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Abstract. This paper presents a system-level model-
ing and control framework for a small-scale power-to-
X (P-t-X) facility coupled with a dynamic building model.
The considered system configuration and parameteriza-
tion are based on a real-world energy research facility at
the Technische Hochschule Ulm. A forecast-based model
predictive control (MPC) strategy is compared to a con-
ventional rule-based approach. The MPC is formulated
as a mixed-integer linear program (MILP), integrates time
series forecasts, and limits daily start events of key con-
version units via an e-constraint. Results indicate the po-
tential of predictive operation to improve self-sufficiency
and self-consumption while respecting operational and
building comfort constraints.

Introduction

Hydrogen produced from renewable electricity is ex-
pected to play a key role in a future climate-neutral en-
ergy system [1]. The fluctuating nature of renewable
generation leads to temporal mismatches between sup-
ply and demand, requiring flexible storage and opera-
tion strategies. In this context, the combination of hy-
drogen and battery energy storage is a promising solu-
tion [2].

Sector coupling and waste heat utilization further in-
crease system flexibility, particularly when power-to-X
(P-t-X) systems are integrated with building thermal dy-
namics.

However, suitable operation strategies remain chal-
lenging, especially under operational constraints such
as limited start events of conversion units.

This paper presents a system-level modeling and
control framework for a small-scale P-t-X facility cou-
pled with a dynamic building model. A rule-based
operation strategy is compared with a forecast-based
model predictive control (MPC) approach formulated
as a mixed-integer linear program (MILP).

The MPC integrates time series forecasts and
limits electrolyzer and gas turbine starts via an é&-
constraint, aiming to improve self-sufficiency and self-
consumption while respecting operational and comfort
constraints.

The remainder of the paper is structured as fol-
lows: Section 1 introduces the system, Section 2 the
data basis, and Section 3 the building model. Section 5
presents the MPC formulation, followed by results and
conclusions.

1 System Description

The considered system is an electrically and ther-
mally integrated power-to-gas (PtG) and power-to-
power (PtP) infrastructure coupled to a building energy
system.

As shown in Figure 1, electrical energy is sup-
plied by photovoltaic generation and the grid and con-
sumed by the building load, an electrolyzer, a hydrogen
driven gas turbine, and a battery energy storage system
(BESS).

Electrical surpluses are converted to hydrogen via
the electrolyzer and stored in a hydrogen energy storage
system (HESS), while deficits are covered by reconver-
sion through the gas turbine or grid import.
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Electric Supply

Electric Load

Figure 1: System model of the P-t-G / P-t-P infrastructure [3].

Thermal integration is realized by waste heat recov-
ery from the gas turbine and an electrically driven heat
pump (Figure 2).

Thermal energy is used to supply the building de-
mand or charge a sensible thermal energy storage
(TES), which provides additional flexibility for balanc-
ing heat supply and demand.

Heat Recovery
Gas Turbine

Heat Pump

Thermal Demand |

Surplus SESS |

Deficit

Thermal Supply

Figure 2: System model of the thermal integration and heat
recovery [3].

The building thermal demand is modeled dynami-
cally using a 3R2C grey-box model (Section 3), provid-
ing time-varying heating and cooling demands for the
energy management system.

The resulting multi-energy system enables flexible
coupling of electrical, thermal, and hydrogen energy
flows and forms the basis for the optimization-based op-
eration strategy.
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2 Data and Preprocessing

2.1 Data sources and signals

The data set comprises time series of photovoltaic
power generation, electrical load, thermal demand, and
meteorological variables, including ambient tempera-
ture, global horizontal irradiance, wind speed, and wind
direction.

The data cover the period 2023-2025 and are ob-
tained from the building management system of Tech-
nische Hochschule Ulm (TH Ulm), University of Ap-
plied Sciences.

Figure 3 illustrates exemplary annual meteorologi-
cal time series, highlighting both seasonal patterns and
short-term variability relevant for load forecasting and
building thermal modeling.
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Figure 3: Exemplary annual time series of meteorological
variables (2023-2025).

Monthly aggregated energy quantities of photovoltaic
generation, electrical load, and thermal demand are
shown in Fig. 4, highlighting their pronounced seasonal
mismatch.

2.2 Temporal resolution and alignment

All signals are aligned to a common hourly time grid.
Higher-resolution data are aggregated in an energy-
conserving manner, while lower-resolution data are up-
sampled using zero-order hold.

Time stamps are converted to a consistent time zone,
and short data gaps are filled by interpolation.
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Figure 4: Monthly aggregated energy quantities of
photovoltaic generation (a), electrical load (b), and
thermal demand (c,d) for the period 2023-2025.

3 Building Model and
Calibration (3R2C + IPOPT)

3.1 Grey-box model structure

The building thermal behavior is modeled using a
ventilation-aware 3R2C grey-box model following [4].
Two thermal states are considered: the indoor air tem-
perature 7;, and the effective envelope temperature 7.

The model is driven by ambient temperature 7, so-
lar gains Qg, and HVAC thermal input Qy,, allowing the
separation of fast indoor air dynamics and slower enve-
lope dynamics.

3.2 Continuous-time 3R2C dynamics

The continuous-time dynamics of the 3R2C model are
given by

dlin,  Te—Tiw  Ta—Tha
in” Rin,e + Rin,a + fhOn +AinQs, (1)

dr, T,—-T. T,—T.
— = 1— AcQs.
¢ dt Rin,e + Re,a +( fh)Qh+ CQS
(2)
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For the discretization a discrete time step At is used
and the model is transformed into the state-space form

Tii1 =A4(0) T +By(0)uy, 3)

which is embedded as linear constraints in the MPC af-
ter calibration.

3.3 Parameter estimation as NLP (IPOPT)

The parameter vector
0= {Rin,eyRin,mRe,a;CinaceaAimAeafmTe,O}

is identified by solving a nonlinear program subject to
the discretized model dynamics. Calibration minimizes
a weighted sum of the indoor air temperature tracking
error

1 N
(0) =5 ¥ (Tak®)~ T3, &)
k=1

In contrast to the method proposed by Panagi et al. [4],
we additionally include the normalized deviation be-
tween simulated and measured monthly thermal energy
demand,
1 12 Esim ) — Emeas 2
Jp(0) = — (m()m> 6

12 &=\ max(eg, Emeas)

Both objectives are combined as
mein J(Q) :WTJT(9)+WEJE(9), (6)

subject to the discretized model equations and parame-
ter bounds.

3.4 Model evaluation

Model performance is assessed on both the calibration
data set and an independent test period.

Figure 5 shows the indoor air temperature during
the best-fitting calibration window, illustrating that the
identified parameters accurately reproduce the short-
term thermal dynamics of the building.
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Figure 5: Measured and simulated indoor air temperature
during the calibration window (best training fit).

Generalization capability is evaluated on the unseen test
year 2025.

Figure 6 compares simulated and measured monthly
thermal energy demand, demonstrating that the model
reproduces the aggregated thermal energy balance over
an annual horizon with sufficient accuracy for predic-
tive control applications.
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Figure 6: Comparison of measured and simulated monthly
thermal energy demand for the test year 2025.

3.5 Thermal Component Modelling (1R1C)

Thermal components such as the electrolyzer and gas
turbine are represented by a first-order resistance—
capacitance (1R1C) model following [5].

The discrete-time temperature dynamics are given
by the formula

At Ty — Tox
T =T+ el (Qimk - Ra> ; @)

and are consistently embedded into the MPC formula-
tion.
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Model parameters are calibrated such that a warm-
up period of 15 min is required before production starts.
The electrolyzer and gas turbine efficiencies are mod-
eled as load-dependent and represented by a piecewise
linear approximation using SOS2 constraints [6].

4 Forecasting Models

4.1 Role in MPC

Short-term forecasts of exogenous signals are required
for predictive control in multi-energy systems, as
photovoltaic generation, electrical load, and ambient
temperature directly affect storage scheduling and unit
commitment decisions.

Following [7], data-driven forecasting models are
therefore integrated into the MPC framework to provide
horizon-wise predictions over the control horizon.

Multivariate Long Short-Term Memory (LSTM)
networks are employed due to their ability to capture
diurnal patterns and temporal dependencies in energy
and weather-related time series [8].

Separate models are trained for irradiance, PV
power, electrical load, and ambient temperature to ac-
count for their differing dynamics.

4.2 Model setup and training

All forecasting models are trained on synchronized
hourly data from 2023-2024 using a strict chrono-
logical split, while the year 2025 is reserved for
out-of-sample evaluation and rolling MPC operation.

Multichannel input sequences of length L = 24h
are used and normalized using Min—-Max scaling.
Temporal ordering is preserved by disabling shuffling.

Lightweight, target-specific LSTM architectures are
employed. Linear output activation is used for temper-
ature forecasting, whereas softplus activation is applied
to power-related targets to enforce non-negativity.

A seasonal naive forecast with a 24 h lag serves as a
baseline. The global training configuration and target-
specific network settings are summarized in Tables 1
and 2.
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Setting

Value

Train/Val window
Chronological split
Test window

Rolling export (MPC)
Input sequence length (L)
Forecast horizon (H)
Batch size

Epochs

Scaler

Multichannel inputs
Shuffle training blocks
Seasonal naive baseline

2023-02-01 .. 2024-12-31
Train: 90%, Val: 10% (tail)
2025-01-01 .. 2025-12-31
2025-01-01 .. 2025-12-31
24 h

24 h

128

200

Min-Max (0..1)

True

False

24 h

Table 1: Global configuration for all LSTM forecast models.

Target LSTM units Output activation
Tair 64 linear

PV power 32 softplus

Load 32 softplus

Irradiance 32 softplus

Table 2: Target-specific LSTM output configuration.

Softplus enforces non-negativity for power
and irradiance targets.

4.3 Forecast accuracy

Forecast accuracy is evaluated on the full test year 2025
using standard error metrics. Table 3 compares the
best-performing LSTM models with a seasonal naive
baseline. Across all targets, the LSTM models substan-
tially reduce prediction errors, particularly for electrical
load and PV power, which are most relevant for MPC
decision-making.

Target Model RMSE MAE R?
(Gp) SN 99.56 W/m?  44.27W/m? 0.762
LSTM 7948 W/m? 4591 W/m?  0.848
(Poy) SN 35.73kW 15.74kW  0.743
LSTM  28.28kW 1545kW  0.839
(Poad) SN 15.80kW 9.12kW 0311
LSTM  7.91kW 554kW  0.827
(Tair) SN 3.20°C 2.43°C 0.843
LSTM 2.43°C 1.81°C 0.909

Table 3: Forecast accuracy on the test year 2025.
SN denotes a seasonal naive baseline (24 h).
LSTM uses the full feature set.

5 MPC formulation (MILP with
g-constraint on starts)

5.1 Decision variables

Over the prediction horizon k = 1,...,H, the MPC
optimizes electrical and thermal power flows, storage
states, and binary commitment variables.

The decision vector X comprises:

(1) electrical grid exchange, battery charge/discharge,
electrolyzer power, and gas turbine electric output;

(i1) thermal grid exchange, TES charge/discharge, gas
turbine heat, and heat pump output;

(iii) storage states of BESS, HESS, and TES;

(iv) building states (indoor and envelope tempera-
tures); and

(v) binary variables enforcing unit commitment and
mutually exclusive operating modes.

5.2 Objective and MILP

The primary objective minimizes weighted electrical
and thermal grid interactions:

H

— . k k k
Ji= Z (Wlmp (Pgrid,imp + Qhot,imp + QcoldJmp)
k=1

k k k
+ Wexp (Pgrid7exp + Qhot,exp + Qcoldﬁxp)) At.
®)

with wiyp > 0 and typically wexp < Wimp.

At each MPC step, the following mixed-integer lin-
ear program is solved:

min  J;(x) )]
s.t. Jsetlgn<x) < Ely; Jsgttart(x> < &y, (10)
fel(X,d) =0, fth(X,d) =0, (11)
gstor(x) <0, guc(x) <0, (12)
fiia(x,d) =0, (13)

where d collects exogenous forecasts (PV generation,
electrical demand, weather).
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The resulting MILP is implemented in PYTHON us-
ing the PYOMO modeling framework and solved with
Gurobi [9].

At each MPC step, the MILP is solved to obtain an
optimal control sequence, of which only the first control
action is applied to the simulation model in a receding-
horizon fashion.

5.3 e-constraint on start events (Ely/GT)

To limit start events, the electrolyzer (Ely) and gas
turbine (GT) are explicitly constrained. Binary start
indicators detect off—on transitions:

K oy > OK — 81,

u,start <

u e {ely,gt}, Vk>1, (14)

with known initial states 80 from the previous MPC
step. The total number of starts over the horizon is

H
Jan = Y, Oisars  u€{ely,gt}, (15
k=1
and constrained as

el t
Tstart < Eelys T < Egt, (16)

with &y = & = 3 in this study.

5.4 Constraints

Electrical power balance.

k k k k _ pk k
va + Pgt,el + Pbat,dis + Pgrid,imp - Pload + Pely,el+

k k k k k
Ppreheat + Pbat,ch + PHP,heat,el + PHP,cool,el + Pgrid,exp’

a7

Here, Plfreheat denotes the additional electrical power de-

mand associated with start-up pre-heating of the elec-
trolyzer and the gas turbine, which is activated during
off—on transitions.

Thermal power balance (heating).

k k k k
Qgt,heat + QHP,heat + QTES,dis + Qgrid,imp

k k k
= Qdem + QTES,ch + Qgrid,exp‘ (18)
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The heat pump is modeled with thermal power as
the decision variable, while the corresponding electri-
cal power consumption is imposed by a linear equality
constraint:

k
QHP,heat

Peiphearel = Gopr (19)
sheal

An analogous formulation is applied to cooling, includ-
ing the corresponding thermal balance, electrical cou-

pling via the energy efficiency ratio (EER), and thermal
energy storage.

Storage dynamics (example: BESS).

1
Kl k k k
Eggss = Epess + <nchP batch ~ R bat,dis) At,
1S
(20)

k
EBESS,min S EBESS S EBESS,max- (21)

Analogous formulations apply to hydrogen storage
(HESS) and thermal energy storage (TES). Binary
variables enforce mutually exclusive operating modes
and unit commitment constraints for the battery, elec-
trolyzer, and gas turbine.

6 Case Setup

6.1 Considered control strategies

Four control strategies are evaluated under identical
system conditions to assess the impact of predictive
control and forecast accuracy:

e Case 1 — Rule-Based Control (RB): Heuristic
control with fixed priority rules and no explicit
forecasting or optimization.

e Case 2 — MPC with Seasonal Naive Forecast:
MPC using a 24 h seasonal naive forecast.

¢ Case 3 — MPC with LSTM Forecasts: MPC us-
ing LSTM-based forecasts for photovoltaic gener-
ation, electrical load, thermal demand, and ambi-
ent temperature.

e Case 4 — MPC with Perfect Forecast: Idealized
MPC with perfect knowledge of all exogenous sig-
nals, serving as an upper performance bound.
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6.2 System parameters

Table 4 summarizes the parameters used in the MPC—
SIM framework. The configuration represents a small-
scale, grid-connected P-t-X system with coupled elec-
trical, thermal, and hydrogen subsystems. State-of-
charge limits and operational constraints are enforced
for all storage components.

The current installation at the Technische
Hochschule Ulm includes a 20kW electrolyzer
and a high-pressure hydrogen storage with a capacity
of approximately 533kWh. Since both components
are scheduled for expansion, the parameters listed in
Table 4 represent an extended configuration to assess
future system operation and scalability.

Subsystem Parameter Value
BESS Epgss 39, 349] kWh
PoEss +194 kW
TBESS 0.95
H, Storage Eyp [170, 2133] kWh
Electrolyzer Pely el [32, 80] kW
TNEly el piecewise (Nmax = 0.60)
TElyAset 60°C
Gas Turbine Porel [50, 100] kW
NGT,el piecewise (Tlmax = 0.32)
TGT. total 0.90
TG set 600°C
Heat Pump Pup el <50 kW

COP/EER 4.0/4.0

TES (hot/cold) Etgs hot: [58,580] kWh
cold: [35,350] kWh

Prgs +100 kW

NTES 0.98
Building (3R2C) R,C,A,f;,  calibrated

Tiet 22°C/24°C

Table 4: Compact overview of system parameters used in the
MPC-SIM framework.

7 Results and Discussion

7.1 Annual KPIs

Table 5 summarizes the annual electrical and thermal
performance of the investigated control strategies. Elec-
trical performance is assessed using self-consumption
and self-sufficiency.

Electrical self-consumption is defined as the ratio of
locally generated electricity directly utilized within the
system to total local generation,

. E.
Self-Consumption = —ciconsel (22)
local,gen,el

while electrical self-sufficiency denotes the fraction of
end-use demand covered by local generation,

Self-Sufficiency = —eeons (23)

enduse

Overall self-sufficiency is defined analogously and ac-
counts for combined electrical and thermal end-use de-
mand.

Compared to the rule-based reference, all MPC-
based strategies significantly increase electrical self-
consumption and self-sufficiency.

The MPC with perfect forecasts (MPC-P) achieves
the highest values and thus represents an upper perfor-
mance bound.

Using imperfect forecasts, both the LSTM-based
and seasonal naive MPC maintain performance close to
this optimum, indicating robust behavior under forecast
uncertainty.

In the thermal domain, heating self-sufficiency re-
mains high for all cases, while cooling self-sufficiency
is substantially improved by MPC-based operation.
Overall, the results confirm that forecast-based MPC
consistently enhances electrical and thermal system au-
tonomy without requiring perfect foresight.

7.2 Time series comparison

To complement the annual KPIs, a qualitative compar-
ison of the operational behavior is provided based on
exemplary time series of electrolyzer and gas turbine
operation. Figures 7 and 8 illustrate the temporal uti-
lization patterns of the different control strategies over
the year.

For the rule-based reference, the electrolyzer is pre-
dominantly operated during summer periods, while the
gas turbine is mainly activated in the morning hours.
These patterns reflect the direct response to instanta-
neous system states and fixed priority rules.

In contrast, all MPC-based strategies result in more
structured and temporally coherent operation patterns,
reflecting anticipative scheduling and improved coordi-
nation between components.
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Metric [%] RB MPC-P MPC-LSTM MPC-SN
Electrical self-consumption 81.39 90.31 89.51 89.37
Electrical self-sufficiency 72.56 76.78 75.77 75.86
Overall self-sufficiency (el+th) 76.37 81.63 80.78 80.79
Thermal self-sufficiency (heating) 99.72 94.75 94.21 94.41
Thermal self-sufficiency (cooling) 54.51 94.34 93.53 92.66

Table 5: Annual electrical and thermal self-sufficiency and self-consumption for the investigated cases.
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Figure 7: Annual operation patterns of the electrolyzer for
the four control strategies: (a) rule-based,
(b) MPC-P, (c) MPC-SN, and (d) MPC-LSTM.
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Figure 8: Annual operation patterns of the gas turbine for
the four control strategies: (a) rule-based,

(b) MPC-P, (c) MPC-SN, and (d) MPC-LSTM.
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8 Conclusion and Outlook

This paper presented a forecast-based MPC framework
for the operation of a hydrogen-integrated multi-energy
system coupled with a dynamic building model. The
MPC was formulated as a MILP with an &-constraint
on unit start events and evaluated under different
forecast assumptions.

The results show that MPC-based operation con-
sistently outperforms a rule-based reference with re-
spect to electrical and thermal self-sufficiency and self-
consumption.

While perfect forecasts yield the highest perfor-
mance, the use of imperfect forecasts—both LSTM-
based and seasonal naive—Ileads to only marginal re-
ductions. This indicates that the coordinated utilization
of flexible components enabled by MPC is more influ-
ential than forecast accuracy for the considered setup.

The optimization employs a weighted-sum objec-
tive, yielding Pareto-optimal solutions for a given set
of weights.

Future work will extend the formulation towards a
true multi-objective framework, for example using lexi-
cographic optimization, to systematically explore trade-
offs between electrical and thermal objectives.

In addition, the influence of the prediction horizon
length on performance and operational behavior will be
investigated, particularly with respect to computational
effort, forecast uncertainty, and components with slow
dynamics.

Further research will address uncertainty-aware op-
timization and experimental validation of the proposed
control framework.
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