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ABSTRACT 
Grid-connected electrolyzers with intermediate hydrogen storage offer significant potential for 
reducing electricity costs through flexible operation under dynamic pricing. A threshold-based 
scheduling optimization approach is developed that derives interpretable on/off production rules 
from electricity price signals. The method identifies local price thresholds separating high-price 
from low-price periods, yielding binary production schedules. Adaptive horizon partitioning—sub-
dividing the scheduling horizon when constant thresholds become infeasible—is combined with a 
receding horizon strategy that implements only a portion of each optimized schedule before re-
optimization. This procedure enables systematic investigation of how characteristics of Integrated 
Electrolyzer–Storage Systems (IESS) influence cost reduction potential while maintaining compu-
tational tractability for both offline analysis and online implementation. A case study applying the 
approach to historical German electricity prices across 2, 688 scenarios reveals that storage ca-
pacity is the primary determinant of cost-saving potential, while start-up and shut-down times 
within the tested range (up to 120 minutes) show negligible impact. Systems with storage capac-
ities allowing for hydrogen production stops of up to 1.4 days achieved electricity cost reductions 
of up to 80% compared to steady-state production. Production cycles in optimal schedules pre-
dominantly follow 24-hour rhythms, with approximately 30 cycles per month observed for high-
performing configurations. These findings indicate that conventional flexibility metrics—focused 
on ramp rates and start-up times—are inadequate for assessing the cost-saving potential of flex-
ibly operated, grid-connected electrolyzers under dynamic pricing. Instead, equipment wear from 
the frequent production cycling required by optimal schedules emerges as a key consideration for 
economic operation. 

Keywords: Scheduling, Hydrogen, Process Design, Rolling Horizon Optimization, Modelling and Simulations

BACKGROUND 
The large-scale deployment of green hydrogen re-

quires flexible electrolysis systems that can adapt to fluc-
tuating renewable energy supply and dynamic electricity 
markets. Germany targets an electrolyzer capacity of 10 
GW by 2030 for applications in green steel production 
and the chemical industry [1], yet specific flexibility re-
quirements remain insufficiently understood despite ex-
tensive technical characterizations [2-4]. Current re-
search explores control strategies for adaptive hydrogen 
production [4, 5] but rarely quantifies how start-up and 

shut-down dynamics impact techno-economic perfor-
mance across different operational contexts [6]. This 
knowledge gap hinders optimal system design—espe-
cially for grid-connected electrolyzers with intermediate 
hydrogen storage, limiting the assessment of cost reduc-
tion potentials for electricity markets [7]. 

Existing scheduling approaches predominantly fo-
cus on behind-the-meter configurations, where electro-
lyzers adjust consumption based on local renewable 
availability rather than market signals [8]. Recent work 
demonstrates cost reductions through adaptive schedul-
ing under dynamic prices [9–11], but these approaches 
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yield schedules without revealing underlying decision 
logic—limiting online applicability. Methods for electro-
lyzer-storage sizing have been proposed [12], yet critical 
gaps remain: existing approaches lack systematic feasi-
bility analysis, neglect electrolyzer dynamics, and oper-
ate over fixed horizons without mechanisms to prevent 
dead-end states. Consequently, the relationship be-
tween system characteristics and achievable cost sav-
ings remains poorly understood. 

SCHEDULING OPTIMIZATION 
Fluctuating electricity prices create a complex deci-

sion space balancing immediate costs against storage 
constraints and continuous downstream demand. The in-
terdependence between production capacity, storage 
size, and price characteristics creates a nonlinear 

optimization landscape. 
This work investigates optimal scheduling of grid-

connected Integrated Electrolyzer–Storage Systems 
(IESS) under dynamic electricity prices (Figure 1). The 
system comprises a grid-connected electrolyzer, inter-
mediate hydrogen storage, and downstream processes 
with constant demand. Variable hydrogen demand is ex-
cluded to isolate the scheduling problem. 
Two main questions are addressed: (1) how to optimally 
schedule hydrogen production for a given IESS configu-
ration, (2) which IESS characteristics influence the poten-
tial to minimize electricity costs. 

The focus is exclusively on electricity procurement 
costs from the grid; capital expenditure, operational ex-
penditure, and wear from load cycling are not considered 
in the optimization criterion. Additionally, behind-the-
meter consumption of renewable energy sources is 

 
Figure 1. Integrated Electrolyzer–Storage System (IESS) and periphery 
 

 
Figure 2. Production schedule generated by the optimization procedure. Top: electricity price 𝑃𝑃el with local 
threshold 𝑐𝑐 and schedule horizon boundaries. Middle: resulting binary production schedule with maximum and 
minimum production phases. Bottom: hydrogen storage state of charge (SOC) evolution within operational bounds. 
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neglected in this work. Such consumption does not elim-
inate the scheduling problem but rather modifies the 
price input: grid prices act as a competing alternative for 
local generation, creating a mixed effective electricity 
price with analogous dynamic patterns. Since only the 
price input changes—not the problem structure—the 
proposed method remains directly applicable. 

The Optimal Production Schedule 
The optimal production schedule minimizes electric-

ity costs while maintaining continuous hydrogen supply 
for downstream processes. For cost functions based 
solely on electricity prices—deliberately excluding deg-
radation, start-up costs, and cycling penalties to isolate 
dynamic pricing effects—clear patterns emerge. Cost is 
assumed linear with consumption; demand-dependent 
grid fees introduce nonlinearities but are negligible when 
consumption concentrates in low-price periods of gener-
ation excess, where flexible loads stabilize the grid. In-
termediate load levels offer no advantage: any partial 
load hour could be improved by shifting to a cheaper hour 
at full load, leading to an on/off control concept. How-
ever, identifying the threshold separating low from high 
prices is non-trivial: storage capacity limits shutdown du-
ration, production capacity determines deficit recovery 
speed, and start-up dynamics affect schedule precision. 
Thresholds must be chosen locally based on IESS state, 
forecast prices, and demand—creating a multi-level op-
timization problem. Scenarios where on/off schedules 
cannot achieve optimality are discussed in the Fatal Error 
Analysis. 

Scheduling Optimization Concept 
Figure 2 illustrates a production schedule generated 

by the proposed optimization procedure. The interde-
pendencies between electricity price fluctuations, pro-
duction schedule, and system state are central to the ap-
proach. The production schedule defines periods of 
maximum and minimum production. The production rate 
set point translates this schedule into control commands, 
accounting for electrolysis system inertia to align power 
consumption with intended production periods. The 

hydrogen production rate follows the load evolution but 
deviates due to efficiency dependencies and transient 
offsets. The State of Charge (SOC) of hydrogen storage 
evolves according to the balance between production 
and downstream demand, closing the optimization loop. 

Iterative refinement of the production schedule re-
quires simulation of the IESS to evaluate SOC trajectories 
for candidate schedules. SOC limits impose hard bound-
aries on feasible schedules, while electricity price evolu-
tion defines the cost landscape. Storage size bounds the 
horizon over which local decisions influence future opti-
mality, motivating two application goals: extensive offline 
investigation of IESS configuration impacts, and online 
applicability with comparable schedule quality. 

The optimization procedure follows a receding hori-
zon framework conceptually related to Model Predictive 
Control [13], but operates at scheduling timescales 
(hours to days) rather than control timescales (seconds 
to minutes). An outer iteration scheme adaptively deter-
mines prediction horizon lengths based on feasibility 
conditions rather than using fixed horizons. Three chal-
lenges must be addressed: (1) identifying local electricity 
price thresholds defining high and low price periods, (2) 
selecting appropriate prediction horizons for which con-
stant thresholds yield feasible schedules, and (3) pre-
venting dead-end states arising from system inertia. 

Estimation of Local Electricity Price 
Threshold 

For a given time period, the electricity price thresh-
old 𝑐𝑐 that defines high and low price periods is bounded 
by the electricity price 𝑃𝑃el extrema, i.e., 𝑐𝑐 ∈ [𝑐𝑐min, 𝑐𝑐max] 
where 𝑐𝑐min = min(𝑃𝑃el) and 𝑐𝑐max = max(𝑃𝑃el). The production 
schedule 𝑠𝑠(𝑡𝑡) is then derived from the threshold accord-
ing to: 

𝑠𝑠(𝑡𝑡) = �
1 if 𝑃𝑃el(𝑡𝑡) ≤ 𝑐𝑐
0 if 𝑃𝑃el(𝑡𝑡) > 𝑐𝑐

   (1) 

where 𝑠𝑠 = 1 corresponds to maximum production and 𝑠𝑠 =
0 to minimum production. 

Within the range of [𝑐𝑐min, 𝑐𝑐max], four cases are distin-
guished based on the resulting SOC trajectory (see Table 

 
Figure 3.Visuallisation of all circumstances relevant for Algorithm 1 early termination and reasoning for error 
preventing strategies. 
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1): Case I corresponds to fully feasible operation within 
storage limits; Case II occurs when storage runs empty at 
least once but never exceeds capacity; Case III occurs 
when storage exceeds capacity but never runs empty; 
and Case IV represents infeasible operation where stor-
age both runs empty and overflows. Multiple circum-
stances determine which cases can occur simultaneously 
for a given IESS configuration. These depend on its state, 
price trajectory and H2 demand; the relevant circum-
stances are shown in Figure 3. Circumstances a–e admit 
feasible solutions where at least one 𝑐𝑐 yields Case I; cir-
cumstances f–i admit no feasible threshold. Based on this 
classification, the search algorithm identifies the feasible 
interval [𝑐𝑐min� , 𝑐𝑐max� ]. 

Table 1: Classification of Storage Operation Cases Based 
on State of Charge (SOC). 

Case Description 

I 

If ∀𝑡𝑡 ∈ [𝑡𝑡�����, 𝑡𝑡���] it holds that 0 < SOC(𝑡𝑡) < 1 the 𝐻𝐻2 
storage operates entirely within its admissible limits 
and neither runs empty nor exceeds its capacity 
Consequently 𝑐𝑐 is considered sufficient 

II 
If ∃𝑡𝑡 ∈ [𝑡𝑡�����, 𝑡𝑡���] such that SOC(𝑡𝑡) < 0 while SOC(𝑡𝑡) ≤
1 for all 𝑡𝑡 ∈ [𝑡𝑡�����, 𝑡𝑡���] the 𝐻𝐻2 storage runs empty at 
least once but never exceeds its capacity 

III 

If SOC(𝑡𝑡) ≥ 0 for all 𝑡𝑡 ∈ [𝑡𝑡�����, 𝑡𝑡���] and ∃𝑡𝑡 ∈ [𝑡𝑡�����, 𝑡𝑡���] 
such that SOC(𝑡𝑡) > 1 the 𝐻𝐻2 storage capacity is ex-
ceeded at least once while the storage never runs 
empty 

IV 

If ∃𝑡𝑡1, 𝑡𝑡2 ∈ [𝑡𝑡�����, 𝑡𝑡���] such that SOC(𝑡𝑡1) < 0 and 
SOC(𝑡𝑡2) > 1 the 𝐻𝐻2 storage both runs empty and ex-
ceeds its capacity during the considered interval In 
this case no value of 𝑐𝑐 can satisfy the 𝐻𝐻2 demand 
constraint while remaining within the storage relaxa-
tion limits 

 
The minimum feasible threshold 𝑐𝑐min�  is identified via 

interval bisection (Algorithm 1). Each candidate is evalu-
ated by simulating the IESS: Case I indicates feasibility, 
Case II indicates threshold too low, Case III too high, and 
Case IV infeasibility. The interval narrows until conver-
gence |𝑐𝑐� − 𝑐𝑐�−1| < 𝛿𝛿; 𝑐𝑐max�  is obtained analogously. For 
nonlinear IESS models, non-monotonic relationships may 
cause bisection failure, requiring algorithm extension. 

Identification of the feasible threshold interval 
[𝑐𝑐min� , 𝑐𝑐max� ] enables generation of multiple valid produc-
tion schedules with different SOC characteristics. A 
threshold near 𝑐𝑐min�  produces schedules that minimize 
hydrogen storage utilization, while 𝑐𝑐max�  yields schedules 
that tend to fill the storage. To allow control over SOC 
behavior within the feasible range, a scheduling goal pa-
rameter 𝑔𝑔 ∈ [0, 1] is introduced: 

𝑐𝑐��� = 𝑐𝑐min� + �𝑐𝑐max� − 𝑐𝑐min� � ∙ 𝑔𝑔    (2) 

where 𝑐𝑐set is the threshold used to generate the produc-
tion schedule according to Equation 1. Setting 𝑔𝑔 = 0 se-
lects 𝑐𝑐min� , minimizing mean SOC; setting 𝑔𝑔 = 1 selects 

𝑐𝑐max� , maximizing mean SOC. 
The influence of 𝑔𝑔 depends strongly on initial condi-

tions and the width of the feasible interval. For circum-
stance e (Figure 3), where the feasible interval is narrow, 
the scheduling goal has limited effect on SOC trajectory. 
This basic threshold estimation performs well when elec-
tricity prices follow uniform oscillations with period 
lengths compatible with storage capacity. More complex 
scenarios result in fatal errors discussed in the following. 

Fatal Error Analysis 
Electricity price evolutions exhibit global trends, lo-

cal trends, and randomness, inherently limiting periods 
for which a feasible constant threshold exists. A fatal er-
ror occurs when storage underflows (SOC < 0) or over-
flows (SOC > 1). Five failure modes are identified: 

 Long Periods: When shutdown phases exceed 
storage hold-up duration, underflow becomes 
inevitable regardless of threshold selection—the 
system must produce during high-price periods, 
rendering binary switching unsuitable. 
Consequently, long-term price variation 
exploitation to reduce electricity costs is limited. 

 Short Periods: Threshold-based scheduling 
triggers switching at every price-threshold 
crossing. When resulting cycles occur at 
timescales below start-up and shut-down times, 
the system cannot follow the schedule and these 
price variations cannot be exploited. 

 Changing Characteristics: Periods with uniform 
price fluctuations admit relatively constant 
thresholds; when global or local trends shift, 
previously valid thresholds become infeasible. 

 Unfavorable Phase: Initial SOC misaligned with 
price phase can cause SOC oscillations violating 
capacity limits despite otherwise suitable price 
characteristics. 

 Dead-Ends: These correspond to circumstances 
f–i (Figure 3), where SOC approaches limits while 
production state is too inert to prevent violations. 
Dead-ends are critical when feasible schedules 
yield end states near circumstance e, where 
subsequent operation potentially fails. These 
failure modes motivate the error preventing 
strategies presented in the following section. 
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Error Preventing Strategies 
Adaptive horizon partitioning and receding horizon 

strategies ensure robustness of the global optimization 
procedure (Algorithm 2). By adaptive partitioning, the 
scheduling horizon is subdivided into segments, each ad-
mitting a feasible constant threshold 𝑐𝑐�. Starting from in-
itial segment length 𝑇𝑇0 the algorithm iteratively reduces 
segment size by factor 𝛼𝛼 ∈ (0, 1) until a feasible threshold 
exists: 

𝑇𝑇k+1 = 𝛼𝛼 ∙ 𝑇𝑇k     (3) 

This continues until the segment admits Case I or mini-
mum segment length is reached. For non-dead-end cir-
cumstances (a–e in Figure 3), this guarantees a feasible 
schedule. Segment boundaries may be suboptimally 
placed, but near-optimal results in the case study indi-
cate limited room for improvement. 

Adaptive partitioning alone cannot prevent dead-
end states at segment boundaries nor account for future 
price evolution. A locally optimized schedule may drive 
SOC toward extreme values, leaving insufficient flexibility 
for subsequent segments (e in Figure 3). To introduce 
predictiveness, a receding horizon framework distin-
guishes the prediction horizon 𝑇𝑇� from the schedule 

horizon 𝑇𝑇� [13]. At each iteration, the algorithm optimizes 
over 𝑇𝑇�, applies only 𝑇𝑇�, then shifts forward and re-opti-
mizes—preventing myopic decisions that lead to dead-
ends.  

 

The ratio between prediction and schedule horizons 
is defined through an overlap factor 𝑜𝑜�, which specifies 
the fractional overlap between consecutive prediction 
horizons of equal size: 

𝑇𝑇� = 𝑇𝑇� �1 −
��
1+��

�    (4) 

For 𝑜𝑜� = 0.5, half of consecutive prediction horizons over-
lap. This parameterization provides intuitive tuning: 
higher overlap increases predictiveness at the cost of 
computational effort. 

The combination of adaptive horizon partitioning 
and receding horizon implementation robustly generates 
feasible production schedules. These schedules are, due 
to their heuristic nature, often but not necessarily close 
to global optimality. Therefore, schedule quality must be 
assessed independently, as addressed in the following 
section. 
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OPTIMALITY SCORE 
To evaluate how effectively a schedule exploits 

price variability, an optimality score 𝜙𝜙 ∈ [0, 1] is intro-
duced comparing achieved performance to best-case 
(optimal) and worst-case (pessimal) consumption alloca-
tions, given identical total energy demand, temporal con-
sumption structure, and system limitations. The score is 
independent of absolute price levels, instead quantifying 
how well local fluctuations are utilized through the dis-
persion of the consumption-weighted price distribution 
relative to global mean price 𝑃𝑃‾. 

Let 𝑃𝑃ẽl(𝑡𝑡) denote the electricity price signal after re-
moving non-exploitable long-term trends imposed by 
storage limitations, while preserving the global mean 𝑃𝑃‾. 
For a given production schedule with consumption rate 
𝐸𝐸̇(𝑡𝑡) and total energy consumption 

𝐸𝐸total = ∫ 𝐸𝐸̇(𝑡𝑡) d𝑡𝑡,     (5) 

the induced consumption-weighted price distribution is 
defined through the measure 

d𝐸𝐸 = 𝐸𝐸̇(𝑡𝑡) d𝑡𝑡 at price 𝑃𝑃ẽl(𝑡𝑡) .  (6) 

For the same total energy consumption and the same 
temporal consumption profile 𝐸𝐸̇(𝑡𝑡), two limiting reference 
distributions are defined: 

 The optimal distribution 𝒯𝒯opt, obtained by 
reassigning the largest consumption magnitudes 
to the lowest available values of 𝑃𝑃ẽl(𝑡𝑡), with 
consumption magnitudes decreasing 
monotonically as prices approach 𝑃𝑃‾. 

 The pessimal distribution 𝒯𝒯pes, obtained 
analogously by reassigning the largest 
consumption magnitudes to the highest available 
values of 𝑃𝑃ẽl(𝑡𝑡). 

In both cases, the distribution of consumption magni-
tudes over time is preserved; only its association with 
electricity prices is reordered. As a result, ramping be-
havior due to start-up and shut-down dynamics is inher-
ently respected, while unnecessary production cycling 
does not artificially inflate the achievable optimality. The 
quality of each distribution is quantified using its central 
moment relative to the global mean price: 

𝜇𝜇opt = 1

�total
∫ �𝑃𝑃ẽl − 𝑃𝑃‾�

2

�opt
 d𝐸𝐸,    (7) 

𝜇𝜇pes = 1

�total
∫ �𝑃𝑃ẽl − 𝑃𝑃‾�

2

�pes
 d𝐸𝐸,    (8) 

𝜇𝜇schedule = 1

�total
∫ �𝑃𝑃ẽl(𝑡𝑡)− 𝑃𝑃‾�

2
𝐸𝐸̇(𝑡𝑡) d𝑡𝑡.  (9) 

The optimality score is defined by normalizing the 
achieved second moment between the pessimal and op-
timal bounds: 

𝜙𝜙 = |�schedule−�pes|

|�opt−�pes|
.    (10) 

By construction, 𝜙𝜙 = 1 corresponds to optimal reassign-
ment of consumption to low-price periods, 𝜙𝜙 = 0 to pessi-
mal reassignment, and 𝜙𝜙 ≈ 0.5 to steady-state produc-
tion. The score captures theoretical scheduling effective-
ness while accounting for storage capacity and produc-
tion inertia limitations, deliberately excluding start-up 
costs, efficiency variations, cycling degradation, and 
capital expenditure. 

CASE STUDY 
The proposed scheduling optimization was applied 

to a range of IESS configurations under historical elec-
tricity price data to evaluate performance across diverse 
scenarios. The study investigates three aspects: (1) per-
formance of the scheduling optimization procedure, (2) 
IESS characteristics influencing electricity cost-saving 
potentials, and (3) operational strain indicated by pro-
duction cycling. The section first describes the simulation 
model and experimental setup, then presents metrics for 
evaluation. 

IESS Model 
For computational tractability, a simplified dynamic 

IESS model was employed. The production schedule is 
directly translated to production rate setpoints, resulting 
in anticipated phase lag between scheduled and actual 
production. Electricity consumption and hydrogen pro-
duction are coupled through a linear relationship. Start-
up and shut-down dynamics are represented by linear 
ramps following the production rate setpoint. 

Table 2: IESS configuration parameters. Relative produc-
tion and storage capacities are normalized to down-
stream hydrogen demand. 

Parameter Tested Values 
Relative production capacity [–]       

  
Start-up/shut-down time [min]     
Relative storage capacity [days]      

  

Experimental Setup 
IESS configurations were varied in a full factorial de-

sign according to Table 2. The relative production ca-
pacity is defined as the ratio of maximum hydrogen pro-
duction rate to the constant hydrogen demand of down-
stream processes; a value of 2.0 indicates the electro-
lyzer can produce twice the demanded flow rate. The rel-
ative storage capacity is defined as the ratio of storage 
volume to one day of downstream hydrogen demand; a 
value of 1.0 indicates storage sufficient to supply down-
stream processes for 24 hours without production. Each 
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configuration was tested using historical electricity price 
data for each month of 2024, sourced from the German 
Federal Network Agency [14], yielding 2, 688 optimiza-
tion runs. Parameters of the scheduling optimization 
were set to an overlap factor of 𝑜𝑜� = 1, scheduling goal 𝑔𝑔 
= 0.5, and segment size reduction factor 𝛼𝛼 = 0.7. 

Metrics 
Three metrics quantify scheduling performance and 

electricity cost-saving potential of IESS configurations. 
The previously defined optimality score 𝜙𝜙 measures 
schedule quality relative to theoretical bounds. The rela-
tive electricity cost 𝐶𝐶rel captures the ratio of electricity 
costs under the optimized schedule to costs under 
steady-state production: 

𝐶𝐶rel = ∑ �el� (�)⋅�̇(�)

�‾el⋅�total
    (11) 

where 𝐸𝐸̇(𝑡𝑡) is the instantaneous electricity consumption 
rate. This metric should be interpreted as an indicator of 
cost-saving potential rather than a prediction of actual 
savings, as realized electricity costs are subject to con-
siderable uncertainty including capacity charges, grid 
fees for flexible loads, and evolving market dynamics. 
The number of production cycles counts complete 
start-up/shut-down sequences per month, indicating op-
erational strain relevant to equipment wear. 

Results and Discussion 
The optimality score 𝜙𝜙 exhibits strong dependence 

on relative storage capacity (Figure 4). Configurations 
with relative storage capacities below 0.5 days consist-
ently yielded 𝜙𝜙 < 0.8, while capacities exceeding 1.4 days 
achieved 𝜙𝜙 > 0.9 across most scenarios. Low storage ca-
pacity leads to the long periods problem. This indicates 
general unsuitability of low-storage configurations for 
exploiting electricity market price fluctuations, independ-
ent of the scheduling method employed. 

 
Figure 4. Optimality score 𝜙𝜙 as a function of relative 
storage capacity. The dependency to relative production 
capacity indicated by filled and unfilled markers. 

Electricity cost-saving potential mirrors optimality 
score behavior (see Figure 5). Systems with storage ca-
pacities below 0.5 days achieved only marginal cost re-
ductions, while capacities above 1.4 days overcame the 
storage bottleneck. Production capacities near unity (1.1) 
severely constrain flexibility due to insufficient surplus for 
shutdown periods. Cost-saving potential increases as-
ymptotically with production capacity: values of 2.0 re-
sulted in 70% relative electricity costs compared to 
steady-state production, while 4.0 achieved up to 20% 
relative costs in favorable months.  

Start-up and shut-down times up to 120 minutes 
showed negligible impact on cost savings. Whether mar-
ginal observed dependencies result from the phase mis-
match inherent in the simplified IESS control or reflect 
genuine limitations of process inertia on cost-saving po-
tential cannot be conclusively determined from the pre-
sent study.  

For configurations with storage capacities above 1.4 
days, a mean of 35 production cycles per month was ob-
served (Figure 6), suggesting price fluctuations relevant 

 
Figure 5. Relative electricity cost 𝐶𝐶rel as a function of relative storage capacity, relative production capacity, and 
start-up/shut-down time. 
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for cost optimization occur predominantly at daily time-
scales—consistent with diurnal patterns in markets with 
significant renewable penetration. Production cycle 
count remained largely independent of start-up and shut-
down times.  

The scheduling optimization procedure demon-
strated robust performance across the parameter space. 
Except for configurations combining small storage ca-
pacities (< 0.25 days) with high production capacities (>
4.0), where scheduled cycle durations approached or fell 
below start-up and shut-down times, the algorithm relia-
bly generated feasible production schedules. For all other 
configurations, the adaptive horizon partitioning and re-
ceding horizon strategies successfully prevented dead-
end states and maintained SOC within admissible 
bounds. Computational cost was dominated by IESS sim-
ulation, with cumulative simulated time consistently be-
tween 100 and 160 times the generated schedule length 
for well-performing configurations (𝜙𝜙 > 0.9). While se-
quential dependencies between receding horizon itera-
tions limit full parallelization, independent IESS simula-
tions within each iteration are parallelizable, offering 
speedup potential by orders of magnitude. 

CONCLUSION 
This work presents a threshold-based scheduling 

optimization approach for grid-connected electrolyzer-
storage systems that derives interpretable production 
rules from electricity price characteristics, enabling both 

offline analysis and online application. The theoretical 
framework establishes necessary conditions for feasible 
schedule existence, and the optimality score 𝜙𝜙 provides 
a system-independent quality metric for integration into 
higher-level optimization. 

Results challenge conventional flexibility metrics for 
electrolysis systems: start-up and shut-down times up to 
120 minutes showed negligible impact on cost-saving 
potentials, while storage capacity emerged as the pri-
mary determinant. For grid-connected electrolyzers, the 
number of production cycles—rather than process dy-
namics—emerges as the critical constraint requiring as-
sessment for economic operation. 

OUTLOOK 
Future work should quantify how cycling frequency 

limits affect cost-saving potential by imposing minimum 
on-period durations to constrain cycle counts, enabling 
economic assessments. Extending the optimization crite-
rion to include capital expenditure and cycling-induced 
degradation would support comprehensive techno-eco-
nomic evaluation. Application to nonlinear IESS models, 
variable demand, and diverse market conditions with in-
creasing price volatility [15] would broaden applicability. 
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