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Abstract. Due to global environmental concerns, our electricity supply
will transform from mostly conventional power generation to mostly
ﬂuctuating renewable power generation. The transition will require
combined backup from conventional sources and storage. A phase transition emerges during the ramp-up of the required amount of storage,
with renewable penetration being the control parameter and average
relative storage ﬁlling level being the order parameter. A singularity
appears for the required storage energy capacity at a renewable penetration determined by the parameters of the storage. For an ideal storage with no roundtrip losses the transition occurs at 100% renewable
penetration. Moreover, the required storage energy capacity is strongly
enhanced by temporal correlations on the synoptic weather time scale.
A Markov process is proposed, which reproduces these ﬁndings.

1 Introduction
Intermittent renewable energy technologies are already an important part of our energy system, and their role in covering energy demand will only increase in the future,
pushed by a global agenda to decrease emissions and reliance on fossil fuels. Recent
research has examined a possible end-point of this transition: a fully renewable energy system based on wind, solar and water power [1–4]. System engineering based on
the physics of complex systems is needed to design such far-future energy infrastructures, whose dynamics are driven by ﬂuctuating spatio-temporal weather patterns.
Based on state-of-the-art high-resolution meteorological data, several fundamental
properties of a fully renewable pan-European electricity system have already been
derived. Amongst such characteristics are the optimal mix between wind and solar
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power generation [5,6], the optimal synergies between storage and balancing [7], the
optimal extension of the transmission network [8–11], and the interplay between grid
and storage [12]. These ﬁndings on the design of far-future energy systems provide
important guidance for the design of near-future energy networks. Forward pathways
from the presence into the near future can be matched with backward pathways from
the far future into the near future to thoroughly design and execute the challenging
“Energiewende”.
This Paper focuses on the required need for storage in near- and far-future
electricity systems, as seen from a more general and fundamental perspective. In
Refs. [6, 7,13, 14] it has been observed, that in highly renewable electricity systems
the need for storage at ﬁrst strongly increases with the renewable penetration in a
nonlinear way, only then to strongly decrease again once a critical penetration has
been passed. It has been speculated that the emergence of this cusp singularity might
be related to a phase transition [7]. Based on renewable power generation data and
historical load [5], a simple time-series model describing the storage ﬁlling level is
discussed in Sect. 2. With increasing renewable penetration a sudden transition from
a low-storage-ﬁlling-level phase to a high-storage ﬁlling level phase is found to occur
at a critical penetration, which causes a singular behavior for the storage energy
capacity. Compared to randomized renewable power generation data, which is treated
in Sect. 3, temporal correlations on the synoptic weather time scale cause a strong
increase for the required storage energy capacity. A Markov process is proposed in
Sect. 4, which reproduces the storage size requirements found in the data. The conclusion is given in Sect. 5.

2 Data-driven time series modeling of the storage dynamics
The key to the construction of a simple storage model is the mismatch
Δ(t) = γGRES (t) − L(t)

(1)

between the renewable power generation γGRES (t) and the load L(t) at some instance
t in some region. For convenience, the normalization is such that the temporal averages are GRES (t) = L(t) = 1. The parameter γ describes the penetration of
average renewable power generation. When γ is smaller/equal/larger than one, the
average renewable power generation is smaller/equal/larger than the average load,
and consequently the average mismatch is smaller/equal/larger than zero.
The underlying mismatch time series (1) has been constructed from a recently
developed renewable energy atlas; for more details see [5]. Here, the renewable power
generation
(2)
GRES (t) = αGWIND (t) + (1 − α)GSOLAR (t)
is deﬁned as the combined wind and solar power generation with a mixing factor
of α = 0.6, and has been aggregated over 27 European countries. The speciﬁc choice
α = 0.6 leads to a seasonal detrending of the mismatch (1) around γ = 1 [5]. We assume that the European transmission network is suﬃciently strong as to not constrain
the sharing of renewables [10].
For ease of discussion, we assume an ideal storage, with charging and discharging
eﬃciencies η+ = η− = 1 and no constraints on the charging and discharging powers.
It is straightforward to formulate a dynamical model for the storage ﬁlling level:
⎧
max(f (t − 1) + Δ(t), 0) (for γ < 1)
⎪
⎪
⎨
(3)
f (t) = f (t − 1) + Δ(t)
(for γ = 1)
⎪
⎪
⎩
min(f (t − 1) + Δ(t), 0) (for γ > 1),
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Fig. 1. (a) Storage energy capacity based on the quantiles q = 1.00, 0.99, 0.95 as a function of
the renewable penetration γ. The mismatch data has been taken from a recently developed
European Renewable Energy Atlas [5]. The storage energy capacity is measured in units
of the average hourly load. (b) γ-dependence of the average storage ﬁlling level divided by
the respective q = 1.00 storage energy capacity. (c) For the case γ = 1.0, dependence of
the storage energy capacity on the length T of the mismatch time series. Lines indicate the
mean over ensemble for each quantile.

where the division into three cases based on γ ensures the average storage ﬁlling
level to remain bounded. A periodic boundary condition f (0) = f (T ) is imposed in
order to keep the storage neutral [7]. For γ > 1, f (t) is negative, which is purely for
notational convenience; shifting f (t) by | mint (f (t))| after calculation allows direct
comparison of storage level time series. In this simple model, storage is used as much
as possible and as much as needed. For γ < 1 the storage is ﬁlled as much as possible,
but storage alone is not suﬃcient to serve all occuring negative mismatches. Once
the storage runs empty, additional backup power generation is needed. For γ > 1 no
backup is needed, but the storage is ﬁlled only as much as needed. The remainder of
the positive mismatches is curtailed.
Over a suﬃciently long time T with γ = 1, the dynamics (3) produces a stationary
γ-dependent distribution p(f ) for the storage ﬁlling level. Its quantiles are deﬁned by
Q
q = fmin p(f )df and determine the storage energy capacity:
⎧
Q(q)
(for γ < 1)
⎪
⎪
⎨
1+q
1−q
CE (q) = Q( 2 ) − Q( 2 ) (for γ = 1) .
⎪
⎪
⎩
−Q(1 − q)
(for γ > 1)

(4)

A quantile-based deﬁnition is used for ease of comparison with the stochastic mismatch models introduced later.
Figure 1a illustrates the resulting γ-dependence of the storage energy capacity
based on three diﬀerent high quantiles. Note the logarithmic scale on the y-axis. As
γ increases from ≈0.5 to 1, the storage energy capacity increases by three orders
of magnitude, only then to decrease again by more than two orders of magnitude
as γ approaches 2. Figure 1b illustrates the average relative storage ﬁlling level as a
function of γ. There is a relatively sharp transition from a low ﬁlling level (ﬂoor phase)
for γ < 1 to a high ﬁlling level (ceiling phase) for γ > 1. These features are precisely
what would be expected for a phase transition with γ as the control parameter and
the average relative storage ﬁlling level as the order parameter. Exactly at γ = 1 the
system does not know to which phase to belong to, and the storage energy capacity
should become singular. The ﬁnite peak in Fig. 1a would then be a ﬁnite size eﬀect,
rather than an intrinsic property of the system. Figure 1c reveals how the storage
energy capacity at γ = 1 changes when the eight years of data have been chopped
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Fig. 2. Storage energy capacity based on the q = 0.99 quantile as a function of |γ − 1|.
The diﬀerent curves correspond to the hourly European Renewable Energy Atlas data (solid
red), the randomized hourly data (dashed orange), the simple hourly stochastic model (6)–(8)
(solid blue), the daily data (dashed green) and the Markov model derived from the transition
probability for the daily mismatches (solid black).

into one-, two- and four-year segments. The mean of these estimates grows with the
segment length, and does not seem to converge to a ﬁnite value, indicating that the
length of the data set is insuﬃcient to reveal details close to γ = 1.
Due to the ﬁniteness of the storage energy capacity at γ = 1, it is diﬃcult to
extract a scaling law of the form
CE ∼

1
δ

|γ − 1|

·

(5)

In fact Fig. 2 reveals that there is no such rigorous scaling law around γ = 1. In
the following we will show that this ﬁnding is due to temporal correlations in the
mismatch time series which are caused by the dominant weather time scales.

3 Temporal randomization
A randomization of the mismatch time series (1) leads to the dashed orange curve
in Fig. 2. The removal of the temporal correlations leads to a clear scaling law (5)
with exponent δ = 1.0. This can be understood analytically. The temporal evolution
(3) of the storage ﬁlling level can be expressed to some approximation as a stochastic
diﬀerential equation
√
(6)
df = Adt + BdΓ
with a reﬂecting boundary condition at the storage ﬂoor or ceiling, respectively. The
Gaussian white noise Γ comes with unit variance. The ﬁrst two cumulants of the
mismatch distribution determine the drift and diﬀusion coeﬃcients
A = γ − 1,
(7)
 2
 2
2
GRES − 1 − 2γ (GRES L − 1) + L − 1 .
B=γ

Note, that due to the dominant moment G2RES , attributed to the greater variability
of the generation, the diﬀusion coeﬃcient goes as B ∼ γ 2 for γ  0.4. The stationary
probability distribution for this process with a reﬂecting boundary at f = 0 is p(f ) =
|A/2B| exp(Af /2B) [15]. Its quantiles determine the storage energy capacity (4),
which then becomes for γ = 1:
CE (q) =

2B
ln
A

1
1−q

·

(8)
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Fig. 3. (a) Autocorrelation of the daily mismatch, derived from daily aggregate data (dashed
curve) and from the Markov-chain model (solid curve) for γ = 1.0 and α = 0.6. (b) Scatter
plot for consecutive daily mismatches in units of the average hourly load for γ = 1.0 and
α = 0.6.

For γ close to one, this leads to the scaling law (5) with exponent δ = 1. The expression (8) produces the blue curve in Fig. 2, and agrees nicely with the curve for the
randomized data.

4 Temporal correlations
The autocorrelation of the mismatch is shown in Fig. 3a. A one-day aggregation of the
mismatch has been used in order to detrend the regular intra-day pattern introduced
by the solar power generation GSOLAR (t) and the load L(t). As shown in Fig. 2,
this aggregation has no eﬀect on the storage energy capacity for γ close to one. The
correlation time is of the order of one week and matches nicely with the synoptic time
scale of the weather. Note that the seasonal time scale does not contribute here due
to the speciﬁc choice α = 0.6 in (2).
The correlation is also visible in Fig. 3b, which shows the daily mismatch as a
function of the previous value. The stretched cloud expresses a positive correlation
between two successive mismatch values. This scatter plot also allows the extraction
of the transition probability p(Δ(t + 1)|Δ(t)). The estimation is done nonparametrically using the Epanechnikov kernel, a well-studied kernel with compact support that
is common in applications [16]. The kernel bandwidths are chosen using the rules
of thumb for Gaussian marginals given in [16]. The estimated transition probability
allows to model the temporal evolution of the mismatch as a Markov chain. Simulations of the resulting time series are then used to derive estimates for the storage
energy capacity according to (3) and (4). These estimates are also shown in Fig. 2,
and agree within ﬂuctuations with the results obtained from the hourly and daily
mismatch data.
It is the temporal correlations of the mismatch which lead to a deviation from
the scaling law (5). They also cause a strong increase of the storage energy capacity;
compare again the topmost curves of Fig. 2 with the bottom two, which are more
than one order of magnitude apart from each other. Since the temporal mismatch
correlations are dominated by the synoptic time scale of the weather, it is also this
time scale which is in charge of the strong increase in required storage energy capacity.
The intra-day time scales do not play a big role. This can be concluded in two ways:
ﬁrst, the storage energy capacity derived from the hourly mismatches is almost identical to its counterpart derived from daily mismatches; see again Fig. 2. Second, the
required storage energy capacity for intraday mismatch ﬂuctuations is of the order of
the load consumed in 6–12 hours. Compared to the storage energy capacity of about
4–5 load weeks found for renewable penetrations around γ ≈ 1, this is two orders of
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magnitude smaller; see again Figs. 1 and 2. Note that if the seasonal time scale had
not been removed with the speciﬁc choice α ≈ 0.6 for the mixing factor in (2), or if
the underlying transmission network had not been assumed to be suﬃciently strong,
the resulting storage energy capacity would have been even greater than the energy
contained in 4–5 load weeks [6].
Relaxing the assumption of ideal storage eﬃciencies does not impact the above
discussion. Only the critical penetration changes: for eﬃciencies η+ , η− < 1, the
critical penetration will shift from γ = 1 to the solution of the implicit equation
γ = 1 + ((η− η+ )−1 − 1)B(γ), where B(γ) = −min(Δ(γ), 0).

5 Conclusion
The preceding analysis indicates, that an electricity system built with renewable penetration close to 100% will require extremely large storage capacities if storage is to
play a major part in balancing the system. These capacities will be much larger than
what is currently discussed with existing and prospected pumped hydro, compressed
air and hydrogen facilities, with electro-chemical batteries or with demand-side management in smart grids. Economically and operationally it will be smarter to design
the future electricity system away from a 100% penetration of renewables, where less
storage is needed. Either the system should be constructed for less penetration, keeping a larger portion of conventional power generation, or the penetration should be
increased above 100%.
In the latter case, the excess renewable penetration does not need to be extremely
large. Ref. [7] has shown that in the limit of a suﬃciently strong transmission grid
the excess penetration of a European electricity system amounts to only 17% once
an ideal battery storage with an energy capacity corresponding to six load hours is
complemented by the green hydro and biomass backup resources already available
today. If in addition also a hydrogen storage with non-ideal roundtrip eﬃciencies and
with an energy capacity corresponding to 2,5 load days is taken into account, then
the excess penetration would further reduce down to 5% only.
Excess renewable penetration in an electricity system leads of course to massive
excess renewable power generation. This does not necessarily represent a drawback.
The excess renewable power generation does not need to be curtailed. Instead, it
could be used to partially electrify the other two energy sectors, namely heating
and transportation. Given this perspective, excess renewable penetration could on
purpose be increased even further, thus leading all the way to a fully sustainable
smart network of strongly coupled energy infrastructure networks, including also a
new design of future energy markets.
The authors would like to thank G. Andresen, S. Becker, A. Søndergaard and M. Rasmussen
for several fruitful discussions.
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