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Abstract—The energy sector is the biggest contributor to
greenhouse gas emissions. The need to decarbonize the en-
ergy sector leads to increasing investment in renewable energy
sources. While variable renewable energy (VRE) such as wind
and solar photovoltaics introduces fluctuations, depending on
weather variability, bioenergy – with its inherent flexibility –
can mitigate the negative impacts of the intermittency on a net-
zero emissions energy system. Furthermore, biomass removes
atmospheric carbon dioxide, assisting us to reach climate goals.
This work presents the integration of stochasticity into the
extended bioenergy optimization model (BENOPTex) to analyze
the interplay between VRE and dispatchable bioenergy. The
findings demonstrate that for large amounts of solar and wind
energy, the overall system cost is at the minimum, whereas during
shortages, flexible bioenergy can support meeting electricity
demand but at a higher system cost.

Index Terms—Bioenergy, energy optimization models, solar,
stochastic models, wind,

I. INTRODUCTION

In order to fulfill the climate targets and stay on track to

1.5 ◦C, further accelerated investments in the expansion of
variable renewable energy (VRE), such as solar and wind

power, will be essential [1]. While these renewable technolo-

gies are experiencing massive cost reductions and technolog-

ical development, fossil fuel extraction cost is continuously

increasing [2]. In some places, even now, solar PV passed the

grid parity point and became the cheapest form of electricity

generation [3]; however, VRE depends on meteorological fac-

tors (e.g., wind speed, irradiation, temperature). With the fur-

ther de-fossilization of the energy system, electricity demand

will increase, as will the need for flexibility to compensate

for the unpredictability of VRE. Considering the techno-

economic challenges, direct electrification won’t be feasible

for some energy-intensive processes [4]; thus, using biomass

as a relatively storable energy source (i.e., short-term and

mid-term storage) with versatile usage options can be a more

cost-effective alternative [5], [6]. Although utility-scale battery

energy storage systems (BESS) can reduce emissions, their

high storage costs pose significant economic challenges [7].

As an indispensable part of energy supply chain manage-

ment, energy system optimization models (ESOMs) have been

used over the last 50 years to inform decision- and policy-

makers about strategic planning and future complexities of the

energy system [8], [9]. Initially developed during the oil crises

and political conflicts of the 1970s, these models aimed to

assess the impacts of geopolitical instability on energy security

and resource allocation. However, as the energy landscape

evolved and the global focus shifted towards sustainability,

ESOMs have adapted to incorporate the growing importance of

VRE [10]. The first generation of ESOMs have ignored VRE’s

probabilistic nature by exploiting deterministic scenarios to

evaluate long-term uncertainties of various narrative storylines

[11]. To make matters worse, the lower resolution of these

models tends to overestimate the contribution from VRE

(i.e., viewing VRE as a silver bullet) and underestimate CO2
emissions [12]. Also, the coarse representation of variability

leads to underestimation of total system cost [13].

Scientists employ multiple approaches to deal with the

uncertainty of the system under investigation, such as scenario

analysis, sensitivity analysis, and uncertainty analysis [14].

Depending on the research objectives, researchers may utilize

scenario analysis to focus on a certain number of plausible

futures or use sensitivity analysis to find the magnitude of

system responses to variable inputs, or uncertainty analysis

when the probabilistic information of these variable inputs is

available. Stochastic modeling emerged as a way of represent-

ing short-term variability in long-term energy models. Unlike

deterministic models, where decisions are based on a single

operational scenario with a probability of realization set at

100%, stochastic models define scenarios by considering the

likelihood of different outcomes. Therefore, a major stochastic

modeling challenge is to quantify various realizations’ prob-

ability. When quantification is not possible (especially for

extreme events), robust optimization can be employed [15].

Robust optimization uses uncertainty sets instead of stochastic

scenarios [16]. The technique renders solutions that exhibit

feasibility for all possible realizations of uncertainty within

a range defined in the uncertainty set. Stochastic and robust

modeling improve the representation of VRE in long-term

energy models by capturing the need for backup capacity and

flexible solutions.

When performing scenario analysis, extremes must also

be considered [17]; therefore, to explore the interplay of

integrated variability with bioenergy, this paper examines

scenarios representing the best possible outcome, the worst

possible outcome, and an average outcome. In this study,

we investigate the interplay between VRE and dispatchable

energy resources, considering historical data. To this end,

the uncertain power generation of onshore and offshore wind

power and solar PV will be integrated into the extended979-8-3315-1278-1/25/$31.00 ©2025 IEEE



bioenergy optimization model of the German energy system

[18] via random variables. We combine modeling extremes

scenarios with sensitivity analysis to explore the solution

space.

II. METHODOLOGY

A. Retrieving historical data

To model the intermittencies, we collected capacity factors

(cf) for wind (onshore and offshore) and solar PV from Re-

newables.Ninja [19], [20]. These hourly cfs are the outcomes

of simulations based on past weather information from 1980

until 2016 and updated until 2019 on a national scale for all

European countries. cf describes the ratio of actual energy

generation to the potential energy generation during a given

period. Data from the 29th of February was extracted from

the dataset. Figure 1 illustrates the variation in cf based on the

energy source. Figure 1a shows the mean daily cf for onshore

wind in Germany, averaged over 24 hours, from 1980 to 2019.

In comparison to the rest of the year, less wind is available

during the summer months and a higher variability in February

and November is shown. In comparison, Figure 1b shows the

median capacity factor for solar PV in Germany averaged over

all summer days between 1980 to 2019 with the respective

calculated percentiles. The capacity factor is zero at night

and reaches its maximum at noon. Not shown is the smaller

maximum cf of PV on winter days, while in contrast, the cf

of wind reaches its maximum during the winter months. Thus,

there is a region-time-dependent complementary relationship

between wind and solar.

B. Optimization Model

The selected optimization model for this study is BENOPTex
[21], as it is a technologically and spatially detailed deter-

ministic model that considers the latest policies in place. For

instance, the Renewable Energy Directive (RED) is considered

according to the base scenario of [22]. Regional hourly elec-

tricity demand is harmonized through the coupling of REMix

and BENOPTex models [23]. The model is limited to Germany

with detailed information on the German biomass potential and

transmission lines. For this study, the power sector has been

expanded, allowing the model to invest in VREs as well as

dispatchable technologies. Doing so enables us to introduce

historic cf values in the model as various stochastic events

that may occur in the future.

Incorporating stochasticity into BENOPTex enables the

analysis of the impact of variable electricity generation on

both the overall system cost and the biomass consumption

for energy production. In order to model the intermittency

of wind and solar, a stochastic decision variable for each

VRE in every time slice of each year is introduced. The time

horizon of our model is from 2020 until 2050, with yearly time

steps (t ∈ T ). However, each year is broken down into time
slices (j ∈ J). In the deterministic model, Eq. (1) limits the
amount of electricity (Eel) that can be produced (in PJ) from

a technology i at time slice j of year t in region r, where βj

converts GWh to PJ considering the maximum number of time
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Fig. 1: Mean cf of onshore wind averaged per day, and over

all years (1a, and mean cf of solar PV for summer days(1b).

slices (Jmax = |J |), kti is the deployed capacity in GW, and
Ctir specifies the availability of technology i at year t in region
r. Ctir excludes the maintenance time when power plants

cannot produce electricity. This constraint is mostly active as

VREs often do not incur variable operation and maintenance

costs.

Eel
tjir ≤ βj kti Ctir , ∀i ∈ ICONVel, j ∈ J, r ∈ R (1)

βj =

(
8760 · 0.0036

Jmax

)
, ∀j ∈ J

However, the capacity factor of intermittent renewable tech-

nologies are random stochastic variables (C̃tir) that are de-

2



pendent on weather conditions.

Eel
tjir ≤ βj kti C̃tjir , ∀i ∈ IVRE, j ∈ J, r ∈ R (2)

Different realizations of C̃tir in Eq. (2) can be formulated

using scenarios. Each scenario (s ∈ S) has a probability of
occurrence (ps). Therefore, Eq. (2) is reformulated to

Eel
tjir ≤ βj kti C

s
tir + P s

tjir , ∀i ∈ IVRE, j ∈ J, r ∈ R. (3)

The included surplus variable P s
tjir is associated with a

real-world interpretation, which facilitates finding the penalty

for it in the objective function. In Eq. (3), P s
tjir describes

the additional electricity that has to be purchased1 by VRE

technology i at time slice j of year t in region r under
scenario s, in order to compensate the deviation from the

optimal allocation of the independent system operator. As

the additional electricity has to be purchased from external

sources, a cost can be assigned to it in the objective function,

thereby penalizing its occurrence. The objective function of

the model minimizes the total system cost for different energy

carriers and can be divided into a deterministic and a stochastic

part,

zt =
∑
i

(zti)

︸ ︷︷ ︸
deterministic term

+

stochastic term︷ ︸︸ ︷
E

⎡
⎣∑

ijs

(pelti · P s
tjir)

⎤
⎦ , ∀t ∈ T. (4)

The deterministic term includes, among other factors, the

production, investment, and feedstock costs. The stochastic

part, on the other hand, minimizes the expected (average)

cost of purchasing additional electricity to satisfy the demand

depending on the current power price (pelti ). It is assumed that
any excess electricity production is wasted, as it will not be

traded in the market.

We employ a combination of scenario and sensitivity anal-

ysis. The utilized scenarios (s ∈ S) are generated from the

retrieved historical weather data, representing low, medium,

and high values of cf to capture the variability in VRE

availability and assess the system’s response to extreme events.

In each model run for each year t with a given probability
(Pr(Sc) ≥ 0), a scenario is picked according to Algorthim 1.
Belongs the scenario to the low VRE availability scenario, the

minimum possible cf is chosen for all time slices j in year
t. For medium VRE availability, the average cf over all cf is

computed and when the scenario belongs to a high VRE, the

maximum cf is chosen. This process has to be repeated many

times to obtain representative results, as each year may fall into

these three categories under the given probability assumption.

The stylized version of the code is presented in Algorithm 1.

Figure 2 shows the possible combination of scenarios in

scenario space, which are picked over times. The sum of

all probabilities is 100%. This figure builds the base for the

ternary plots shown in the Result section III.

1It happens in intraday and balancing markets.

Algorithm 1 Scenario generation algorithm
Require: Pr(Sc) ≥ 0 such that

∑
c Pr(Sc) = 1

Require: xmax is the maximum number of replications

1: x ← 0
2: while x ≤ xmax do
3: x ← x+ 1 � Generate multiple iterations
4: t ← 0
5: while t ≤ |T | do
6: t ← t+ 1
7: r ∼ U(0, 1) � Generate a random number
between 0 and 1

8: if r ≤ Pr(S1) then
9: sxt = min(sxt ∈ Sc1) � Choose scenario with
the smallest capacity factor from Sc1

10: psx = psx × Pr(Sc1)
11: else if r > Pr(Sc1) and r ≤ Pr(Sc1) + Pr(Sc2)

then
12: sxt = E(Sc2 ) � Choose scenario with mean

capacity factor from all scenarios in Sc2

13: psx = psx × Pr(Sc2)
14: else
15: sxt = max(sxt ∈ Sc3) � Choose scenario with

maximum capacity factor from Sc3

16: psx = psx × Pr(Sc3)
17: end if
18: end while
19: end while
20: Run BENOPTex for the generated subset of scenarios

(Sx, psx)
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Fig. 2: All feasible combinations of scenarios in scenario

space. Vertex A consists of 50% mVRE and 50% lVRE

scenarios between 2020 and 2050.

The six-hourly stochastic model with xmax = 100 repli-
cations has been solved in 12 days with parallelization on a

workstation with 72 Intel Xeon E-78867 processors at 2.4 GHz

and 6 TB RAM. The GAMS optimizer is configured to assign

six threads to CPLEX solvers: the primal and dual simplex

algorithms have one thread each, and the interior point method

has four threads [24]. Results are shown in section III.
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III. RESULTS AND DISCUSSIONS

In this section, we present the results illustrating the inter-

play between VRE and bioenergy, depending on the selected

scenario in the stochastic component of the model. The results

are displayed as ternary plots in Figure 3. The triangular

graphs represent the relationship between the three possible

scenarios with each side of the triangle corresponding to the

probabilities of one of the scenarios occurring. The intersection

lines between the axes illustrate the dependencies among the

scenarios. The results are not presented in absolute terms,

but relative to the maximum value. Figure 3a shows the

cost of the system. The color gradient reflects how different

combinations of probabilities determine the total system cost.

Point A represents the case where with 100% probability a

value from the low-VRE scenario is chosen for each time

slice of each year, point B indicates that always a value from

the mid-VRE scenario is chosen; and point C denotes the

case where with 100% probability a value from the high-

VRE scenario is picked for each time slice of each year. The

highest total system cost, shown in red, is reached when only

low-VRE scenarios are picked. The system cost decrease as

the probability of mid-VRE and high-VRE scenarios increase

and reach the minimum value at point C. The distinctive

line between the red and blue regions exhibits that if low-

VRE conditions occur over 20% of the time until 2050, a

dispatchable energy source (i.e., bioenergy) will be required

to compensate for the imbalance between demand and supply

cost-optimally. This result is confirmed in Figure 3b and Figure

3c. Figure 3b shows the amount of deployed VRE. It appears

that the low-VRE scenario results in a limited proportion of

VRE being utilized. Correspondingly, the bottom figure shows

the amount of utilized bioenergy depending on the scenarios.

When the probability of selecting a value from the mid-VRE

scenario is high to very high, the amount of biomass used as

an energy source decreases significantly.

In Figure 4, the amount of total energy production from

biomass and VRE in Germany until 2050 is shown in EJ

in comparison. The extreme Low-VRE setting corresponds to

point (A) in the ternary plot, Mid-VRE corresponds to point

(B), and High-VRE corresponds to point (C). Only biomass

used for electricity production is considered in Figure 4. It is

evident that bioenergy production decreases in both the Mid-

and High-VRE scenarios. In contrast, solar PV production is

consistently higher across all scenarios compared to bioenergy.

Overall, the highest energy output is generated from onshore

wind in the High-VRE scenario. It can also be observed

that under the high-VRE setting, solar technology decreases

unexpectedly. This behavior may be attributed to the nature of

the optimal solution, where the dominant option–wind in this

case–takes the entire share of renewables. In addition, a rise

in total energy production across all considered technologies

is detected. The total electricity production from 2020 until

2050 increases from 34.58 EJ in the Low-VRE scenario to

36.9 EJ in the Mid-VRE scenario, and reaches 39.9 EJ in the

High-VRE scenario. Figure 5 shows the annual system costs

for three distinct scenarios, corresponding to points A, B, and

C in Figure 3, until 2050. It is evident that the High-VRE

scenario leads to the lowest system cost at every point in time

while the extreme Low-VRE scenario results in the higher

system cost. However, unlike the low-VRE setting, under the

high-VRE scenario, steep growth in total system cost is visible.

This growth is due to investments in solar and wind energy.
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Fig. 3: The interplay between bioenergy and VRE with 6h

time resolution and 100 replications for each setting.

IV. CONCLUSION

In conclusion, by integrating a stochastic component into

our model, we captured the inherent variability and uncertainty

of VRE. The results demonstrate that the fluctuating nature of

VRE significantly influences the system cost, with scenarios

characterized by a high share of VRE leading to lower system

costs compared to scenarios with low VRE availability. This

highlights the importance of accounting for VRE’s variability

in ESOMs, as higher VRE deployment, despite its fluctuations,
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Fig. 4: Comparison of total bioenergy (electricity alone) and

VRE production across different scenarios from 2020 to 2050.

The Low-, Mid-, and High-VRE scenarios correspond to a

100% probability of selecting a capacity factor from the

respective scenario.
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Fig. 5: Annual system costs in trillion Euros (1012) for three

different scenarios (Low-VRE in blue, Mid-VRE in red, High-

VRE in yellow) from 2025 to 2050.

can lead to more cost-effective solutions in the long term. In

situations with low VRE availability, bioenergy remains a nec-

essary component of the energy mix, although its integration

results in higher system costs. This highlights the importance

of a balanced approach, where bioenergy can play a critical

role in ensuring energy security when VRE availability is

limited, but at a higher economic cost.

Comparing the production shows that the interplay between

solar and onshore wind results in high investments in wind

energy in the high-VRE scenario while in other cases solar

PV is the dominating energy source. The next steps are to

move from analyzing extreme scenarios to create scenarios

with a probability distribution through clustering.
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