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Abstract

The variability of wind and solar photovoltaic (PV) generation poses significant risks for produc-
ers in day-ahead electricity markets, where commitments must be made before actual output is
realized. A common mitigation strategy is to invest in storage, but an alternative is to exploit the
natural complementarity between wind and solar resources. We evaluate this economic value of
cooperation using two stochastic optimization models with chance-constrained reliability guaran-
tees: a Naive model without storage and a Storage-Enhanced model with battery dynamics. We
evaluate the models using the European Meteorological derived High Resolution RES (EMHIRES)
dataset for hourly wind and PV generation in 28 European countries in 2015. Our results show
that cooperation consistently improves outcomes. Without storage, 24 of 28 countries achieve at
least a 20% increase in expected profit, with gains in Finland, Lithuania, and Poland exceeding a
seven-fold improvement. With storage included, absolute profits rise, but the relative advantage
of cooperation becomes smaller and more uniform: joint profits are typically within 10–50% of
the best independent operation. Cooperation remains most beneficial in countries like Belgium,
Bulgaria, and the Netherlands, where wind and solar resources are both substantial and weakly neg-
atively correlated. Methodologically, our work provides a demonstration of how chance-constrained
optimization can evaluate renewable cooperation. For policymakers, our findings suggest that en-
couraging cooperative bidding can yield substantial and stable benefits in regions with balanced
resources, whereas in resource-scarce settings, expanding capacity or scaling storage should take
precedence.
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1. Introduction

The inherently intermittent nature of solar photovoltaic (PV) and wind power poses significant
challenges for the reliable operation of electricity markets (Aflaki & Netessine, 2017; Glenk & Re-
ichelstein, 2020; Piel et al., 2017). Solar output depends on diurnal and seasonal cycles, while wind
generation is governed by complex meteorological dynamics that vary across space and time (Hu
et al., 2015; Wolff et al., 2023). These fluctuations introduce risk in day-ahead electricity markets,
where producers must commit to hourly energy deliveries before actual generation is realized. Fail-
ing to meet committed bids can result in financial penalties, reputational damage, or even the loss
of future contracts (Sunar & Birge, 2019).

In operations and finance, a common strategy to manage uncertainty is to combine multi-
ple sources of risk in a way that reduces overall exposure. This is especially effective when the
uncertainties are negatively correlated or offer substitutable value. For example, in assortment
planning, Kaut et al. (2021) show that pairing products with negatively correlated demand profiles
can reduce the monetary portfolio risk. In financial hedging, Gaur & Seshadri (2005) illustrate
how stock index options can protect against variable downturns when product demand is positively
correlated with market performance. In manufacturing, Jordan & Graves (1995) demonstrate that
process flexibility enables firms to shift capacity toward high-demand items, thus buffering against
demand volatility across products. In all of these examples, the ability to combine or substitute
across uncertain components reduces variance of the outcomes towards greater reliability.

This risk mitigation principle finds relevance to renewable energy systems as well. Wind and
solar power exhibit partially complementary generation patterns — solar production peaks during
daylight hours and declines at night, while wind power often intensifies in the evening or during
non-summer months (we quantify this effect in Section 3). When these sources are negatively
correlated, aggregating them can smooth total output and reduce the likelihood of simultaneous
low generation. This complementarity has motivated the design of hybrid systems that co-locate
wind and PV technologies (Ferrer-Mart́ı et al., 2013; Golari et al., 2017; Salman et al., 2025),
improving dispatchability and reducing backup requirements.

Recent studies have demonstrated both environmental and economic benefits of hybridizing
wind and solar resources. For instance, Ferrer-Mart́ı et al. (2013) formulate a mixed-integer pro-
gram to co-optimize wind and PV in off-grid microgrids and report a 30.7% reduction in total
capital cost. Golari et al. (2017) integrate intermittent renewable energy sources into a multi-plant,
multi-stage production-inventory model and find that operational costs decrease by over 50% in a
12-stage single-plant setting and nearly 10% in a six-stage multi-plant setting. Their results also
show that achieving a high green energy coefficient (the share of renewable energy in total energy
consumption) is feasible and effective in reducing carbon footprint. Similarly, Atakan et al. (2022)
use a stochastic hierarchical planning framework to manage the uncertainty introduced by wind
and solar, showing that renewable integration can reduce generation costs by up to 10.4% and lower
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daily CO2 emissions. Glenk & Reichelstein (2020) analyze the investment value of hybrid wind and
power-to-gas (P2G) systems, providing necessary and sufficient conditions under which joint de-
ployment yields a synergistic benefit in terms of life-cycle unit costs. Empirical case studies further
support these findings. In Urumqi, China, Li et al. (2013) show that hybrid wind–PV–battery
systems reduce net present cost (NPC) by 9–11% relative to PV-battery and wind-battery systems.
In Bangladesh, Nandi & Ghosh (2010) report even greater gains, with NPC reductions of 27%
and 29% compared to wind-battery and PV-battery systems, respectively. Collectively, this exten-
sive literature confirms that well-designed hybrid systems can significantly enhance the technical,
economic, and environmental performance of renewable energy deployment.

Our work is in the same spirit as (Glenk & Reichelstein, 2020; Li et al., 2013; Nandi & Ghosh,
2010), but differs in focus and scope. Rather than evaluating investment decisions or long-term
planning models, we study the operational coordination of a network of independent wind and
solar producers in the context of the day-ahead electricity market. To model real-time delivery risk
under uncertainty, we formulate stochastic optimization models with chance constraints, allowing
a controlled probability of delivery shortfalls—an inherent feature of markets based on variable
generation. A stochastic optimization framework is particularly well-suited for such an analysis,
as it allows decision-making under uncertainty using simulations of scenario data. Further, chance
constraints offer a flexible tool to enforce delivery reliability: operators can specify a desired con-
fidence level (e.g., 95%) and ensure that energy commitments are met with high probability. This
avoids the overly conservative behavior often associated with worst-case or deterministic models,
while still providing reliability guarantees in uncertain environments. Employing this framework,
we then quantify the economic benefits of joint operation and compare them to the profits from
operating wind and solar assets independently. Our goal is to assess whether decentralized, market-
based cooperation leads to measurable synergy, and to identify the operational conditions under
which such cooperation is most effective.

With this background, the following are the key contributions of this work.

(i) We show that complementary generation profiles of wind and PV can substitute for storage. In
many European regions, joint operation provides substantial synergy even without batteries
— particularly in countries such as the Netherlands, the United Kingdom, and Germany
where wind and solar outputs are negatively correlated — allowing natural complementarity
to smooth delivery risk.

(ii) We find that although the value of cooperation is reduced when battery storage is introduced,
it is not entirely eliminated. Storage tends to diminish the variability benefit of comple-
mentarity, shifting the advantage toward countries with more balanced or weakly correlated
resources. In some cases, storage substitutes for cooperation, while in others it enhances
synergy through temporal arbitrage.
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(iii) We demonstrate that even without physical integration such as co-location or shared stor-
age, simple coordination among independent operators generates significant economic gains.
This suggests that market-based incentives for cooperative bidding can be as important as
infrastructure investment.

(iv) Finally, at a methodological level, we present a case-study demonstrating that chance con-
straints provide a flexible tool for evaluating renewable energy cooperation. By varying the
reliability threshold, we quantify how tolerant a system must be to delivery shortfalls in order
for cooperation to remain profitable. This offers guidance for the calibration of imbalance
penalties and reliability requirements in market design.

The rest of the article is structured as follows. Section 2 introduces the modeling framework
and defines our surrogate measure for economic synergy. In Section 3 we summarize our dataset,
provide an exploratory analysis of wind and solar generation across Europe, and outline the fore-
casting procedure that we use to generate our scenario sets. Section 4 reports the computational
experiments and evaluates the performance of both models that we present, including sensitivity
analyses with respect to battery capacity and reliability thresholds. Finally, Section 5 highlights
the main insights and discusses their implications for renewable energy policy and market design.

2. Problem Setting

We study the economic value of cooperation between wind and solar producers participating in
the day-ahead electricity market. The central question is whether these resources achieve higher
profits when operating jointly rather than independently, and how this outcome depends on the
presence of storage and on system reliability requirements. To capture the uncertainty of renewable
generation, we employ chance-constrained optimization models that maximize expected profit while
ensuring that committed hourly deliveries are met with high probability. The input to these models
is a set of day-ahead forecast scenarios, generated from historical data as described in Section 3.2.

Our first framework, referred to as the Naive model, excludes storage and assumes that pro-
ducers must commit to a fixed hourly delivery schedule before actual generation is realized. The
model builds on the chance-constrained formulation in Singh et al. (2018), which analyzed the role
of a fast-ramping generator in hedging renewable shortfalls. Let T denote the set of hours in the
planning horizon, and let Ω denote the set of scenarios representing possible renewable generation
outcomes. For each hour t ∈ T , the decision variable yt denotes the committed delivery, while Rt
represents the profit per unit of delivered energy. The available renewable generation in scenario
ω ∈ Ω is given by sωt . The Naive model is formulated as

max
∑
t∈T

Rt yt (1a)

s.t. P (yt ≤ sωt , ∀ t ∈ T ) ≥ 1− ε (1b)
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yt ≥ 0, ∀ t ∈ T. (1c)

The chance constraint in (1b) is a joint reliability requirement over the full day: the entire vector
of commitments [yt]t∈T is covered by available generation [sωt ]t∈T with probability at least 1 − ε.
Equivalently, at most an ε fraction of possible day-ahead realizations may experience any shortfall
at any hour. Smaller ε yields more conservative commitments and lower imbalance risk, while
larger ε allows more aggressive bidding at the expense of occasional shortfalls. In our experiments
we consider ε ∈ {0.01, 0.05}, corresponding to 99% and 95% daily reliability, respectively.

Building on this baseline model, the second framework extends the formulation by introducing a
battery system that can charge and discharge to buffer renewable variability and improve delivery
reliability. This Storage-Enhanced model is closely related to the chance-constrained approach
in Singh & Knueven (2021), which studied the effect of battery integration for solar-based bidding.
Let pωt and qωt denote the charge and discharge decisions, respectively, in hour t under scenario ω,
and let xωt denote the battery state of charge. The battery operates with round-trip efficiency η

and is bounded between X and X; charging and discharging incur per-unit costs Cc and Cd. The
model is given by

max
∑
t∈T

Rt yt − E
[
Cc p

ω
t + Cd q

ω
t

]
(2a)

s.t. P
(
yt ≤ sωt + qωt − pωt , ∀ t ∈ T

)
≥ 1− ε, (2b)

xωt+1 = xωt + η pωt − 1
η q

ω
t , ∀ t = 1, . . . , |T | − 1, ∀ω ∈ Ω, (2c)

X ≤ xωt ≤ X, ∀ t ∈ T, ∀ω ∈ Ω, (2d)

yt, p
ω
t , q

ω
t ≥ 0, ∀ t ∈ T, ∀ω ∈ Ω. (2e)

In model (2), we apply the same joint reliability level 1 − ε after accounting for storage. Further,
the expectation in (2a) is taken with respect to the scenario distribution (implemented as a sample
average approximation over Ω in our experiments). In optimal solutions of model (2), charging and
discharging do not occur simultaneously (Singh & Knueven, 2021).

To implement the chance constraints in both models, we use a standard sample average ap-
proximation reformulation. Specifically, we introduce a binary variable zω for each scenario ω ∈ Ω,
where zω = 1 if the reliability constraint is violated in scenario ω. Then, each original chance con-
straint is replaced by scenario-specific linear constraints, augmented with a big-M term involving
zω. Additionally, we enforce that at most bNεc violations occur across the |Ω| scenarios. This
yields a mixed-integer linear program that we solve for each country and each reliability level.

We apply both models to three configurations: PV-only, wind-only, and joint wind–solar op-
eration. Let zPV, zW, and zC denote the optimal profits obtained by solving either (1) or (2) for
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these cases. To evaluate the economic bene�t of cooperation, we de�ne theSynergy Ratio as

SR =
zC

zW + zPV : (3)

A value of SR > 1 indicates that joint operation of wind and solar achieves higher pro�t than the

sum of independent operations, thereby quantifying the economic value of complementarity. This

performance measure provides the link between the models and the computational analysis that

we conduct in Section 3.

3. Data Description

3.1. Summary of Renewable Generation Data

We use the EMHIRES dataset (European Meteorologically derived High-resolution Renewable

Energy Sources time series (Gonzalez Aparicio et al., 2016, 2017)) that provides hourly time series

of onshore wind and PV generation across 35 European countries from January 1986 to December

2015. Each time series is reported as acapacity factor | the ratio of actual output in a given hour to

the installed capacity | that takes values between zero and one. For this work, we focus on the year

2015 and restrict attention to the 28 countries for which complete capacity data and normalization

parameters are available. Since our aim is to compare pro�tability across countries, we normalize the

hourly capacity-factor pro�les using the annual generation reported by each country's transmission

system operator (TSO) for 2015. Multiplying the normalized capacity factors by installed capacities

yields hourly generation in megawatts (MW), replicating each country's o�cial annual production

statistics. This normalization procedure is detailed in the appendix of Gonzalez Aparicio et al.

(2016, 2017), and the �nal dataset used in our numerical experiments of Section 4 is available

at our GitHub repository: https://github.com/montreeklim/synergy_wind_solar . In all

tables and �gures of this work, we identify countries by their ISO 3166-1 alpha-2 codes (e.g., DE

= Germany, FR = France, etc.)

Table 1 summarizes the key descriptive statistics of hourly PV and wind generation across the

28 countries. For each technology, we report the mean, standard deviation, range (minimum and

maximum), and the proportion of hours with zero output. We also calculate the PV share, de�ned

as the ratio of average PV generation to the sum of average PV and wind generation, in order to

characterize the balance between the two resources. The numbers show clear di�erences across the

European countries. PV output follows a strict diurnal cycle, with nearly half of all hours producing

zero output in most countries. Mean PV generation ranges from virtually zero in Ireland to nearly

4,000 MW in Germany. Wind generation, in contrast, is more continuous: in most countries, fewer

than 5% of hours have zero output. Mean annual wind generation spans from below 1 MW in

Slovenia and Slovakia to nearly 10,000 MW in Germany. The PV share is below 1% in northern
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countries such as Estonia, Finland, Ireland, Norway, Poland, and Sweden, while exceeding 98% in

Slovenia and Slovakia.

Table 1: Descriptive statistics of hourly PV and wind generation in 2015, derived from EMHIRES (Gonzalez Aparicio
et al., 2016, 2017) and scaled to MW using country-level installed capacities reported by national transmission system
operators (TSOs). The columns \Mean", \SD", \Range", and \%Z" denote the hourly mean, standard deviation,
minimum{maximum range, and percentage of zero-output hours, respectively. The �nal column reports the PV
share, de�ned as the ratio of average PV generation to the sum of average PV and wind generation. For details, see
Section 3.1.

PV (MW) Wind (MW) PV share (%)

Country Mean SD Range %Z Mean SD Range %Z

AT 52.7 74.5 [0.0{287.6] 49.8 544.9 573.7 [0.0{1980.2] 0.0 8.8
BE 361.5 573.0 [0.0{2443.7] 49.9 503.2 504.7 [0.0{1726.0] 0.4 41.8
BG 152.1 226.4 [0.0{909.8] 49.4 118.8 126.5 [0.0{615.3] 0.1 56.1
CH 103.5 146.5 [0.0{551.1] 49.7 10.9 13.8 [0.0{60.0] 1.4 90.5
CZ 250.5 394.1 [0.0{1712.1] 49.4 67.1 74.7 [0.0{276.6] 0.6 78.9
DE 3922.2 5973.7 [0.0{25,535.6] 49.3 9670.2 10107.9 [10.4{42,757.6] 0.0 28.9
DK 83.0 135.7 [0.0{617.0] 49.6 999.7 844.9 [0.0{2837.1] 0.1 7.7
EE 0.5 1.0 [0.0{4.5] 50.6 77.8 65.2 [0.0{204.4] 0.4 0.6
ES 1220.1 1569.3 [0.0{5178.6] 49.5 5962.3 5054.0 [9.4{22,961.8] 0.0 17.0
FI 0.7 1.3 [0.0{6.3] 49.9 239.1 184.8 [0.7{679.8] 0.0 0.3
FR 828.1 1132.5 [0.0{4214.3] 49.9 2471.1 2031.9 [4.9{8683.0] 0.0 25.1
GB 853.2 1314.0 [0.0{6692.4] 49.3 4071.4 3031.0 [33.0{10,706.2] 0.0 17.3
GR 420.5 584.2 [0.0{2110.9] 49.8 375.1 349.0 [0.4{1517.5] 0.0 52.9
HR 5.8 8.9 [0.0{32.2] 49.4 65.4 83.2 [0.0{366.9] 4.4 8.1
HU 4.1 5.9 [0.0{21.1] 49.2 55.0 67.0 [0.0{263.4] 2.9 6.9
IE 0.1 0.1 [0.0{0.8] 49.7 759.9 583.3 [0.0{1759.9] 0.1 0.0
IT 2727.8 3819.8 [0.0{13,331.8] 49.6 1232.3 1396.9 [0.7{7444.8] 0.0 68.9
LT 6.7 11.5 [0.0{50.7] 50.3 67.1 66.9 [0.0{235.0] 0.4 9.1
LU 13.4 22.2 [0.0{95.6] 50.8 8.0 11.2 [0.0{48.4] 8.0 62.6
LV 0.2 0.3 [0.0{1.5] 50.2 12.0 11.9 [0.0{38.6] 2.7 1.6
NL 163.5 258.1 [0.0{1128.8] 49.9 972.4 850.1 [0.0{2594.1] 0.4 14.4
NO 0.7 1.3 [0.0{6.8] 49.2 209.5 124.5 [2.2{498.3] 0.0 0.3
PL 9.4 14.8 [0.0{66.2] 49.5 1324.5 1245.4 [1.2{4688.8] 0.0 0.7
PT 91.2 121.5 [0.0{388.4] 49.6 1073.9 968.5 [0.6{4506.3] 0.0 7.8
RO 178.0 250.9 [0.0{889.7] 49.6 579.7 568.3 [0.1{2859.6] 0.0 23.5
SE 7.8 13.1 [0.0{63.3] 49.5 937.4 752.5 [8.1{3018.3] 0.0 0.8
SI 32.2 51.6 [0.0{193.5] 50.1 0.4 0.7 [0.0{3.0] 17.5 98.8
SK 69.8 102.6 [0.0{383.8] 49.6 0.5 0.7 [0.0{2.6] 17.1 99.3

Figures 1a and 1b illustrate that in most countries average wind generation exceeds PV genera-

tion, with exceptions such as Italy, Greece, Bulgaria, the Czech Republic, and Switzerland. There

are �ve countries (Ireland, Finland, Norway, Estonia, and Latvia) that have an average PV gen-

eration of less than 1 MW, and two countries (Slovenia and Slovakia) that have an average wind

generation of less than 1 MW. Figure 1c and 1d further highlight the geographic distribution of

resources: PV capacity is concentrated around the Mediterranean basin, where solar irradiance is

high and sunshine is predictable, whereas wind capacity is concentrated in northwestern Europe,

particularly Germany, the United Kingdom, and Spain, where strong and persistent wind regimes
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prevail (we revisit this e�ect below). Finally, Figure 2 displays normalized hourly generation pro-

�les, con�rming the complementary temporal patterns of the two technologies: solar output peaks

during daylight hours while wind generation tends to be stronger at night or during o�-peak solar

periods.

To examine complementarity more directly, we compute the Pearson correlation coe�cient

between hourly PV and wind generation during daytime hours (05:00{17:00). A negative correlation

indicates that when one source produces strongly, the other tends to be weak, creating natural

hedging opportunities; conversely, a positive correlation suggests that wind and solar outputs rise

and fall together, o�ering less diversi�cation bene�t. As shown in Figure 3a, northern maritime

countries such as Germany, the United Kingdom, and Norway exhibit strongly negative correlations

in sunlit hours (as low as� 0:55), re
ecting a high degree of complementarity. In contrast, countries

such as Hungary and Portugal display correlations closer to zero, implying weaker natural balancing.

To explore temporal patterns further, we group countries into four climatological regions: At-

lantic Maritime, Continental, Nordic & Baltic, and Mediterranean. Figure 4 provides further

details by plotting hourly PV{wind correlations for each climatological region. The Atlantic Mar-

itime group (Figure 4a) shows the weakest negative correlation in the early morning [05:00{06:00),

with correlations strengthening around 07:00{08:00 and then remaining relatively stable through-

out the rest of the day. In the Mediterranean group (Figure 4d), correlations are also weak in the

early morning but decrease steadily toward noon, reaching their most negative values late morning

before increasing again in the afternoon; in Portugal, correlations even turn positive by 17:00. The

Nordic & Baltic and Continental groups (Figures 4b and 4c) exhibit similar patterns, with the

strongest negative correlations occurring around [06:00{07:00), rising toward weaker values near

midday, and then becoming more negative again in the evening hours. These regional patterns

reinforce the view that the degree of complementarity between PV and wind varies systematically

not only across geography but also across the intraday cycle.

3.2. Scenario Generation

To evaluate the models introduced in Section 2, we simulate scenarios of renewable genera-

tion uncertainty at the day-ahead horizon. Speci�cally, we use an autoregressive moving average

(ARMA) model following the methodology given in Singh & Pozo (2019).

For wind generation, we �t an ARMA( p; q) model to the 60 days of data preceding the prediction

date of September 28, 2015 (the 271st day of the year). We verify stationarity using the Augmented

Dickey{Fuller (ADF) test, with the null hypothesis of a unit root rejected at the 5% level in all

countries. We evaluate candidate lag ordersp; q 2 f 0; : : : ; 5g to select the model that minimizes

the Bayesian Information Criterion (BIC), subject to passing Ljung{Box tests for residual auto-

correlation at lags 5, 10, and 15. For four countries (Bulgaria, France, Greece, and Romania), no

speci�cation satis�es all Ljung{Box tests; in these cases, we select the model with minimum BIC,

as our goal is scenario generation rather than best-in-class forecasting accuracy.
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Figure 1: Average hourly wind and PV generation by country in 2015 (MW), shown on a logarithmic scale to
accommodate cross-country magnitude di�erences, based on EMHIRES data (Gonzalez Aparicio et al., 2016, 2017).
For details, see Section 3.

(a) Average hourly wind generation (bar chart). (b) Average hourly PV generation (bar chart).

(c) Average hourly wind generation (heatmap). (d) Average hourly PV generation (heatmap).
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