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 A B S T R A C T

The decarbonization of heavy industries demands large volumes of green hydrogen. To produce green hydrogen 
via electrolysis, the EU’s Renewable Energy Directive II imposes rules to ensure the use of renewable 
electricity. Hydrogen producers can use portfolios of power purchase agreements (PPAs) to buy renewable 
electricity. These portfolios must meet hydrogen demand cost-effectively, and battery storage can help by 
shifting excess renewable generation. However, high uncertainty around future electricity prices and demand 
complicates optimal portfolio design. Current literature lacks comprehensive models that evaluate such 
portfolio optimization under uncertainty for real-world case studies including battery storage. This work 
addresses the gap by introducing a stochastic mixed-integer linear programming model tailored to industrial 
applications. We demonstrate the model using a real-world glass manufacturing site in Germany. Our findings 
show that portfolio optimization alone can reduce the levelized cost of hydrogen (LCOH) by 6.24% under EU 
rules. Adding a battery further cuts costs, achieving an LCOH of 11.8 e2024 kg−1. Exploring different temporal 
matching schemes reveals that weekly matching reduces LCOH by 2 e2024kg−1 while maintaining a high share 
of renewable energy. The model offers a flexible tool for optimizing PPA portfolios in various industrial settings.
1. Introduction

The industrial sector accounts for roughly 18% of Germany’s green-
house gas (GHG) emissions in 2022 [1], making its decarbonization 
a central step toward climate neutrality. Within this sector, the glass 
industry alone emitted 3.9 Mt of CO2 in 2022 [2]. Since around 80% 
of the total energy demand in glass manufacturing is required for 
material heating, replacing natural gas in conventional furnaces with 
CO2-neutral alternatives represents a particularly promising pathway. 
Among these, green hydrogen has received considerable attention from 
both industry and academia [3,4], and several demonstration projects 
are currently under way [5–7].

However, the climate benefits of hydrogen depend strongly on how 
it is produced. Different electricity generation processes result in widely 
varying costs and emissions [8]. To address this, the European Union’s 
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Renewable Energy Directive II (RED2) defines strict criteria for renew-
able hydrogen production, including additionality, simultaneity, and 
geographical proximity between renewable electricity generation and 
consumption [9]. In particular, the simultaneity requirement will de-
mand hourly matching between renewable generation and electrolyzer 
consumption from 2030 onwards, raising concerns about economic 
feasibility [10]. During the transition period until 2030, a monthly 
matching rule applies.

Power purchase agreements (PPAs) offer one mechanism to satisfy 
these requirements while securing long-term renewable supply. PPAs 
are bilateral contracts between electricity producers and consumers 
that define quantities, prices, and risk allocation. Common structures 
include Pay-as-Produced (PaP) PPAs, where the off-taker purchases a 
fixed share of renewable generation at each time step, and baseload 
PPAs, where a constant volume is supplied each hour. Baseload PPAs 
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provide higher supply security but are typically more expensive than 
PaP PPAs [11]. Initially developed in the U.S. and Northern Europe 
to support renewable project financing, PPAs are now widespread in 
Germany, Spain, and the Nordic countries [12].

While PPAs facilitate renewable procurement, they also involve 
challenges. Contracts typically span 5–10 years [13], requiring careful 
alignment with future electricity needs and price developments. Mis-
judgments can impose significant financial burdens on energy-intensive 
industries such as glass manufacturing. Moreover, uncertainties in fu-
ture market prices, renewable generation profiles, and industrial con-
sumption complicate PPA portfolio selection. Addressing these uncer-
tainties requires robust optimization approaches.

Scenario-based two-stage stochastic optimization provides such a 
framework. In the first stage, strategic decisions such as PPA selection 
are made before uncertainties unfold; in the second stage, operational 
decisions such as dispatch adjustments are optimized for realized sce-
narios. This allows for robust solutions across a wide range of possible 
futures, outperforming deterministic one-stage models that rely on 
a single forecast [14,15]. For industrial off-takers, this method can 
significantly enhance long-term economic stability.

Battery energy storage systems (BESS) further increase the flexibility 
of PPA-based procurement. By shifting surplus renewable electricity 
from periods of high availability to times of scarcity, batteries allow 
industries to rely more on cost-effective PaP PPAs instead of more 
expensive baseload contracts. Industrial stationary battery capacity has 
expanded rapidly in recent years—growing by 372% between 2022 and 
2024 in Germany alone, from 200 MWh to 743 MWh [16]. In industrial 
applications, batteries are already used for peak shaving and optimizing 
self-consumption; extending their role to PPA integration can unlock 
additional value.

Existing literature provides valuable insights into renewable pro-
curement strategies, but also reveals key gaps. Brandt et al. analyze 
the impact of RED2 on hydrogen production costs under different 
matching rules but do not consider storage or spatially diverse genera-
tion [10]. Gabrielli et al. compare PPA portfolios across countries [17], 
while Riepin et al. examine 24/7 clean energy procurement [18], yet 
both neglect hydrogen-specific industrial contexts. Casas Ferrús et al. 
demonstrate portfolio effects for hydrogen producers in Germany [19], 
and Gabrielli et al. highlight the benefits of co-locating storage with 
renewables [20], but neither focus on industrial off-takers or RED2 
simultaneity. Other studies explore hybrid renewable–hydrogen sys-
tems using advanced optimization methods [21–23], but lack explicit 
scenario-based analysis of uncertainty or application-specific insights 
for German industry.

To date, no study has analyzed how industrial hydrogen producers 
in Germany can jointly optimize PPA portfolios, battery storage, and 
electrolyzer capacity under RED2 simultaneity constraints.

This work addresses that gap by developing a stochastic two-stage 
optimization model that integrates PPA contracting, energy storage, 
and electrolyzer sizing. Our model explicitly incorporates uncertain-
ties in renewable generation and hydrogen demand, and evaluates 
up to 50 PPA options characterized by spatio-temporal weather and 
technology-specific cost data. By modeling RED2’s temporal matching 
rules, we analyze their implications for hydrogen producers. We ap-
ply the framework to a realistic case study of a German glassworks 
with time-dependent hydrogen demand, demonstrating how PPAs and 
batteries can be leveraged synergistically to achieve cost-effective, 
RED2-compliant hydrogen production.

The remainder of this paper is structured as follows. Section 2 
introduces the stochastic optimization model. Section 3 describes the 
case study based on data from a German glassworks. Section 4 analyzes 
the effects of portfolio size, storage integration, and RED2 simultaneity 
rules on hydrogen production costs. Section 5 concludes the paper.
2 
2. Methodology

This section introduces the mathematical formulation of the op-
timization problem. We build a two-level optimization problem to 
consider uncertainties like weather conditions, price variations, and 
exact demand values. The first stage determines component capacities, 
while the second stage optimizes all scenario- and time-dependent vari-
ables. Furthermore, we use a mixed-integer linear program formulation 
for the optimization problem as these programs have been proven to be 
a viable option for such large-scale problems under uncertainty [24]. 
We start with a detailed description of the modeled energy system. 
It continues with the formulation of the constraint to realize different 
temporal matching requirements for electricity procurement. The next 
section describes the objective function in detail. The final section 
introduces multiple key performance indicators for the analysis of the 
optimization results.

2.1. Industrial energy system

The energy system of a hydrogen producer can be split into a 
front-of-the-meter (FTM) and a behind-the-meter (BTM) part. FTM 
activities are consolidated within the company’s balancing circle (BLC), 
incorporating all virtual electricity trading transactions. The residual 
quantity of traded electricity passes through the company’s BTM grid 
connection point. For all BTM electricity, we distinguish between elec-
tricity demand for the green hydrogen production and other electricity 
demand that the company has (Eq. (1)). With this, it is possible to 
realize special legal requirements like temporal matching or exemption 
from levies that only apply to electricity for green hydrogen production.

Eqs. (2) to (9) describe all FTM activities for every timestep 𝑡 of 
the optimized time horizon 𝑇  in scenario 𝑠. The total PPA electricity 
𝑃 𝑃𝑃𝐴
𝑡,𝑠  at every timestep t in scenario s splits into baseload 𝑃 𝑃𝑃𝐴,𝐵𝑎𝑠𝑒, 
PV 𝑃 𝑃𝑃𝐴,𝑃𝑉  or wind power PPAs 𝑃 𝑃𝑃𝐴,𝑊 𝑖𝑛𝑑 . The power flow variable 
𝑃 𝑖𝑚𝑝𝑜𝑟𝑡 between the BTM-busbar and the BLC represents the physically 
imported electricity considering the efficiency of the grid connecting 
transformer 𝜂𝑇 𝑟𝑎𝑓 . The hydrogen producer can procure electricity at a 
public market 𝑃𝐷𝐴,𝑏𝑢𝑦 or via PPA contracts from different RES locations 
from PV generators 𝐿𝑝𝑤 or wind generators 𝐿𝑤. With a PaP PPA 
contract, the buyer must take all electricity generated in the RES. Thus, 
the amount of bought electricity from each location depends on the 
contract size 𝑆𝑃𝑃𝐴,𝑟𝑒𝑠

𝑙  between the off-taker and the generator and 
the power factors 𝑃𝐹 𝑃𝑃𝐴,𝑟𝑒𝑠

𝑙  of location 𝑙. An efficiency 𝜂 represents 
additional losses through power conversion and transportation from 
the generator to the off-taker location. For each possible PaP contract, 
there exists a binary variable 𝑏 that defines if a contract has been 
signed with a generator or not. As the electricity bought from the 
PPA contracts does not always match the demand, excess electricity 
may be sold at the public market 𝑃𝐷𝐴,𝑠𝑒𝑙𝑙, curtailed 𝑃 𝑐𝑢𝑟𝑡𝑎𝑖𝑙 or used for 
matching other electricity demands of the off-taker not connected to 
the hydrogen production 𝐷𝑜𝑡ℎ𝑒𝑟. Finally, constraints (5) to (8) ensure 
that only a certain amount of PPAs can be chosen from all locations 𝐿. 
Here, the parameter 𝑀 is a large value enabling the bigM method [25]. 
Constraint (9) sets the power purchased from the baseload PPA contract 
𝑃 𝑃𝑃𝐴,𝐵𝑎𝑠𝑒 exactly at the contracted power of that contract 𝑆𝑃𝑃𝐴,𝐵𝑎𝑠𝑒 for 
every timestep.

𝑃 𝑖𝑚𝑝𝑜𝑟𝑡 = 𝑃 𝑃𝑟𝑜𝑑𝐻2
𝑡,𝑠 +𝐷𝑜𝑡ℎ𝑒𝑟

𝑡,𝑠 (1)

𝑃 𝑃𝑃𝐴
𝑡,𝑠 =

∑

𝑙∈𝐿𝑝𝑣

𝑃 𝑃𝑃𝐴,𝑃𝑉
𝑙,𝑡,𝑠

+
∑

𝑙∈𝐿𝑤

𝑃 𝑃𝑃𝐴,𝑊 𝑖𝑛𝑑
𝑙,𝑡,𝑠

+ 𝑃 𝑃𝑃𝐴,𝐵𝑎𝑠𝑒
𝑡,𝑠 (2)

𝑃 𝑖𝑚𝑝𝑜𝑟𝑡
𝑡,𝑠 = (𝑃𝐷𝐴,𝑏𝑢𝑦

𝑡,𝑠 − 𝑃𝐷𝐴,𝑠𝑒𝑙𝑙
𝑡,𝑠 + 𝑃 𝑃𝑃𝐴

𝑡,𝑠 − 𝑃 𝑐𝑢𝑟𝑡𝑎𝑖𝑙
𝑡,𝑠 ) ⋅ 𝜂𝑇 𝑟𝑎𝑓 (3)

𝑃 𝑃𝑃𝐴,𝑃𝑉 = 𝜂 ⋅ 𝑃𝐹 𝑃𝑉 ⋅ 𝑆𝑃𝑃𝐴,𝑃𝑉 ∀ 𝑙 ∈ 𝐿 (4)
𝑙,𝑡,𝑠 𝑃𝑃𝐴 𝑙,𝑡,𝑠 𝑙 𝑝𝑣
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𝑆𝑃𝑃𝐴,𝑃𝑉
𝑙 ≤ 𝑏𝑃𝑉𝑙 ⋅𝑀 ∀ 𝑙 ∈ 𝐿𝑝𝑣 (5)

𝑃 𝑃𝑃𝐴,𝑊 𝑖𝑛𝑑
𝑙,𝑡,𝑠 = 𝜂𝑃𝑃𝐴 ⋅ 𝑃𝐹𝑊 𝑖𝑛𝑑

𝑙,𝑡,𝑠 ⋅ 𝑆𝑃𝑃𝐴,𝑊 𝑖𝑛𝑑
𝑙 ∀ 𝑙 ∈ 𝐿𝑤 (6)

𝑆𝑃𝑃𝐴,𝑊 𝑖𝑛𝑑
𝑙 ≤ 𝑏𝑊 𝑖𝑛𝑑

𝑙 ⋅𝑀 ∀ 𝑙 ∈ 𝐿𝑤 (7)

𝑛𝑃𝑃𝐴𝑚𝑎𝑥 ≥
∑

𝑙∈𝐿

(

𝑏𝑃𝑉𝑙 + 𝑏𝑊 𝑖𝑛𝑑
𝑙

)

(8)

𝑃 𝑃𝑃𝐴,𝐵𝑎𝑠𝑒
𝑡,𝑠 = 𝑆𝑃𝑃𝐴,𝐵𝑎𝑠𝑒 (9)

When optimizing electricity procurement with perfect foresight of elec-
tricity prices, the solver tries to use price incentives as much as possible. 
In practice, however, a company would never do so as they cannot 
predict prices perfectly. To restrict the solver from buying surplus 
amounts of PPAs to sell them with profit on the day-ahead market with 
unrealistically high revenue, Eq. (10) limits the sold energy to a certain 
share 𝑓𝑠𝑒𝑙𝑙,𝑚𝑎𝑥 of the electricity demand [18]. 
∑

𝑡𝑖𝑛𝑇
(𝑃𝐸𝐿𝑌

𝑡,𝑠 +𝐷𝑜𝑡ℎ𝑒𝑟
𝑡,𝑠 ) ⋅ 𝑓𝑠𝑒𝑙𝑙,𝑚𝑎𝑥 ≤

∑

𝑡∈𝑇
𝑃𝐷𝐴,𝑠𝑒𝑙𝑙
𝑡,𝑠 (10)

Eqs. (11) to (13) specify BTM activities for green hydrogen production. 
The total power used to produce hydrogen 𝑃 𝑃𝑟𝑜𝑑𝐻2  is divided into 
charging or discharging the battery (𝑃𝐵𝐴𝑇 ,𝑐ℎ𝑎 and 𝑃𝐵𝐴𝑇 ,𝑑𝑐ℎ) as well as 
operating an electrolyzer 𝑃𝐸𝐿𝑌 . The hydrogen production must serve a 
given time- and scenario-dependent hydrogen demand 𝐷𝐻2  considering 
a fixed electrolysis efficiency of 𝜂𝐸𝐿𝑌 . The hydrogen demand is given 
in power values for each optimization time step. A hydrogen pressure 
storage 𝑃𝑆 can be used to store hydrogen after production 𝑃𝐸𝐿𝑌 ,𝑃𝑆 or 
releasing it to serve the H2 demand (Eq. (13)). Constraint (14) limits 
the electrolyzer’s power input to the component’s size.
𝑃𝐸𝐿𝑌
𝑡,𝑠 + 𝑃𝐵𝐴𝑇 ,𝑐ℎ𝑎

𝑡,𝑠 = 𝑃𝐵𝐴𝑇 ,𝑑𝑐ℎ
𝑡,𝑠 + 𝑃 𝑃𝑟𝑜𝑑𝐻2

𝑡 (11)

𝑃𝐸𝐿𝑌
𝑡,𝑠 ⋅ 𝜂𝐸𝐿𝑌 = 𝑃𝐸𝐿𝑌 ,𝑃𝑆

𝑡,𝑠 + 𝑃𝐸𝐿𝑌 ,𝐻2
𝑡,𝑠 (12)

𝐷𝐻2
𝑡,𝑠 = 𝑃𝐸𝐿𝑌 ,𝐻2

𝑡,𝑠 + 𝑃 𝑃𝑆,𝐻2
𝑡,𝑠 (13)

𝑃𝐸𝐿𝑌
𝑡,𝑠 ≤ 𝑆𝐸𝐿𝑌 (14)

Furthermore, Eq. (15) declares a variable describing the peak demand 
increase for the hydrogen production, assuming that a certain power 
limit for the grid connection point 𝑆𝐺𝐶𝑃  is already in place. 
𝑃 𝑖𝑚𝑝𝑜𝑟𝑡
𝑡,𝑠 − 𝑆𝐺𝐶𝑃 ≤ 𝑃 𝑃𝑒𝑎𝑘𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒

𝑠 (15)

The constraints (16) to (19) are valid for each storage component 𝑆𝑇𝑅
which is the battery storage (BAT) or the pressure storage (PS). First, 
input and output power flows determine the current energy level 𝐸𝑆𝑇𝑅

𝑡,𝑠
considering the energy level from the previous timestep 𝐸𝑆𝑇𝑅

𝑡−1,𝑠 charging 
and discharging activities with corresponding efficiencies 𝜂𝑆𝑇𝑅𝑐ℎ𝑎  and 
𝜂𝑆𝑇𝑅𝑑𝑐ℎ  for charging and discharging, respectively. Furthermore, the E2P 
ratio limits the power that can be delivered in each timestep through 
constraints (17) and (18) depending on the optimized size of the 
component 𝑆𝑆𝑇𝑅. Finally, constraint (19) limits the energy level of the 
storage to the fixed storage size 𝑆𝑆𝑇𝑅 and the given energy-to-power 
ratio 𝑒2𝑝𝑆𝑇𝑅. Both storages have fixed efficiencies 𝜂𝑆𝑇𝑅𝑐ℎ𝑎  and 𝜂𝑆𝑇𝑅𝑑𝑐ℎ  for 
charging and discharging, respectively.

𝐸𝑆𝑇𝑅
𝑡,𝑠 = 𝐸𝑆𝑇𝑅

𝑡−1,𝑠 + 𝑃 𝑆𝑇𝑅,𝑐ℎ𝑎
𝑡,𝑠 ⋅ 𝜂𝑆𝑇𝑅𝑐ℎ𝑎 −

𝑃 𝑆𝑇𝑅,𝑑𝑐ℎ
𝑡,𝑠

𝜂𝑆𝑇𝑅𝑑𝑐ℎ

(16)

𝑃 𝑆𝑇𝑅,𝑐ℎ𝑎
𝑡,𝑠 ≤ 𝑆𝑆𝑇𝑅∕𝑒2𝑝𝑆𝑇𝑅 (17)

𝑃 𝑆𝑇𝑅,𝑑𝑐ℎ
𝑡,𝑠 ≤ 𝑆𝑆𝑇𝑅∕𝑒2𝑝𝑆𝑇𝑅 (18)

0 ≤ 𝐸𝑆𝑇𝑅
𝑡,𝑠 ≤ 𝑆𝑆𝑇𝑅 (19)

2.2. Temporal matching

Following the RED2 regulations different temporal restrictions exist 
in the future for green hydrogen production [9]. This work assumes 
that following the RED2 directive, electricity may only taken from the 
grid in two cases: (1) In times when the day-ahead price is lower than 
3 
20 e2024 MWh−1. In these times, the factor 𝑏𝐷𝐴,𝑡 has the value 1, at all 
other times 0. (2) The electricity has been produced in RES contracted 
via a PPA (PV, Wind or baseload).

The bought electricity under the two conditions listed above must 
comply with a temporal matching condition. The temporal matching 
defines the duration in which the sum of the green electricity bought 
by an off-taker has to surpass the electricity needed for green hydrogen 
production. Until 2030, green electricity production from PPAs must 
match the demand for hydrogen production only on a monthly scale. 
However, from then onwards, this temporal matching constraint is to 
be fulfilled every hour of the year. Eq. (20) incorporates temporal 
matching regulations where 𝑛 represents the number of hours in which 
the green supply has to surpass the demand and 𝑇𝑚𝑎𝑡𝑐ℎ is the number 
of matching periods in that regulation scheme. The formulation can 
be adjusted by changing 𝑛 and 𝑇𝑚𝑎𝑡𝑐ℎ to represent different regulation 
standards. For an hourly matching 𝑛 would have the value 𝑛 = 1 and 
𝑇𝑚𝑎𝑡𝑐ℎ would be every hour of the year with values from 1 to 8760. In 
a monthly matching scheme, 𝑛 would have the value 𝑛 = 720 assuming 
a matching period of 30 days while 𝑇𝑚𝑎𝑡𝑐ℎ takes values from 1 to 12.
(𝑡0+1)⋅𝑛
∑

𝑡=𝑡0⋅𝑛
𝑃 𝑃𝑟𝑜𝑑𝐻2
𝑡,𝑠 <=

(𝑡0+1)⋅𝑛
∑

𝑡=𝑡0⋅𝑛
𝑃𝐷𝐴,𝑏𝑢𝑦
𝑡,𝑠 ⋅ 𝑏𝐷𝐴,𝑡

+ 𝑃 𝑃𝑃𝐴
𝑡,𝑠 ,∀𝑡0 ∈ [1, 𝑇𝑚𝑎𝑡𝑐ℎ] (20)

2.3. Objective

The objective function for the stochastic portfolio optimization min-
imizes the expected annual costs over all scenarios 𝑠. For this, compo-
nent investment costs are transferred to annual costs using the annuity 
method. The overall formulation in Eq. (21) adds annual capital costs 
(CAPEX, for component investments) and operating costs (OPEX). As 
the operating costs are scenario-dependent, the mean value over all 
scenarios is minimized where 𝑛𝑠 is the total number of scenarios. This 
approach ensures that every scenario is given equal weight.

min 𝐶𝐶𝐴𝑃𝐸𝑋 + E(𝐶𝑂𝑃𝐸𝑋
𝑠 )

=min
(

𝐶𝐶𝐴𝑃𝐸𝑋 + 1
𝑛𝑠

(𝐶𝑃𝑃𝐴
𝑠 + 𝐶𝐷𝐴

𝑠 + 𝐶𝑃𝑒𝑎𝑘𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒
𝑠 )

)

(21)

𝐶𝐶𝐴𝑃𝐸𝑋 = 𝐶𝑏𝑎𝑡 + 𝐶𝐸𝐿𝑌 + 𝐶𝑃𝑆 (22)

The CAPEX part includes costs for installing the battery system 𝐶𝑏𝑎𝑡, the 
electrolyzer 𝐶𝐸𝐿𝑌 , and the pressure storage 𝐶𝑃𝑆 (Eq. (22). The OPEX 
consist of multiple cost factors namely costs for procuring electricity 
from PPAs 𝐶𝑃𝑃𝐴 or the Day-Ahead market 𝐶𝐷𝐴 as well as potential 
costs from higher peak demands 𝐶𝑃𝑒𝑎𝑘𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒. In the calculation of PPA 
costs in (23), specific costs are used for each PPA type (PV, wind, 
or baseload) with the respective amount of purchased electricity for 
each hour. For the day-ahead market, Eq. (24) introduces a spread 𝑐𝑡𝑟
between sell and buy price 𝑝𝐷𝐴 at this market to consider transaction 
costs for market participation fees or third-party services [26]. Finally, 
the increase of peak demands can come with extra costs e.g. for 
expanding transformation infrastructure which is accounted for by the 
costs factor 𝑐𝑃𝑒𝑎𝑘𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒.

𝐶𝑃𝑃𝐴 =
∑

𝑙∈𝐿𝑝𝑣;𝑡∈𝑇 ;𝑠∈𝑆
𝑝𝑃𝑃𝐴,𝑃𝑉 ⋅ 𝑃 𝑃𝑃𝐴,𝑃𝑉

𝑙,𝑡,𝑠

+
∑

𝑙∈𝐿𝑤;𝑡∈𝑇 ;𝑠∈𝑆
𝑝𝑃𝑃𝐴,𝑊 𝑖𝑛𝑑 ⋅ 𝑃 𝑃𝑃𝐴,𝑊 𝑖𝑛𝑑

𝑙,𝑡,𝑠

+
∑

𝑡∈𝑇
𝑝𝑃𝑃𝐴,𝐵𝑎𝑠𝑒 ⋅ 𝑃 𝑃𝑃𝐴,𝐵𝑎𝑠𝑒

𝑡 (23)

𝐶𝐷𝐴 =
∑

𝑡∈𝑇 ;𝑠∈𝑆
𝑝𝐷𝐴
𝑡,𝑠 ⋅ 𝑃𝐷𝐴,𝑏𝑢𝑦

𝑡,𝑠 − (𝑝𝐷𝐴
𝑡,𝑠 − 𝑐𝑡𝑟) ⋅ 𝑃

𝐷𝐴,𝑠𝑒𝑙𝑙
𝑡,𝑠 (24)

𝐶𝑃𝑒𝑎𝑘𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒 =
∑

𝑠∈𝑆
𝑃 𝑃𝑒𝑎𝑘𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒
𝑠 ⋅ 𝑐𝑃𝑒𝑎𝑘𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒 (25)

2.4. Performance indicators

This chapter explains various parameters that are used to evaluate 
the results. The Levelized Cost of Hydrogen (LCOH) and Electricity 
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(LCOE) are used to assess the costs of the energy system using com-
parable benchmarks. The CEF and CO2 emissions are used to analyze 
the ecological impact of the system.

2.4.1. Levelized costs
Levelised costs are a metric used to measure costs per unit produced. 

As hydrogen production is examined in this study, the levelized costs of 
hydrogen are of particular interest. The peculiarity of the LCOH calcu-
lation in this work is that there are different sources of electricity with 
different prices and quantities, as well as different electricity require-
ments at the site, not all of which are part of the hydrogen production. 
For example, at some point in time, the electricity purchased from the 
PPAs may exceed the demand for hydrogen production. However, this 
surplus can then be used to cover the remaining electricity needs at the 
site and must not be included into the calculation of LCOH.

In order to determine the LCOH, the time-variable electricity price 
must first be calculated, which depends on which procurement markets 
are currently being used for H2 production. Eqs. (27) to (36) calculate 
these costs with the case distinction that there is a surplus or a shortage 
of PPA electricity for H2 production. First, a distinction can be made 
between the electricity for H2 production obtained from PPAs 𝑒𝑃𝑃𝐴,𝐻2

and the day-ahead market, according to Eqs. (27) to (29). In both cases, 
a mixed PPA electricity price is initially calculated using Eq. (31) where 
𝐶𝑃𝑃𝐴,𝑡,𝑠 denotes the total costs from PPA procurements in timestep 𝑡 and 
scenario 𝑠. In the event of a PPA surplus, this PPA price is multiplied 
by the amount of electricity for hydrogen production and the revenues 
from resale on the day-ahead market and the theoretical revenues from 
further use in the company are deducted from this. The theoretical rev-
enues arise because, without the PPA supply, the company would still 
have to purchase the electricity on the day-ahead market and therefore 
the price difference between PPA and the day-ahead market is included 
here as revenue (or loss). In the case of shortage (Eqs. (34)–(35)), the 
share of electricity for H2 production is settled with the mixed PPA 
price. In addition, costs arise from additional day-ahead procurement. 
In both cases, surplus or shortage of PPA electricity, the total cost are 
divided by the electricity required for H2 production 𝑒𝐻2. Finally, 𝑐𝐻2

𝑡𝑜𝑡𝑎𝑙,𝑡
in Eq. (36) defines the time- and scenario-dependent electricity price 
for hydrogen production with a case distinction for surplus or shortage 
situations.

𝑒𝐻2
𝑡,𝑠 = 𝑃 𝑃𝑟𝑜𝑑𝐻2

𝑡,𝑠 ⋅ 𝛥𝑡 (26)

𝑒𝑃𝑃𝐴𝑡,𝑠 = 𝑃 𝑃𝑃𝐴
𝑡 𝛥𝑡 (27)

𝑒𝑃𝑃𝐴,𝐻2
𝑡,𝑠 = min(𝑒𝑃𝑃𝐴𝑡,𝑠 , 𝑒𝐻2

𝑡,𝑠 ) (28)

𝑒𝐷𝐴,𝐻2
𝑡,𝑠 = 𝑒𝐻2

𝑡,𝑠 − 𝑒𝑃𝑃𝐴𝑡,𝑠 (29)

𝑒𝑠𝑒𝑙𝑙,𝐷𝐴
𝑡,𝑠 = 𝑃𝐷𝐴,𝑆𝑒𝑙𝑙

𝑡,𝑠 ⋅ 𝛥𝑡 (30)

𝑐𝑃𝑃𝐴,𝑡,𝑠 =
𝐶𝑃𝑃𝐴,𝑡,𝑠

𝑒𝑃𝑃𝐴,𝐻2
𝑡,𝑠

(31)

𝐶𝑠𝑢𝑟𝑝𝑙𝑢𝑠
𝑒𝑙𝑒𝑐,𝑡,𝑠 = 𝑒𝐻2 ⋅ 𝑐𝑃𝑃𝐴

− (𝑒𝑃𝑃𝐴,𝑡 − 𝑒𝐻2,𝑡 − 𝑒𝑠𝑒𝑙𝑙𝐷𝐴,𝑡) ⋅ (𝑐𝐷𝐴,𝑡 − 𝑐𝑃𝑃𝐴)

− 𝑒𝑠𝑒𝑙𝑙,𝐷𝐴
𝑡,𝑠 ⋅ (𝑝𝐷𝐴

𝑡,𝑠 − 𝑐𝑡𝑟) (32)

𝑐𝑠𝑢𝑟𝑝𝑙𝑢𝑠𝑒𝑙𝑒𝑐,𝑡 =
𝐶𝑠𝑢𝑟𝑝𝑙𝑢𝑠
𝑒𝑙𝑒𝑐,𝑡

𝑒𝐻2,𝑡
(33)

𝐶𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒
𝑒𝑙𝑒𝑐,𝑡 = 𝑒𝑃𝑃𝐴,𝐻2,𝑡 ⋅ 𝑐𝑃𝑃𝐴 + 𝑒𝐷𝐴,𝐻2,𝑡 ⋅ 𝑐𝐷𝐴,𝑡 (34)

𝑐𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒𝑒𝑙𝑒𝑐,𝑡 =
𝐶𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒
𝑒𝑙𝑒𝑐,𝑡

𝑒𝐻2,𝑡
(35)

𝑐𝐻2
𝑡𝑜𝑡𝑎𝑙,𝑡 =

{

𝑐𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒𝑒𝑙𝑒𝑐,𝑡 ; if 𝑒𝑃𝑃𝐴,𝑡 ≤ 𝑒𝐻2,𝑡

𝑐𝑠𝑢𝑟𝑝𝑙𝑢𝑠𝑒𝑙𝑒𝑐,𝑡 ; else (36)

The LCOH can be calculated using Eq. (37) with the electricity prices 
calculated above. On the cost side, the annual investment costs ac-
cording to Eq. (22), the electricity costs for hydrogen production and 
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the costs for the transformer expansion due to the peak load increase 
are incurred. These costs are divided by the total annual amount of 
hydrogen produced 𝑚𝐻2. 

𝐿𝐶𝑂𝐻 =
𝐶𝐶𝐴𝑃𝐸𝑋 +

∑

𝑡∈𝑇 𝑒𝐻2,𝑡 ⋅ 𝑐𝐻2
𝑡𝑜𝑡𝑎𝑙,𝑡 + 𝐶𝑃𝑒𝑎𝑘𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒

𝑚𝐻2
(37)

As described above, it makes sense to take the levelized costs for 
the total electricity supply into consideration, since there are also 
electricity purchases other than those for hydrogen production. The 
LCOE takes into account CAPEX (see Eq. (22)), the cost of purchasing 
electricity, revenues from sales on the day-ahead market and costs from 
peak load increase. All costs are divided by the electricity demand 
for hydrogen production as well as other electricity demands of the 
company (see Eq. (38)). 

𝐿𝐶𝑂𝐸 = 𝐶𝐶𝐴𝑃𝐸𝑋 + 𝐶𝐷𝐴 + 𝐶𝑃𝑃𝐴 + 𝐶𝑃𝑒𝑎𝑘𝐼𝑛𝑐𝑟𝑒𝑎𝑠𝑒

𝛥𝑡 ⋅
∑

𝑡∈𝑇 𝑃 𝑖𝑚𝑝𝑜𝑟𝑡
𝑡 ∕𝜂𝑇 𝑟𝑎𝑓

(38)

2.4.2. Ecological parameters
CO2 emissions are a frequently considered indicator of the eco-

logical impact of an energy system. For this purpose, the purchases 
from PPAs are considered CO2-free, so that the total CO2 emissions are 
caused by purchases on the day-ahead market only. The amount of CO2
emissions per kWh procured electricity from the grid is given through 
𝑓𝐶𝑂2,𝑡 and results in the formulation of Eq. (39). 

𝐸𝐶𝑂2 = 𝛥𝑡
∑

𝑡∈𝑇
𝑓𝐶𝑂2,𝑡 ⋅ (𝑃

𝐷𝐴,𝑏𝑢𝑦
𝑡 − 𝑃𝐷𝐴,𝑠𝑒𝑙𝑙

𝑡 − 𝑃 𝑐𝑢𝑟𝑡𝑎𝑖𝑙
𝑡 ) (39)

The CEF from [18] quantifies the share of zero-emission electricity in 
total purchases. We consider electricity from PPAs to be renewable. 
Since RED2 also allows the use of conventional electricity purchases 
for the production of green hydrogen if it is cheaper than 20 e2024
MWh−1 [9], this electricity is also considered renewable in the calcula-
tion of the CEF with Eq. (40). For this, the binary variable 𝑏𝐷𝐴,𝑡 has the 
value 1 if the day-ahead price in hour 𝑡 is lower than 20 e2024 MWh−1
and 0 if not.

𝐶𝐸𝐹 =
𝛥𝑡

∑

𝑡∈𝑇 𝑃𝐷𝐴,𝑏𝑢𝑦
𝑡,𝑠 ⋅ 𝑏𝐷𝐴,𝑡 + 𝑃 𝑃𝑃𝐴

𝑡

𝛥𝑡
∑

𝑡∈𝑇 𝑃 𝑃𝑃𝐴
𝑡 + 𝑃𝐷𝐴,𝑏𝑢𝑦

𝑡

−
𝑃𝐷𝐴,𝑠𝑒𝑙𝑙
𝑡 + 𝑃 𝑐𝑢𝑟𝑡𝑎𝑖𝑙

𝑡

𝛥𝑡
∑

𝑡∈𝑇 𝑃 𝑃𝑃𝐴
𝑡 + 𝑃𝐷𝐴,𝑏𝑢𝑦

𝑡

(40)

3. Case study

This work analyzes a real-world glassworks site in Germany as a 
potential hydrogen producer where today’s NG-fired furnace is replaced 
by a hydrogen-fired one [5]. We consider a hydrogen production 
serving this demand through electrolysis on-site. The first section of 
this chapter explains and parametrizes the energy system model for 
this case study using the methodology from above (see Section 2). The 
following section then gives an overview of all analyzed scenarios in 
this study. We wrote the optimization model to calculate these results 
in Python [27]. The code is available upon request. We calculated 
all scenarios using a machine with two AMD EPYC 7H12 64-core 
processors and 2 TB of RAM. Each scenario was calculated separately, 
with the runtime increasing to multiple days as the number of available 
PPA contracts decreased.

3.1. Setup

Fig.  1 provides a schematic overview of the energy system analyzed 
in this study. The energy system requires parametrization that includes 
component efficiencies or PPA prices and time-dependent data for RES 
power factors, wholesale prices and demand data. The model developed 
in this work creates four scenarios making the optimization more robust 
to the uncertainty, especially with time-dependent input data. For this, 
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Fig. 1. Schematic representation of the energy system model for the glassworks analyzed in this case study. The company’s electricity procurement activity is 
handled by the balancing circle (BLC).
wholesale prices and power factors from 2020 and 2023 are combined 
with two hydrogen demand scenarios.

As the glassworks use case of this study is located in Germany, 
the German hourly day-ahead price is used for wholesale procure-
ment [28]. For the scenario-dependent PPA modeling, locations of 
weather observation stations from the German Weather Service (DWD) 
have been used. All stations where irradiance or wind speed obser-
vations for both years 2020 and 2023 exist have been considered as 
possible locations for renewable electricity generators [29]. Our dataset 
includes 103 observation stations measuring solar radiation for both 
years. We convert global horizontal irradiance values into power factors 
using the Python package pvlib [30]. For wind speed observations, 
there are 167 stations available. We apply the windpowerlib Python 
package to translate these measurements from the height of 10 meters 
into power factors based on the reference wind turbine ‘‘E126’’ at 
135 meters height [31]. To limit the computational complexity of the 
stochastic problem, all locations have been clustered with a K-means 
approach into 10 clusters per generator type. For each cluster, the 
closest observation station to the centroid is used as a representative 
station for this cluster. Appendix  A.1 lists these representative weather 
stations and their locations. Finally, for each PV location, four different 
orientations per site have been modeled by varying the orientation 
parameter in the pvlib power factor calculation. In summary, this study 
includes 10 power factor timeseries for WPP locations per year and 40 
different profiles for PV generators (see Fig.  2).

Hydrogen demand values were obtained from [32] for glass melting 
furnaces transitioning from natural gas to hydrogen supply. The data 
originates from 2019 measurements but is expected to be independent 
of years when a constant production is assumed. The glasswork’s 
hydrogen demand is 5500 t per year for supplying a furnace that has 
an additional electricity boosting of 8 MW. Including the electrolyzer 
efficiency, this corresponds to 406 MWh of electricity demand for green 
hydrogen production. Fig.  3 displays the hydrogen demand in the blue 
line based on calculations from [33]. The data shows a constant high 
demand between 19 and 22.5 MW with a high demand plateau in the 
first half of the year. In order to take into account a possible shift of 
that plateau in the optimization, a second demand scenario was created 
in which the time series was shifted by 6 months (yellow line).

In industrial settings, hydrogen is primarily stored in pressure ves-
sels [34]. However, regulatory constraints limit the amount of hydro-
gen allowed to be stored without any additional safety measures to 5 𝑡, 
as hydrogen is classified as a dangerous substance [35]. Consequently, 
we establish a maximum capacity limit of 167 MWh for hydrogen 
storage systems due to these regulations. In Appendix  A.2 we provide 
exemplary results for a scenario without this constraint to find the 
theoretical optimal sizing of the hydrogen storage.
5 
The electrolyzer can be seized to up to 60 MW. We model a PEM 
electrolyzer with a static efficiency. In order to take into account non-
modeled influencing factors such as maintenance work, ramp-up phases 
and aging, a conservative system efficiency of 45.6% is assumed in this 
work. Table  1 summarized all relevant parameters for this case study.

Pricing PPA contracts depend on site and contracts specific pa-
rameters like producer margins, durations or generator types [11]. 
This study assumes values from [13] for the contract types from PV 
generators or WPP. The estimated cost of baseload PPAs is 200 e2024
MWh−1. It is important to acknowledge that a baseload PPA generally 
necessitates the inclusion of electricity from hydroelectric power plants, 
as these sources are consistently available. Furthermore, the location 
of these power plants must be within Germany, in accordance with 
the provisions outlined in the RED2 regulations. In addition, the age 
of the plants must not exceed 36 months. Given the complexity of 
implementing such a power supply in Germany, the price is expected 
to increase, reflecting the limited availability of the commodity.

The years for day-ahead market prices match the weather year. 
Thus, we use the 2020 and 2023 hourly prices for two scenarios each 
with average values of 30.4 e2020 MWh−1 and 95.2 e2023 MWh−1, 
respectively. We assume that the electricity demand for green hydrogen 
production is free from levies. Therefore, only the remaining electricity 
demand on site, which is fixed in every scenario, is subject to levies. 
To better generalize the calculation, we exclude these levies. The 
grid emission data, however, is used only from the year 2023 as the 
generator mix in Germany considerably changed since 2020 and the 
emission data from 2020 does not represent future scenarios anymore. 
On average, day-ahead procured electricity comes with 308.9 g kWh−1
CO2 emissions [36].

The generated power in the RES faces losses from inverting and 
transforming the electricity at the generator’s site. Additionally, trans-
mission losses occur. The average distance to all cluster locations is 
373 km. Assuming a loss of 3% per 500 km [37], this leads to a 
mean distribution loss of 2.42% for this study. Including 4% losses for 
inverters and transformers at the generation site [38], it adds up to 
6.3% total losses from the RES to the off-takers grid access point. The 
battery system is modeled including an inverter. We assume the battery 
to have a E2P ratio of 4 as there is a trend towards higher-hour systems 
in Germany especially with batteries that are being used in multiple 
stacked applications. With this E2P ratio, the total system costs add up 
to 263.5 e2024 kWh−1

3.2. Scenarios

To analyze the effect of portfolio optimization, this study examines 
different portfolio limits 𝑏𝑃𝑃𝐴𝑚𝑎𝑥  that specify the maximum number of 
PaP contracts an off-taker can close. Moreover, the use of battery 
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Fig. 2. Clustering process for representative electricity generation profile: First, raw data from German Weather Service (DWD) with available data for the years 
2020 and 2023 is extracted. Then, all locations for each technology are clustered into 10 clusters using the K-means technique where the observation locations 
closest to the center represent each cluster.
Fig. 3. Hydrogen demand of the analyzed glasswork. The original data 
from [33] in blue and the shifted scenario in yellow. The original measurement 
has been done in 2019. The red curve illustrates a theoretical constant 
electricity demand of the company outside of the hydrogen production.

storage and different matching regulations are examined. For electricity 
procurement without matching requirements and PPA contracts, only 
day-ahead market access is defined as the benchmark scenario for the 
analysis.

The first scenario class includes the RED2-compliant scenarios, 
which analyze the scenarios under the hourly adjustment scheme 
that takes place from 2030 onwards. The reference scenarios ‘‘RED2-
reference’’ include a battery storage and up to 50 allowed contracts for 
the glasswork. The ‘‘No-BAT’’ scenario compares the RED2-reference to 
a scenario without battery storage installation. Uncertainty still exists 
in the first two scenarios regarding the prices of baseload and PaP 
contracts. Thus, a parameter study of baseload prices (RED2-Baseload) 
and PaP prices for PV and wind PPAs (RED2-PaP) has been conducted. 
In these scenarios, the prices for contracts vary but the rest of the 
parametrization in Table  1 stays the same.

Finally, to analyze the effect of different temporal matching
schemes, the scenarios ‘‘Yearly’’, ‘‘Monthly’’, ‘‘Weekly’’ and ‘‘Daily’’ can 
be compared against the RED2-Reference scenarios. Each is using the
parametrization of Table  1. All scenarios are summarized in Table  2.

4. Results

This section shows the results for the glassworks presented in Sec-
tion 3. In the first part, we analyze all scenarios under current RED2 
6 
Table 1
Parameter settings for the case study.
 Param. Val. Unit Ref.  
 PPA
 PV price 53 e2024 MWh−1 [13]  
 WPP price 57 e2024 MWh−1 [13]  
 Baseline price 200 e2024 MWh−1 Assump. 
 Losses (Inv. & Trans.) 4 % [38]  
 Dist. losses 2.42 % [37]  
 Battery
 Battery costs 243 e2024 kWh−1 [39,40]  
 Inverter costs 82 e2024 kW−1 [39]  
 Battery eff. (1-way) 98 % [38]  
 Inverter eff. (1-way) 97 % [38,41]  
 E2P ratio 4 / Assump. 
 Lifetime 20 years [39]  
 Hydrogen
 Electrolyzer costs 1643 e2024 kW−1 [42]  
 Electrolyzer eff. 45.6 % [43,44]  
 H2 storage costs 25.7 e2024 MWh−1𝐻2 [45]  
 H2 storage eff. (CHA) 91 % [46,47]  
 E2P H2 storage 40 / Assump. 
 Financials
 Inv. horizon 20 a [48]  
 WACC 8.5 % [49]  
 Infl. rate (10-year avg.) 1.354 % [50]  
 Max. Sell/Demand ratio 20 % [18]  
 Other
 CO2 emissions Avg: 308.9 g/kWh [36]  
 DA prices Avg 2020: 30.5 e2020 MWh−1 [51]  
 Avg 2023: 30.5 e2024 MWh−1 [51]  

compliant settings with hourly matching with an hourly matching 
scheme. We compare the influence of adding the battery storage on-site 
and investigate the prices of PPAs with a parameter study. The second 
section focuses on alternative matching schemes and their influence on 
economic and ecological performance indicators.

4.1. Portfolio optimization & battery usage

In the pursuit of optimizing baseload energy reduction, achieve-
ments can be made through the optimization of PPA portfolios as can 
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Table 2
Scenario overview for transitioning the energy system of the glassworks case study to a hydrogen-based glass furnace.
 Name Parameters

 PPA Prices in e2024 MWh−1
 RES 

Limit
Matching 
Scheme

Battery 
included

Baseload PV Wind  

 Benchmark Only day-ahead market procurement
 RED2-compliant scenarios
 Reference 0–50 Hourly ✓ 200 53 57  
 No-BAT 50 Hourly x 200 53 57  
 Baseload 12 Hourly ✓ 100–300 53 57  
 PaP 12 Hourly ✓ 200 40–100 40–100  
 Temporal Matching
 Daily 0–50 Daily ✓ 200 53 57  
 Weekly 0–50 Weekly ✓ 200 53 57  
 Monthly 0–50 Monthly ✓ 200 53 57  
 Yearly 0–50 Yearly ✓ 200 53 57  
be seen in Fig.  4. The figure shows the amount of energy purchased by 
the company in the RED2-reference scenario from each source without 
using a battery storage (left bars) and with battery (right bars). The 
red lines on the second 𝑦-axis display the need for baseload energy 
compared to the portfolio with only one allowed PPA contract without 
battery usage. Without using the battery, even in the case of the largest 
portfolio, the baseload consumption can only be reduced by around 
6%. It is also notable that this reduction is already achieved with 2 
PaP contracts. Closing more than these two contracts without battery 
storage is not viable for the glassworks in this scenario. Similarly, 
the results in Figure show for the portfolios with battery storage that 
portfolios larger than 10 contracts do not bring any more significant 
baseload consumption decrease. Therefore, it is important to emphasize 
that the optimizer will not use all available contracts in all scenarios if 
they do not bring added value. The number of contracted generators 
can be seen in Table  A.4. With only one allowed PaP contract, the 
optimizer favors wind over PV generation with an optimal amount of 
purchased electricity of 248 GWh. By combining several contracts, PV 
generation in particular is added due to the lower costs. In the case of 
the largest portfolio around 140 GWh is purchased from WPP and 150 
GWh from PV systems, which corresponds to a PaP share of around 
40%. The amount of electricity from the DA market reduces from 105 
GWh when only one PaP PPA is used to 89.9 GWh for the largest 
portfolio.

By adding the battery storage, the baseload purchases can be re-
duced as it represents the most expensive electricity import option. In 
the case of the largest portfolio a reduction by up to 26% takes place. 
In addition, just over 403 GWh of PaP electricity is purchased, which 
corresponds to 33% more than in the case without the battery. The PaP 
share of total electricity purchased rises to 54%. Another difference to 
the result without the battery is that the purchase of energy from WPPs 
is almost three times as large as the PV purchase. Due to the continuous 
generation profile of wind turbines, this technology is best suited to re-
place expensive baseload energy. However, without the battery storage 
system, the results show that this is only possible to a limited extent. 
Adding the battery storage lowers day-ahead procurement for multi-
PPA portfolios. In case of 50 allowed contracts, the amount decreases 
from 89.9 to 68.9 GWh.

In two cases (3 allowed contracts without battery and 9 allowed 
contracts with battery) the baseload imports increase even though the 
number of allowed contracts rises. This can be explained with the 
optimization’s optimality gap of 2%. The overall objective change from 
the increase in baseload contract volume is lower than this gap. This 
means that the optimizer could not find a significantly better solution 
with the larger portfolio by using the extra PaP PPA.

Finally, it can be seen that the total amount of electricity purchased 
does not substantially increase as a result of the portfolio expansion. 
By adding the battery, an additional amount of electricity is purchased, 
which is associated with losses when the battery is used.
7 
Fig. 4. Impact of PPA limits on bought electricity and baseload PPA imports. 
The stacked bars represent energy sources: PV (yellow), WPP (green), baseload 
(blue), and day-ahead market (black). Left bars marked with ‘‘*’’ show results 
for scenarios without battery storage.

Next, Fig.  5 shows how the portfolio sizing influences the compo-
nents’ dimensions for the scenarios considering battery installation. The 
maximum average contract size for PV and WPP is reached at over 160 
MW when only one or two contracts are allowed. With three contracts 
permitted, the average sizes remain similar for both generators with 
approximately 85.7 MW for PV and 84.4 MW for WPP. In scenarios 
with larger portfolios, there is potential to significantly reduce these 
average sizes down to less than 16.7 MW for PV generators and 33.1 
MW for WPPs. Consequently, baseload power decreases from an initial 
level of 50.2 MW with one PPA to over 40 MW with three PPAs and 
eventually settles at around 32.4 MW with 12 allowed PPAs.

The dimensioning of the battery storage correlates with the depen-
dency on baseload contracts. As soon as more than 1 PPA is contracted 
and thus the baseload requirement falls by 15%, the battery size 
jumps to more than 160 MWh. As the portfolio grows, the baseload 
dependency is only slightly reduced and the battery dimensioning 
remains largely between 150 and 160 MWh. In the portfolio with 9 PPA 
contracts as a limit, the optimization has purchased a larger share of 
baseload energy, which in turn leads to a smaller storage dimensioning 
of still 95.4 MWh.
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Fig. 5. Average contract size for different portfolio sizes and battery capacity 
on the right axis.

The results for the reference scenarios demonstrate that battery 
optimization in conjunction with PPA portfolio optimization enhances 
efficiency in achieving substantial reductions in required baseload lev-
els. Storage and PPA portfolio do not serve as a replacement for 
the other, but rather as a complement, cooperatively contributing to 
reducing the demand of baseload power.

The selection of locations for the PPA generators is essential, as the 
generation profiles and quantities per installed capacity vary widely 
in Germany. Typically, the north has a significantly higher load factor 
for wind turbines, whereas PV systems are utilized more in the south 
of Germany. In addition, an east-facing PV system, for example, can 
generate more energy in the morning hours than a west-facing PV 
system. Fig.  6 shows how the geographical distribution changes with 
the portfolio size and battery utilization. Comparing the smallest pos-
sible portfolio with one allowed contract in the left with the portfolio 
where 50 contracts are allowed (center) shows the diversification of 
the portfolio towards several small systems spread across Germany. The 
average system size decreases from 167 MW with one WPP contract to 
24 MW for WPPs and 29 MW for PV systems for the large portfolio, 
where 8 generators are contracted in total. Adding a battery to the 
portfolio (right) makes it beneficial to add even more contracts to the 
portfolio. Here, the WPPs and PV generators have an average size of 
33 MW and 20 MW, respectively.

If only one PPA contract is allowed, the optimization selects a wind 
turbine in southern Germany (ID 10 in Table  A.3) with an average 
capacity utilization of 1481 full-load hours across all 4 scenarios consid-
ered in the stochastic optimization. This is not unusually high for wind 
turbines. At other locations included, up to 3000 h can be achieved. Fig. 
7 compares the undersupply of PaP electricity from the selected plant 
in the south with a better-utilized plant in the north of Germany with 
3000 full-load hours. For this comparison, the plant in the north was 
dimensioned to generate the same amount of electricity as the plant in 
the south, which corresponds to an electrical power rating of 82 MW.

Two main characteristics can be observed. First of all, the total 
undersupply in the case of the selected plant in the south is around 10% 
higher than in the case of the plant in the north. However, since the 
baseload PPA must be dimensioned in such a way that PPA electricity is 
available at every hour of the year, it is not the sum of the undersupply 
that is relevant, but the maximum undersupply that occurs (see Fig. 
7, X=0). The maximum undersupply for the PPA site in the south is 
about 5 MW lower than for the location in the north. With the assumed 
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baseload price of 200 e2024 MWh−1, reducing the baseload contract 
by 5 MW alone would lead to savings of 8.76 Mio. e2024. Finally, 
the following analyzes the influence of battery and portfolio sizing 
on the total hydrogen production costs. Fig.  8 shows the LCOH for 
the scenarios without battery (left bars) and with battery (right bars). 
The dashed line shows a benchmark LCOH value for the theoretical 
case in which hydrogen is produced directly from conventional grid 
electricity regardless of simultaneity. Buying all electricity on the DA 
market results in LCOH of 6.17 e2024 kg−1. The LCOH values for 
the green hydrogen production with hourly matching are significantly 
higher for all portfolios. However, both approaches, with and without 
battery, show potential savings through portfolio optimization. With 
this optimization, the LCOH can be reduced by 6.24% from 15.22 to 
14.3 e2024 kg−1 without battery installation. This cost level is already 
achieved with relatively small portfolio sizes with two allowed PaP 
contracts. When the hydrogen producer installs a battery storage, the 
LCOH can be reduced to 11.8 e2024 kg−1. This reduction requires the 
contracting of larger portfolios with at least 8 allowed PaP PPAs.

4.2. PPA price variation

The biggest uncertainty derives from PPA pricing. Thus Figs.  9(a)
and 9(b) show the LCOH for different PPA prices.

In Fig.  9(a) the baseload prices range from 100 to 300 e2024 MWh−1
while the PaP PPA prices do not change. With baseload costs of 100 
e2024 MWh−1, which is close to the level of average day-ahead prices 
in Germany of 95.18 e2024 MWh−1, the LCOH is at 6.17 e2024 kg−1. 
For the highest baseload costs of 300 e2024 MWh−1 it increases to 
12.55 e2024 kg−1. At the same time, the battery sizes increase with the 
baseload costs from 33.5 MWh with the lowest baseload contract price 
to up to 431 MWh. This is because it becomes financially more attrac-
tive to reduce the baseload imports with higher prices. The hydrogen 
storage size, which is not shown in the figure, has been dimensioned 
to the maximum allowed size of 167 MWh in all cases due to its low 
installation costs. Fig.  9(b) shows the LCOH resulting from different 
prices for PV and Wind PPAs and 9(c) illustrates the corresponding 
battery sizings for these scenarios. In contrast to the baseload varia-
tions, the battery sizes increase with lower PaP contract prices. With 
lower prices for electricity from PV generators and WPPs, it becomes 
financially attractive to buy more volatile energy and intermediately 
store it in the battery. This leads to battery sizings of up to 222 MWh 
for the lowest price combination. With higher PaP PPA prices, the 
optimal battery size decreases to 60 MWh as it becomes increasingly 
unattractive to temporarily store the variable PPA energy. However, 
even for the combination of lowest PaP PPA prices for PV and WPP 
electricity, the LCOH only reduces to 8.9 e2024 kg−1, which is almost 
50% higher than the LCOH without matching regulations.

Overall, the variation of price parameters shows the financial chal-
lenge facing hydrogen producers. On the one hand, the LCOH values are 
significantly higher for most scenarios compared to the benchmark with 
only DA market procurement. On the other hand, the results illustrate 
the strong influence of PPA pricing on the producer’s financial results.

4.3. Temporal matching

The subsequent chapter will examine the impact of less stringent 
simultaneity rules on carbon emissions and the share of renewable 
energy on the costs of hydrogen production. To this end, the results of 
the reference scenario will be compared with those of the theoretical al-
ternative temporal matching scenarios (see Section 3.2). Fig.  10 shows 
the LCOH for all of the different temporal matching schemes considered 
for the hydrogen production and allowed PPA portfolio sizes. The gray 
line indicates the LCOH of 6.21 e2024 kg−1 for the benchmark scenario 
where all electricity is purchased from the day-ahead market. There are 
fundamental differences between the respective schemes. The loosening 
to daily matching reduces the costs only slightly for all portfolios. 
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Fig. 6. Locations of contracted PPA generators for different maximum allowed PaP PPAs. Yellow circles show PV generators and green circles WPPs. The circle 
size corresponds with the contract size of each generator.
Fig. 7. Comparison of two WPP locations. The one chosen by the optimization 
in the south (ID 10 from Table  A.3, red line) is compared to the WPP with the 
highest electricity generation (blue) from all observations which is located in 
the north.

Weekly matching can reduce costs already by almost 2 e2024 kg−1. 
With monthly and annual matching, the LCOH reduces substantially to 
as low as 4.82 e2024 kg−1. On the contrary, the highest LCOH are for 
the hourly scheme, where even with the largest portfolio the LCOH is 
still 11.8 e2024 kg−1. The different matching rules also lead to different 
reduction potentials through portfolio optimization. For instance, with 
annual matching, the LCOH is reduced by 2% compared to the use of 
just one PaP PPA. The largest reduction is possible in the case of weekly 
matching, where a decrease of 24% is achieved. In the other cases it is 
around 12%–14%.

However, it should be noted that the objective function of the 
optimization model targets an overall cost reduction which besides 
9 
Fig. 8. LCOH for the varying maximum allowed PaP PPAs in the portfolio 
of the glassworks with (dark blue) and without (light blue) BESS usage. The 
dotted line depicts the costs if all electricity would be bought on the day-ahead 
market without matching regulation.

hydrogen production also includes other electricity consumption of the 
industrial site considered. Therefore, Fig.  11 shows the LCOE for all 
electricity purchased at the site. Although this reveals that monthly 
and annual matching leads to significantly lower costs than the other 
schemes, the difference is smaller compared to the LCOH results. The 
LCOE for hourly matching is about 85% higher than for monthly 
matching, depending on the size of the portfolio. The cost difference is 
reduced compared to the LCOH as surpluses from PaP procurement can 
be used to cover other power demands of the industrial site, allowing 
cheaper electricity to be reused that would otherwise have had to be 
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Fig. 9. Sensitivity analysis for RED2 compliant scenarios and hourly matching.
Fig. 10. Levelized cost of hydrogen (LCOH) depending on the matching 
scheme and allowed number of PaP PPA contracts to be closed. The dotted 
line shows the LCOH for electricity procurement exclusively via day-ahead 
market.

sold. This cost-saving is not included in the calculation of the LCOH. 
For the portfolios with a maximum number of allowed PPA contracts, 
the LCOE is 150 e2024 kWh−1 for hourly matching and 80 e2024 kWh−1
for monthly matching, which is considerably above the 63 e2024 kWh−1
in the benchmark scenario without PPAs.

Another important question to analyze is how much green electric-
ity is used if less stringent matching schemes are used. Two indicators 
are considered in the following. Firstly, this includes the Clean Energy 
Factor (CFE), which shows the percentage of renewable electricity 
consumed. Secondly, we consider the CO2 emissions in the purchased 
electricity. The results are shown in Figs.  12 and 13.

Fig.  12 illustrates the shares of renewable energy in electricity 
for hydrogen production (blue) and for total electricity consumption 
including the remaining electricity demand at the site (red) for the dif-
ferent matching schemes. The gray dashed line indicates the factor for 
10 
Fig. 11. Levelized cost of electricity (LCOE) for the whole modeled energy 
system depending on the portfolio size and matching scheme. The dotted line 
shows the LCOE for electricity procurement exclusively via day-ahead market.

the benchmark scenario, which is 59%. In the case of hourly matching, 
completely renewable electricity is used for hydrogen production. The 
share for matching the total electricity demand with green electricity 
is similarly high at 95%, which is because surpluses from the PPAs 
can also be used for this electricity demand. The share decreases with 
the less stringent matching rules. With weekly matching, 94% of the 
electricity for hydrogen production is still of renewable origin. For 
monthly and annual matching, on the other hand, only 81% and 75% 
of the demand for hydrogen production is covered by green electricity.

Fig.  13 displays the annual CO2 emissions for different portfolio 
sizes and matching schemes. The gray line depicts the emissions of the 
benchmark scenario of 192 𝑘𝑡 per year. It can be seen that all PPA 
scenarios lead to significantly lower CO2 emissions. Even with annual 
matching and only one PaP PPA, emissions can be reduced by 36% 
compared to pure day-ahead procurement. There is also a significant 
reduction potential when switching from monthly matching to tighter 
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Fig. 12. Clean energy factor (CEF) for different temporal matching regulations 
considering the electricity used to supply the whole glassworks (red) or only 
the one for H2 production (blue). The dotted line shows the CEF for the 
benchmark scenario where all electricity is procured on the day-ahead market.

Fig. 13. The glassworks CO2 emissions from electricity procurement.

regulation. In all scenarios with weekly or stricter schemes, emissions 
are at least 80% lower than in the benchmark scenario. It can also be 
observed that stricter regulation enables PPA procurement to further 
reduce CO2 emissions, whereas emissions remain constant across all 
portfolios with monthly or annual matching. As a result, emissions can 
be reduced by 29% from an initial 34.8 𝑘𝑡 CO2 emissions to 24.7 𝑘𝑡
per year with the largest allowed PPA portfolio in the case of hourly 
matching.

In summary, the findings indicate that the matching regulation 
exerts a substantial influence on all KPIs. We observe lower LCOH 
for the monthly matching than in the benchmark scenario and up 
to 45% compared to hourly matching. Compared to the benchmark, 
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CO2 emissions have the potential to be reduced by 80% with monthly 
matching. Strict regulation can further mitigate emissions the share of 
renewable electricity in electricity purchases, but this is accompanied 
by LCOH increases of up to 125%. A comparison of the LCOE for the 
total electricity purchased at the site reveals that the disparity remains 
significant, particularly in the context of hourly matching. This prompts 
the inquiry into the necessity of hourly matching and the potential 
benefits of transitioning to weekly matching to achieve a substantial 
reduction in LCOH while maintaining a comparable utilization of green 
electricity, not only for hydrogen production but particularly for the 
site’s overall electricity demand.

5. Conclusion

In this study, a stochastic optimization model was employed to 
investigate the impact of Power Purchase Agreement (PPA) portfolio 
optimization involving up to 50 different renewable energy sources 
(RES), the implementation of battery storage, and the effect of simul-
taneity as per the Renewable Energy Directive II (RED2). This method 
was applied to a real-world case study of heavy-industry glasswork 
in Germany. The analysis reveals that both portfolio optimization and 
battery storage deployment are viable options for influencing electricity 
procurement for the analyzed use case. Notably, these two strategies do 
not exclude each other, but rather enhance each other’s effectiveness.

The results show that portfolio optimization alone can reduce the 
levelized cost of hydrogen (LCOH) by up to 6.24% to 14.3 e2024 kg−1. 
The usage of battery storage improves cost reduction through portfolio 
optimization and can ultimately lead to LCOH of 11.8 e2024 kg−1. 
This cost reduction is primarily driven by a reduced need for baseload 
PPAs, with portfolio optimization allowing for a reduction in baseload 
contract size of over 25%. Notably, even a modest number of PPAs 
can achieve a substantial portion of the total reduction potential so 
that already 3 contracted RES would reduce dependency on baseload 
PPAs by over 20%. In portfolios of limited size, the strategic location 
of generators can be pivotal. This is not merely a matter of observable 
load at a specific site, but rather, the extent to which it aligns with 
the unique consumption profile of the company. For instance, a less-
utilized generator in the southern region might be better positioned to 
meet peak demand through PPAs compared to a facility with higher net 
generation capacity in the north.

The regulatory framework surrounding simultaneity exerts a sub-
stantial influence on the outcomes. Strict matching schemes from 
hourly to monthly simultaneity increase green hydrogen production 
costs by a minimum of 100% across all portfolios. Loose regulation with 
monthly and annual matching enables LCOH levels at around 5 e2024
kg−1. However, the higher costs associated with stricter regulation in 
terms of simultaneity result in improved environmental parameters. 
For example, the CO2 emissions from grid procurement are doubled 
in the case of monthly matching compared to hourly matching. The 
proportion of green electricity in total purchased electricity (CEF) falls 
to 80% with monthly matching. Already with weekly matching, CO2
values and CEF can be significantly improved, with considerably lower 
LCOH than with hourly matching. Looking forward, he observed results 
of this work aim at providing a foundation for further discussions on 
whether it makes sense to enforce strict hourly regulation in heavy 
industry or whether it would be a sensible compromise between costs 
and ecological benefits to switch to daily or weekly simultaneity.

Future research may involve the expansion of stochastic optimiza-
tion through the utilization of more sophisticated component mod-
els, thereby yielding more precise results. To circumvent protracted 
computation times, the application of decomposition methods, such 
as Benders Decomposition, could prove advantageous. The practical 
implementation of this method may encounter challenges related to 
PPA-specific pricing, which can be addressed through future code 
adaptations. A consideration of additional load profiles from other 
industries could also help to quantify the benefits of PPA optimization 
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Fig. A.14. Component capacities and PaP PPA sizes per technology when the maximum size of the hydrogen storage is not limited.
more generally. Although only one case study was considered in this 
work, the methodology applied can be transferred well to other use 
case. Despite the fact that the code is not yet suitable for commercial 
use, there are only a few easily adjustable parameters and input values, 
making it possible for other researchers or engineers to use the pro-
gram. Finally, the results give a realistic impression of the challenges 
of future electricity procurement for the production of green hydrogen 
in general.
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Appendix

A.1. Cluster locations

We use data from Deutscher Wetterdienst DWD) [29] for calculating 
the generated electricity in RES. All weather observation stations with 
data from 2020 and 2023 have been used and clustered into 10 clusters 
per technology. For each cluster, we chose the observation station 
closest to the center as the representative location. Table  A.3 lists the 
cluster representing weather stations with their coordinates.

A.2. Unlimited hydrogen storage

This section shows exemplary results without limiting the size of the 
hydrogen storage to 167 MWh as in the results above. Fig.  A.14 shows 
the optimized capacities for the battery, the hydrogen storage, and the 
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Fig. A.15. Energy level of the hydrogen storage in all four scenarios of the 
stochastic optimization program. Price and weather information from 2020 
and 2023 has been used. These two scenarios are combined with two hydrogen 
demand scenarios.

Table A.3
List of the cluster representing weather observation stations with their coordi-
nates.
 ID Wind PV

 Latitude Longitude Latitude Longitude 
 1 50.3602 6.8697 51.3932 10.3123  
 2 50.9829 10.9608 48.8281 9.2000  
 3 52.1344 7.6969 51.2452 7.6425  
 4 54.0691 9.0105 53.8713 8.7060  
 5 48.7918 10.7062 51.6451 13.5747  
 6 51.6451 13.5747 47.8009 11.0108  
 7 53.5196 12.6654 53.8025 10.6989  
 8 51.3219 9.0558 53.5998 13.3039  
 9 54.1654 10.3519 49.0425 12.1019  
 10 48.4538 8.4090 49.7479 6.6583  

electrolyzer for the RES-Reference scenario and 50 allowed PaP PPAs. It 
also shows how much RES power has been contracted for PV generators 
and WPPs. The hydrogen storage in this scenario has a capacity of 3381 
MWh while the battery size increases from 158 MWh with hydrogen 
storage limitation to 349 MWh.

The overall storage capacity is beneficial to get more independent 
from the expensive baseload contracts. Fig.  A.15 depicts the energy 
level of the hydrogen storage in the four scenarios of the stochastic 
optimization problem. Scenarios 1 and 2 use price and weather in-
formation from 2020 combined with the original hydrogen demand 
(blue) and shifted hydrogen demand(turquoise), respectively. Scenarios 
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Fig. A.16. Energy flows in the modeled energy system.
Table A.4
Limit for PaP PPA usage and contracted number of PaP PPAs.
 Limit of PPA contracts Contracted PaP PPAs
 Hourly No Battery Hourly Daily Weekly Monthly Yearly 
 1 1 1 1 1 1 1  
 2 2 2 2 2 2 2  
 3 3 3 3 3 3 3  
 4 3 4 4 4 4  
 5 5 5 4 5 5 5  
 6 6 6 5 5 6 5  
 7 7 7 7 7 6 5  
 8 7 8 7 6 6 5  
 9 7 8 8 7 6 5  
 10 7 10 10 7 6 5  
 50 7 9 10 7 6 5  

3 and 4 use the data from 2023. The usage of hydrogen storage changes 
with the weather scenario rather than with the demand scenario. This 
indicates that the generation from PPAs availability is crucial for sizing 
the hydrogen storage. Both weather scenarios seem to have critical time 
frames in which the full storage capacity has to be used. In the case of 
the year 2020, this happens in the hours 8000 to 8400 and in 2023 
from hour 5400 to 6200.

The battery storage capacity increases as well but rather for storing 
the PPA surplus on a daily basis. In the 4 scenarios the battery storage 
cycles between 303 and 307 times per year.

A.3. Number of contracts in PPA portfolios

Table  A.4 shows how many PaP PPA contracts have been used by 
the optimizer as it is not always necessary to use all available contracts.

A.4. Energy flows for green hydrogen production

Fig.  A.16 visualizes the energy flows in the energy system with 50 
allowed PaP contracts. The graph illustrates how electricity imports 
from various sources are utilized. The company’s balancing group (BLC) 
must supply the two consumption channels for hydrogen production 
(orange) and the remaining electricity demand (turquoise). According 
to RED2 guidelines, the PPAs only have to be purchased for hydrogen 
production. In times of surpluses, these can then be used to supply 
the remaining demand instead of electricity purchased on the mar-
ket. Further surpluses are sold on the day-ahead market (light blue). 
Supplying the remaining electricity demand with surplus PPAs can 
have two advantages: (1) There can be price advantages compared to 
supplying this demand via the day-ahead market; (2) The quota of 
renewable electricity for the entire company is increased (more on this 
in Section 4.3).
13 
Data availability

Data will be made available on request.
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