than those for solar PV. This is because CSP is assumed to
include 12 h of thermal storage and a solar multiple of 2.5 (i.e.
power of the solar collector field relative to the generator). A simple
simulation of CSP with storage is performed for each grid cell,
assuming that CSP uses its storage to run at rated capacity for as
long as possible every day. This produces a time series of output
from CSP and storage for every grid cell that is required in a later
step of the GIS analysis.
) Grid access
(GA) [km]

Excluded land cover types and
offshore areas

Excluded protected areas
[IUCN codes]

GA < 9 cropland not reported, I - IV

GA < 9 cropland not reported, I - IV

9 < GA < 149 cropland not reported, I - IV

GA < 9 cropland not reported, I - IV

9 < GA < 149 cropland not reported, I - IV

GA < 9 urban, wetlands not reported, I - IV

9 < GA < 149 urban, wetlands not reported, I - IV

GA < 149 areas within 9 km of shore or with
depth > 40 m

not reported, I - IV

(CF), and resource classes for onshore and offshore wind power in terms of annual

class 3 class 4 class 5

0.20 < CF < 0.24 0.24 < CF < 0.28 CF > 0.28
0.48 < CF < 0.56 0.56 < CF < 0.64 CF > 0.64
6 < AWS <7 7 < AWS <8 AWS >8
7 < AWS <8 8 < AWS <9 AWS >9
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Slice definitions and evaluation

An important stage of the GIS analysis for our model is to allo-
cate each 3-h time step in each region to one of our time slices. In
order to do this, we calculate a “representative time series” for solar
PV and wind power (individually) in each region. Although we do
not know at the preprocessing stage which of the resource classes
will be economically viable during the later linear programming
stage, we assume that solar and wind power will be distributed
evenly throughout all grid cells of each model region in the upper
resource classes as follows. The representative time series for solar
PV includes all grid cells that have PV rooftop class 3e5, PV plant
class A3-A5, or PV plant class B5. The representative time series for
wind power includes all grid cells that have onshore wind class A3-
A5, onshore wind class B5, or offshore wind class 5. The implicit
assumption is that both wind and solar energy will be installed
wherever they are economically viable, instead of being
Fig. A1. Normalized duration curves of the representative time series for solar PV and wind
means clustering (orange).

Fig. A2. Normalized duration curves of the representative time series for solar PV and wind
manual slicing (orange).
concentrated in the very best locations. This assumption appears to
hold for facilities that exist today. Note that slice definitions are
based on entirely on solar PV or wind output, and that CSP output is
not used for allocating slices.

Resource slices are calculated based on the combined output of
the representative time series for solar PV and wind power using
either “manual slicing” or k-means clustering, see explanation of
these approaches in section 2.2.1. In Figs. A1 and A2 below, we
evaluate the slicing approximation by comparing duration curves of
the representative time series with the average output of individual
slices. However, note that the curves are sorted individually, and
therefore points on the blue and orange curves that appear close to
each other do not necessarily originate from the same time periods.
Nevertheless, the general shape of the duration curves is approxi-
mated well, especially for slicing using k-means clustering. Fig. A3
illustrates typical results of the clustering algorithm.
power in Europe (blue) and sorted average output of the 16 individual slices using k-

power in Europe (blue) and sorted average output of the 16 individual slices using 4 � 4



Fig. A3. Two-dimensional distribution of normalized representative time series for solar PV and wind power in Europe, coloured using the results of k-means clustering with 16 slices.
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Modelling storage

As high penetration of variable renewables increases the vari-
ability of electricity prices, storing electricity and releasing it during
times of high demand or low variable infeed is likely to become an
attractive feature of the energy system. Unfortunately most of the
time information is lost in the slicing approach we explore, which
complicates the modelling of electricity storage. However, some
information relevant for operation of storage can be regained by
analysing the original wind and solar data at high time resolution.
Every storage technology has a characteristic storage time, some-
times called the energy-to-power ratio. For every hour of wind and
solar resource data, we look ahead a number of hours corre-
sponding to the characteristic storage time and note the time slice
each hour was allocated to. This results in the number of hours per
year that an electricity transfer between pairs of time slices is
possible, which can be interpreted as a capacity factor for the
storage technology for energy transfer between these slices. To
Fig. B1. Region definitions
illustrate the concept: suppose we have a 12-h storage technology
and are interested in how slice X can interact with other slices. We
iterate over all time periods in a year and count which other slices
appear within 12 h after every occurrence of slice X. When aver-
aged over a year, this gives an upper bound for the number of hours
the storage technology can be used to transfer from slice X to any
other slice. The model can then choose to build storage capacity if it
is cost effective overall. This method is similar to the transition
matrix approach proposed by Wogrin et al. [28].

In our model we study four different lengths of storage: 12, 24,
48 and 96 h. The costs for storage are based on the cost data for
pumped hydro storage obtained from Zakeri and Syri [30]. Longer
storage times were also explored, but found to be uneconomical
due to high costs and low utilization.

Appendix B. Definition of regions
in the GET 9.0 model.
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Sub-Saharan Africa (AFR): Angola, Benin, Botswana, British
Indian Ocean Territory, Burkina Faso, Burundi, Cameroon, Cape
Verde, Central African Republic, Chad, Comoros, Cote d'Ivoire,
Congo, Djibouti, Equatorial Guinea, Eritrea, Ethiopia, Gabon,
Gambia, Ghana, Guinea, Guinea-Bissau, Kenya, Lesotho, Liberia,
Madagascar, Malawi, Mali, Mauritania, Mauritius, Mozambique,
Namibia, Niger, Nigeria, Reunion, Rwanda, Sao Tome and Principe,
Senegal, Seychelles, Sierra Leone, Somalia, South Africa, Saint Hel-
ena, Swaziland, Tanzania, Togo, Uganda, Zaire, Zambia, Zimbabwe.

Centrally planned Asia and China (CPA): Cambodia, China
(incl. Hong Kong), Korea (DPR), Laos (PDR), Mongolia, Viet Nam.

Europe (EUR): Albania, Andorra, Austria, Azores, Belgium,
Bosnia and Herzegovina, Bulgaria, Canary Islands, Channel Islands,
Croatia, Czech Republic, Cyprus, Denmark, Faeroe Islands, Estonia,
Finland, France, The former Yugoslav Rep. of Macedonia, Germany,
Gibraltar, Greece, Greenland, Hungary, Iceland, Ireland, Isle of Man,
Italy, Latvia, Lithuania, Liechtenstein, Luxembourg, Madeira, Malta,
Monaco, Montenegro, Netherlands, Norway, Poland, Portugal,
Romania, San Marino, Serbia, Slovak Republic, Slovenia, Spain,
Sweden, Switzerland, United Kingdom, Turkey.

Former Soviet Union (FSU): Armenia, Azerbaijan, Belarus,
Georgia, Kazakhstan, Kyrgyzstan, Republic of Moldova, Russian
Federation, Tajikistan, Turkmenistan, Ukraine, Uzbekistan (the
Baltic republics are in the Europe region).

Latin America and the Caribbean (LAM): Antigua and Barbuda,
Argentina, Bahamas, Barbados, Belize, Bermuda, Bolivia, Brazil,
Chile, Colombia, Costa Rica, Cuba, Dominica, Dominican Republic,
Ecuador, El Salvador, French Guyana, Grenada, Guadeloupe,
Guatemala, Guyana, Haiti, Honduras, Jamaica, Martinique, Mexico,
Netherlands Antilles, Nicaragua, Panama, Paraguay, Peru, Saint Kitts
and Nevis, Santa Lucia, Saint Vincent and the Grenadines, Suri-
name, Trinidad and Tobago, Uruguay, Venezuela).

Middle East and North Africa (MEA): Algeria, Bahrain, Egypt
(Arab Republic), Iraq, Iran (Islamic Republic), Israel, Jordan, Kuwait,
Lebanon, Libya/SPLAJ, Morocco, Oman, Qatar, Saudi Arabia, Sudan,
Syria (Arab Republic), Tunisia, United Arab Emirates, Yemen.

North America (NAM): Canada, Guam, Puerto Rico, United
States of America, Virgin Islands.

Pacific OECD (PAO): Australia, Japan, New Zealand.
Other Pacific Asia (PAS): American Samoa, Brunei Darussalam,

Fiji, French Polynesia, Gilbert-Kiribati, Indonesia, Malaysia,
Myanmar, New Caledonia, Papua, New Guinea, Philippines, Re-
public of Korea, Singapore, Solomon Islands, Taiwan (China),
Thailand, Tonga, Vanuatu, Western Samoa.

South Asia (SAS): Afghanistan, Bangladesh, Bhutan, India,
Maldives, Nepal, Pakistan, Sri Lanka.
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