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H I G H L I G H T S

• SOFCs offer a renewable energy solution for onboard maritime power generation.
• Dynamic load induce thermal stress, increasing degradation and reducing SOFC lifetime.
• Proposed load-tracking MPC using spatial–temporal temperature constraints and cost
• A spatially resolved 1D SOFC stack model enables thermal-stress aware control.
• The strategies reduce stress from temperature gradients and improve load tracking.
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 A B S T R A C T

The use of solid oxide fuel cells (SOFC) offers an alternative energy-conversion technology for the maritime 
sector, supporting the transition to renewable fuels. However, operating SOFCs for onboard power generation 
requires them to accommodate dynamic load changes, which introduces thermal stress, accelerates degradation, 
and reduces their operational lifetime. This work introduces a set of load-tracking model predictive control 
(MPC) strategies that reduce thermal stress by introducing spatial temperature gradient constraints (STGC), 
temporal temperature gradient constraints (TTGC) and temporal temperature gradient cost (TTGQ) compo-
nents. The development of a spatially resolved one-dimensional prediction model for the SOFC stack is essential 
for incorporating these components into MPC strategies. The strategies are evaluated via simulations across 
multiple scenarios using key performance indicators (KPIs) for thermal stress, load-tracking performance and 
electrical efficiency, and benchmarked against a baseline MPC and a current-ramping-limit (CRL) approach. 
The results show that the STGC effectively reduces and constrains the spatial temperature gradient while 
maximising electrical efficiency. Furthermore, the TTGC and TTGQ strategies improve dynamic load-tracking 
response while resulting in lower temporal temperature gradients than a CRL.

1. Introduction

In 2018, the maritime sector accounted for 2.89% of global Green-
house Gas (GHG) emissions [1], making it a substantial contributor. 
To reduce emissions, the sector is exploring alternative fuels and pow-
ertrain concepts. This remains challenging due to the high variability 
in operational profiles, which significantly affects power system de-
sign [2]. Electrification through batteries is mainly interesting for short 
voyages. Hydrogen can play a significant role for the bulk of voyages 
but lacks sufficient energy density for deep-sea voyages. As a result, 
fuels such as Liquefied Natural Gas (LNG), methanol and ammonia are 
expected to play a key role [3,4]. These renewable fuels enable the 
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adoption of alternative energy-conversion technologies. In particular, 
the Solid Oxide Fuel Cell (SOFC) has gained attention due to its ability to 
internally reform these alternative fuels, resulting in high electrical effi-
ciencies of 50%–65% and minimal system complexity [5]. This makes 
the SOFC a promising candidate for long-voyage shipping, where the 
volumetric energy density of batteries and pure hydrogen is insufficient 
to meet mission requirements. However, the SOFC technology is not 
fully mature and is associated with high investment costs, poor dynamic 
response to load changes and a limited lifetime, which prevent its large-
scale adoption [6]. The high investment cost is expected to decrease as 
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production scales up [7]. The limited dynamic response to load changes 
and the limited lifetime require a more sophisticated solution.

1.1. Operational challenges

The first commercial SOFCs were originally intended for static op-
eration [8], which is reflected in their sensitivity to dynamic operation. 
Their operation requires tight management of gas flows and power 
demand to avoid fuel or air starvation, under-voltage, overheating 
and large internal temperature variations within the cell, as these 
factors can damage the Positive-electrode–Electrolyte–Negative-electrode
(PEN) microstructure [9]. While many of these risks are mitigated 
through appropriate control strategies, temperature dynamics remain 
difficult to manage because they are spatially distributed and locally 
diverge substantially from the average stack temperature. Furthermore, 
internal temperature measurements are impractical. Local temperature 
variations can be reduced by gradually transitioning between operating 
points, which inherently limits the SOFC’s responsiveness to dynamic 
load changes [10].

The sensitivity to dynamic operation originates from thermo-
mechanical stresses within the PEN structure, whose bonded layers 
have mismatched Thermal Expansion Coefficients (TECs). During tem-
perature changes, these mismatches restrict independent expansion and 
generate internal stresses that can cause plastic deformation, crack-
ing, or delamination, thereby reducing membrane conductivity [11]. 
Although stresses are inherent at the high operating temperatures 
of SOFCs and contribute to long-term degradation, they are inten-
sified by local hotspots and high spatial or temporal temperature 
gradients, which can lead to severe degradation or even complete 
conductivity loss [12]. Transient operation alters the temperature 
distribution, increasing the risk of local hotspots and steep gradients. 
Careful load-change management is therefore essential to mitigate 
degradation.

Local hotspots result from the cell overheating, where the maximum 
temperature in the PEN locally exceeds the upper-temperature limit 
due to insufficient cooling. The SOFC is typically operated with the 
maximum PEN temperature near its limit. Therefore, the limit is easily 
exceeded if power and airflow are not carefully adjusted together. 
A local hotspot results in a high spatial temperature gradient and 
causes the PEN material to expand above its design point, leading to 
excessive material stress [11]. Manufacturers specify limits for the stack 
temperature within which the stack is safely operated, but only for 
some measurable temperatures at the edge of the stack.

In the literature, the spatial temperature gradient in the PEN struc-
ture is most often reported in relation to thermal stress and degrada-
tion. The spatial temperature variation exists due to the non-uniform 
distribution between endothermal and exothermal reactions in the 
stack [13]. These result in different expansion and contraction within 
a material, further increasing internal stresses. The maximum spatial 
temperature gradient an SOFC can withstand varies per cell design. 
Influencing factors include operating temperature, material, manufac-
turing and cell configuration. Zeng et al. [11] report various maximum 
operating gradients of stacks ranging from 10 [K/cm] to 55 [K/cm].

SOFCs are designed to operate at a constant temperature, even 
under load variations. Heating up and cooling down from this op-
eration temperature is known as thermal cycling. Often, the SOFC 
can withstand only a limited number of thermal cycles at a slow 
overall temperature rate-of-change. Quickly changing the temperature 
can thermally shock the PEN material due to dynamic expansion and 
contraction, leading to plastic deformation and degradation of the 
microstructure [12]. However, during dynamic operation, the spatial 
temperature distribution changes depending on the heat generated in 
the stack and on how effectively the balance of plant and control 
strategy provide heating and cooling. The rate at which the local 
temperature changes is known as the temporal temperature gradient. 
Dynamic load changes do not generate stress levels that cause imme-
diate damage, but the PEN structure experiences fatigue over time due 
to long-term dynamic load stresses [13].

1.2. Control strategies

The amount of thermal stress the SOFC experiences depends on the 
manner of operation. The operational envelope of the SOFC comprises 
a set of steady-state operating points spanning the SOFC system’s power 
range. The choice of these points and the way the system is dynamically 
operated from one point to another determine the occurrence of local 
hotspots and the magnitude of spatial/temporal temperature gradi-
ents experienced by the SOFC [9]. Therefore, choosing an appropriate 
control strategy is crucial for safely operating the SOFC.

Initial research aimed at steady-state control of the SOFC at a 
predefined setpoint for grid applications [8]. The controllers stabilise 
the conversion process, ensuring the operation remains within a small 
range around the setpoint. The temperature, fuel and air utilisation re-
main relatively constant, so additional safety measures are not needed 
for these limits. When designing for dynamic load tracking, the control 
strategy is often split into power control [14,15] and temperature 
management [16]. Proportional–Integral–Derivative (PID) control is com-
monly investigated in this research. Safety limits are only taken into 
account through proper controller tuning and input saturation [17]. 
Some of these thermal management strategies include consideration of 
spatial temperature gradients. For instance, Fardadi et al. [17] designed 
an 𝐻∞-controller to minimise variations of the temperature distribution 
from a nominal distribution.

As transient performance demands grow, the operating constraints 
become increasingly critical, and power and thermal management must 
be addressed together. Sequential loop-shaping methods are employed 
in [18,19] based on PID control, and MPC methods are discussed 
in [20–22]. The advantage is that MPC naturally addresses the coupling 
in power and thermal management. Furthermore, MPC can account 
for hard constraints, thereby addressing the tight operating space and 
critical constraints of the SOFC system.

Despite its significance, thermal stress-aware operation remains 
inadequately addressed. Most existing works do not address thermal 
stress and rely on lumped-parameter models for control design, which 
fail to capture local thermal behaviour and associated stress. In prac-
tice, strategies rely on a Current-Ramping Limit (CRL) to prevent ex-
cessive thermal stress, which leads to the well-known issue of poor 
dynamic load response [6]. In an earlier work, a temperature-rate 
constraint based on a lumped model is used. While this addresses 
the peak local temperature and reduces thermal stress from rapid 
temperature changes, it does not directly act on the temporal or spatial 
temperature gradients [23]. Jie et al. [24] and Xia et al. [25] use spa-
tially distributed models and constrain both the local peak temperature 
and the spatial temperature gradient, thereby preventing the resulting 
thermal stress from exceeding critical limits. However, this approach 
overlooks long-term fatigue effects. While brief stress exceedances may 
not be immediately critical, sustained or repeated stresses still lead to 
mechanical damage over time [13]. Additionally, although earlier work 
has suggested that lowering spatial temperature gradients can reduce 
electrical efficiency due to higher cooling-air demand [26], any specific 
trade-offs have not yet been examined in detail.

Finally, the temporal temperature gradient has received little atten-
tion, even though it strongly affects the transient power response. Safe 
limits on local temperature and its gradients are rarely defined, largely 
because they are difficult to measure, which makes it challenging 
to design thermal stress-aware control strategies. Nevertheless, with 
spatially distributed models and knowledge of the system’s operating 
envelope and response, it is possible to estimate a maximum allowable 
temperature and gradient [11].

1.3. Contribution

This research develops a thermal stress-aware MPC strategy that 
explicitly limits thermal stress by addressing local hotspots, spatial and 
temporal temperature gradients. Specifically, this work proposes to:
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• Design an MPC framework based on a spatially distributed SOFC 
prediction model, allowing the local temperature and both tem-
poral and spatial temperature gradients to be represented within 
the constraints and cost function.

• Investigate how spatial and temporal temperature gradients de-
velop across the SOFC stack and identify which parts of the PEN 
structure are most exposed to high thermal stresses.

• Assess to what extent the proposed MPC strategy reduces thermal 
stress compared to the conventional CRL.

• Evaluate the broader impact of thermal stress-aware operation on 
the dynamic load-response capability and overall efficiency of the 
SOFC system.

1.4. Outline

The methods are described in Sections 2–6. The time-dependent 
thermal stress Key Performance Indicators (KPIs) based on spatial and 
temporal temperature gradients are established in Section 2. Section 3 
presents the SOFC system and describes the modelling of its various 
components. A time-scale–approximated prediction model is developed 
in Section 4, followed by the baseline MPC formulation. The vari-
ous approaches for incorporating thermal stress considerations into 
the baseline MPC are presented in Section 5. Section 6 provides the 
implementation details of both the MPC strategy and the associated 
models. In Section 7, the proposed MPC strategy is evaluated through 
simulations and compared against a CRL-MPC approach with the results 
analysed and discussed. Finally, Section 8 concludes this paper and 
offers recommendations for future work.

2. Thermal stress performance indicators

Prior to discussing the models and proposed control strategies, KPIs 
are defined to evaluate the performance of the control strategies with 
respect to thermal stress, load-following capability, and efficiency. In 
prior work, the maximum gradients occurring over a simulation are 
constrained in the control strategy [24] and analysed as a performance 
indicator [23]. This approach is valid if the primary focus is a sudden 
failure of the SOFC due to exceeding critical limits. Although these 
critical limits are definitely present, they are not the only sources of 
failure in the SOFC system. In the long term, fatigue and degradation 
also play a crucial role. These effects accumulate over time and are 
location-dependent. Ideally, one would be able to quantify mechani-
cal stress, fatigue, probability of failure or degradation. However, a 
1D spatial model is insufficient for a comprehensive understanding 
of mechanical stress, as the 3D geometry typically plays a key role, 
requiring in-depth finite element modelling with thermal–mechanical 
coupled dynamics [27]. These types of models are computationally 
intensive, making them inherently unsuitable for control purposes. 
As an approximation, this work proposes integrating the temperature 
gradients quadratically over time as a performance indicator of the 
thermal stress at a specific location of the PEN structure. A quadratic 
function is chosen to emphasise the impact of higher gradients. The 
temporal temperature gradient is the time derivative of the temperature 
in the active PEN structure (𝑑𝑇PEN(𝑡, 𝑙)∕𝑑𝑡). The spatial temperature 
gradient is defined as the temperature change over the spatial dimen-
sion (𝑑𝑇PEN(𝑡, 𝑙)∕𝑑𝑙). Here 𝑇PEN(𝑡, 𝑙) is the PEN temperature in the active 
area, 𝑡 and 𝑙 are the time and spatial dependency, respectively. The KPIs 
for the thermal stress due to the accumulated temporal temperature 
gradient (∇t𝑇 (𝑙)) and the accumulated spatial temperature gradient 
(∇l𝑇 (𝑙)) are formulated as

∇t𝑇 (𝑙) ∶=
1

𝑡sim∇t𝑇 ∫

𝑡sim

𝑡=0

(

𝑑𝑇PEN(𝑡, 𝑙)
𝑑𝑡

)2
𝑑𝑡, (1)

∇l𝑇 (𝑙) ∶=
1

𝑡sim∇l𝑇 ∫

𝑡sim

𝑡=0

(

𝑑𝑇PEN(𝑡, 𝑙)
𝑑𝑙

)2
𝑑𝑡, (2)

with 𝑡sim as the total simulation time. These stress KPIs are evaluated 
along the active PEN area, which extends over a length 𝐿 and the KPIs 
are normalised with respect to the maximum KPIs ∇t𝑇  and ∇l𝑇 .

The main objective of the SOFC is to deliver the requested power 
(𝑟P(𝑡)), which is captured as 

𝛱 ∶= 1 −
∫ 𝑡sim
𝑡=0

|

|

𝑟P(𝑡) − 𝑃EPC(𝑡)||
𝜎p

𝑑𝑡, (3)

where 𝑃EPC(𝑡) is the electrical power that comes out of the power con-
verter. The tracking error norm is normalised by 𝜎p = ∫ 𝑡sim

𝑡=0
|

|

|

𝑟P(𝑡) − 𝑟̄p
|

|

|

𝑑𝑡, 
such the median of the power reference (𝑟̄p) is the static value that 
minimises this norm. As a result, 𝛱 is close to 1 for a perfect power 
match and approaches 0 when 𝑃EPC(𝑡) = 𝑟̄p. A negative KPI means that 
the dynamic load response performs worse than the best static power.

The overall efficiency (𝜂̄) at which the system produces electricity 
is defined as 

𝜂̄ ∶=
∫ 𝑡sim
𝑡=0 𝑃EPC𝑑𝑡

∫ 𝑡sim
𝑡=0 𝛥𝐻̄LHV𝑛̇f𝑑𝑡

, (4)

with 𝑛̇f  as the molar fuel flow and 𝛥𝐻̄LHV as the lower heating value 
of the fuel at the inlet of the system. The output power (𝑃EPC(𝑡)) is the 
electrical SOFC stack power minus the power of both blowers and losses 
in the power converter.

3. SOFC system model

To evaluate the presented KPIs, the SOFC system model is in-
troduced in this section. This work considers a generic stand-alone 
SOFC system as presented in [23]. The system includes an SOFC stack, 
two blowers, two heat exchangers, a burner, and an electrical power 
converter, and is configured as illustrated in Fig.  1. The two blowers 
regulate the mass flow of both fuel and air. The heat exchangers pre-
heat the mass flows before they enter the SOFC stack, and the electrical 
power converter determines the electrical current drawn from the 
system. The burner increases the useable heat in the heat exchangers 
and ensures that no fuel remains in the exhaust. As the system does not 
contain any Anode Off-Gassing Recirculation (AOGR) or pre-reforming, 
a partially reformed methane mixture is pre-calculated, based on an 
AOGR SOFC system with an allothermal pre-reformer for a single pass 
fuel utilisation of 0.75 [–], a recirculation ratio of 0.65 [–], an oxygen-
to-carbon ratio of 2.4 [–] and a reforming equilibrium temperature of 
752.15 [K]. This results in an inlet composition of CH4 12.33%, CO2 
26.96% CO 2.26%, H2O 40.57% and H2 17.88%.

This paper provides a general description of the system. Detailed 
modelling equations for the Balance of Plant (BOP) components can be 
found in [18,19,23], and the SOFC stack itself is modelled using the 1D 
spatially distributed model described in [28]. Furthermore, a summary 
of the modelling equations for the BOP and SOFC stack is provided 
in the supplementary material: SOFC system dynamics, Section 1. The 
blower dynamics are described by a first-order state–space model that 
relates the motor torque input (𝑢𝜏 (𝑡)) to the blower rotational speed 
(𝜔(𝑡)), which in turn determines the mass flow rate (𝑛̇(𝑡)) [18]. The 
blower power is determined via ideal compression work as in [29]. It 
is assumed that the SOFC system controller interfaces with a lower-
level mass flow controller, where the blower inertia sets the dominant 
time constant of that control loop. Heat exchangers are modelled using 
three control volumes: one for the cold fuel or air stream, one for the 
hot exhaust gas, and one representing the separating wall [18]. Heat is 
transferred from the hot exhaust gases to the wall and subsequently 
from the wall to the cold inlet stream by conduction. The thermal 
dynamics of each control volume are governed by enthalpy balance 
equations, including heat losses to the environment. The burner is 
modelled as a single control volume, with all remaining fuel assumed to 
combust adiabatically [30]. The resulting temperature dynamics (𝑇b(𝑡)) 
are determined by an enthalpy balance that includes environmental 
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Fig. 1. (a) Stand alone generic SOFC system as presented in [23]. (b) MPC and closed-loop connection with the system.

heat losses. The electrical power converter operates on a time scale 
several orders of magnitude faster (on the order of microseconds) than 
the thermal dynamics of the SOFC system. Consequently, its behaviour 
is approximated using averaged dynamics that include resistive load 
losses [30]. To match the time scale of interest for system-level control, 
the current response (𝑖(𝑡)) is further filters the requested current (𝑢i(𝑡)) 
using a low-pass filter.

The SOFC stack is modelled in detail using a one-dimensional spatial 
representation along the flow direction, in accordance with [28], and 
represents the co-flow electrolyte-supported Staxera/Sunfire ISM V3.3 
short stack. The stack is discretised along the spatial dimension 𝑙
into multiple control volumes, each consisting of four layers: the fuel 
channel, the PEN structure, the air channel, and the interconnect. 
Within each control volume, enthalpy balance equations describe the 
temperature dynamics of the fuel and air channel (𝑇f (𝑡, 𝑙), 𝑇a(𝑡, 𝑙)), the 
PEN structure (𝑇PEN(𝑡, 𝑙)) and the interconnect (𝑇IC(𝑡, 𝑙)). The PEN struc-
ture consists of an active region where the chemical reaction occurs, 
and inactive regions on both sides. The active region is discretised into 
five control volumes, while each inactive region is discretised into two 
control volumes, resulting in a total of nine control volumes for the 
SOFC stack. The spatial gradients are determined in each control vol-
ume via finite difference. Mass balance equations capture the evolution 
of molar species concentration in both the fuel (𝜒f (𝑡, 𝑙)) and air channels 
(𝜒a(𝑡, 𝑙)). In addition, electrochemical relations are used to determine 
the current density distribution (𝐽PEN(𝑡, 𝑙)) for a uniform cell voltage 
( 𝑑𝑈cell(𝑡,𝑙)

𝑑𝑙 = 0) and corresponding total current 𝑖(𝑡) = ∫ 𝐿
0 𝐽PEN(𝑡, 𝑙)𝑑𝑙. 

In [28], the 1D spatial SOFC model is validated by means of current 
power curves from manufacturers’ data for various fuel compositions 
and the spatial distribution of the reaction rates is validated with a 3D 
CFD model. Both show the validity of the SOFC stack model. Further 
details on the stack model equations and parametrisation can be found 
in [28] as well.

The overall system is described as a continuous-time, nonlinear 
index-1 Differential Algebraic Equations (DAE) system as 

𝛴̃sim ∶

⎧

⎪

⎨

⎪

⎩

̇̃𝑥(𝑡) = 𝑓 (𝑥̃(𝑡), 𝑧̃(𝑡), 𝑢(𝑡))
0 = 𝑔(𝑥̃(𝑡), 𝑧̃(𝑡))

𝑦(𝑡) = ℎ(𝑥̃(𝑡), 𝑧̃(𝑡))
, (5)

where 𝑥̃(𝑡) ∈ Rn
x is the composite differential state vector, i.e., 𝑥̃(𝑡) ∶=

[𝜔⊤(𝑡), 𝑇 ⊤
HEX(𝑡), 𝑇

⊤
b (𝑡, 𝑙), 𝑇 ⊤

SOFC(𝑡, 𝑙), 𝜒
⊤
SOFC(𝑡), 𝑖(𝑡)]

⊤, with 𝜔(𝑡) comprising 
the states of both the fuel and air blower and 𝑇HEX representing the 
temperatures of both the fuel and air heat exchanger. Furthermore, 
𝑧̃(𝑡) ∈ R𝑛𝑧  is the algebraic state vector, consisting of 𝐽PEN(𝑡, 𝑙), 𝑢(𝑡) ∈ Rn

u
is the input vector defined as 𝑢(𝑡) ∶= [𝑢𝜏,f (𝑡), 𝑢𝜏,a(𝑡), 𝑢i(𝑡)]⊤, and the 
output vector is defined as 𝑦(𝑡) ∶= [𝜇f (𝑡), 𝑇a(𝑡, 0), 𝑇a(𝑡, 𝐿), 𝑃EPC(𝑡)]⊤. 𝑓
captures the differential equations, 𝑔 represents the algebraic equations 
and ℎ captures the output equation. Due to the spatial discretisation, 
the variables that depend on 𝑙 become a vector within the state vectors, 
eliminating the explicit dependence on 𝑙 in the system description.

4. Baseline MPC

The proposed MPC strategies consist of a baseline formulation, 
introduced in this section, and additional thermal stress–aware con-
straints and cost terms, which are incorporated into this baseline in the 
next section. The MPC solves an Optimal Control Problem (OCP) at each 
time step. The OCP is a general optimisation problem consisting of a 
cost function, equality constraints and inequality constraints. The cost 
function defines the system’s desired behaviour. For the SOFC system, 
this means that the output 𝑦(𝑡) tracks the setpoint 𝑟(𝑡) while rapid state 
changes are discouraged by penalising the state derivative. The system 
dynamics are captured in the prediction model and incorporated into 
the equality constraints along with the initial states. The inequality 
constraints define the feasible operating region.

4.1. Prediction model

The prediction model represents the system dynamics within the 
OCP and should accurately reflect the SOFC system model of Section 3. 
Since it is evaluated on a fixed time grid, the dynamics must match the 
grid’s timescale. A horizon of at least 100 [s] with a resolution of sec-
onds is required to capture both rapid local PEN temperature changes 
and long-term PEN temperature evolution. However, the SOFC system 
model 𝛴̃sim includes much faster dynamics that cannot be integrated 
accurately on such a time grid. These fast states, the molar gas species 
(𝜒f (𝑡, 𝑙), 𝜒a(𝑡, 𝑙)) and the gas channel temperatures (𝑇f (𝑡, 𝑙), 𝑇a(𝑡, 𝑙)), are 
therefore assumed to converge instantaneously. The corresponding dif-
ferential equations are set to steady state, and are treated as algebraic 
equations. Since the algebraic species concentrations are uniquely de-
termined by the current density (𝐽PEN(𝑡, 𝑙)) and the molar reaction rates 
(𝑟MSR(𝑡, 𝑙), 𝑟WGS(𝑡, 𝑙)), the reaction rates are used as algebraic variables 
instead of 𝜒f (𝑡, 𝑙), 𝜒a(𝑡, 𝑙), yielding a minimal and linearly independent 
set of algebraic equations. An overview of these derivations for the pre-
diction model is provided in the supplementary material: SOFC system 
dynamics, Section 1.7. This assumption limits the model’s validity to 
situations where the current changes significantly more slowly than 
the approximated time scales. If the current varies at comparable or 
faster rates, the model no longer holds. The low-pass filter in the elec-
trical power converter mitigates this issue by suppressing such rapid 
variations. The resulting prediction model is an index-1 continuous-
time DAE system with state vector 𝑥(𝑡) and algebraic vector 𝑧(𝑡), and 
evaluated in the OCP in implicit form as 

𝛴MPC ∶
{

0 = 𝐹 (𝑥̇(𝑡), 𝑥(𝑡), 𝑧(𝑡), 𝑢(𝑡))
𝑦(𝑡) = 𝐻(𝑥(𝑡), 𝑧(𝑡))

. (6)

4.2. Collocation

In the OCP, the DAE system given by (6) is integrated using an 
implicit collocation method over a time grid containing one point per 
sampling instant, with each interval subdivided by Gauss–Legendre 
collocation points [31]. The number of collocation points (𝑛t) and the 
sampling time are parameters that determine the integration accuracy, 
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Fig. 2. Open-loop system simulation of the simulation model 𝛴̃sim and pre-
diction model 𝛴MPC integrated with ode15s and a maximal time-step of 0.1 
[s]. The spatial PEN temperature distribution is depicted as a time-varying 
temperature region.

Fig. 3. Validation of the prediction model in the state norm comparing the 
integration accuracy of the collocation-based prediction model and the DAE 
simulation model as a function of (a) sampling times and collocation points, 
and (b) the resulting number of integration variables per second of prediction 
horizon in the optimal control problem.

control flexibility and the number of optimisation variables. The pre-
diction model is validated against the original simulation model 𝛴̃sim, 
which is integrated with ode15s with a maximum step size 0.1 [s] in 
a 5000 s open-loop simulation with various setpoints, yielding 5 ⋅ 104

data points. Simulated under the same conditions, the prediction model 
shows good agreement with the simulation model (Fig.  2) and achieves 
a state-error norm of ‖𝑥̃(𝑡)−𝐷(𝑥(𝑡), 𝑧(𝑡))‖22 = 4.0 ⋅10−7. Here, 𝐷(𝑥(𝑡), 𝑧(𝑡))
maps the prediction-model states to the simulation-model states and 
contains system equations. The prediction model is integrated using 
the collocation method for 𝑡s ∈ 0.5, 1, 2, 5 [s] and 𝑛t ∈ 1, 2, 3, 4, 5. Fig. 
3(a) shows the state-error norm, illustrating convergence to ode15s
accuracy as 𝑛t increases. Fig.  3(b) highlights how sampling time and 
number of collocation points affect the number of integration variables 
in the OCP. In general, a larger sampling time with more collocation 
points provides similar accuracy with fewer optimisation variables but 
reduces control flexibility since the input is held constant over each 
sampling interval.

4.3. Safety constraints

Bounds on the states and inputs are applied according to the valid 
operating range of the system. Additional safety-related operational 
constraints are included as listed in Table  1. Upper bounds are placed 

Table 1
Safety constraints for the SOFC system applied in the baseline MPC, as given 
in the operating manual [32].
 Constraint
name

Symbol Value Unit 

 Fuel utilisation 𝜇f (𝑡) ≤0.80 [–]  
 Air utilisation 𝜇a(𝑡) ≤0.60 [–]  
 Fuel-to-air
equivalence ratio

𝜙FAR(𝑡) ≤0.50 [-]  

 PEN temperature 𝑇PEN(𝑡, 𝑙) ≥923
≤1133

[K]  

 Cell voltage 𝑈cell(𝑡) ≥0.6 [V]  

on the fuel utilisation (𝜇f (𝑡)), the fuel-to-air equivalence ratio (𝜙FAR(𝑡)) 
and various thermal stress constraints as discussed in Section 5. The 
air-utilisation constraint is omitted because it is implicitly enforced 
through the combination of the fuel-utilisation limit and the fuel-to-air 
equivalence ratio. The fuel utilisation is a fraction and therefore can be 
represented exact in linear form as 
𝑖(𝑡) − 𝜇̄f𝑎𝜇 𝑛̇f (𝑡) ≤ 0, (7)

with 𝜇̄f  as the maximum fuel utilisation and 𝑎𝜇 as a stoichiometric 
conversion coefficient from molar fuel flow to current. Similarly, the 
Fuel-to-Air equivalence ratio constraint is given as 
𝑛̇f (𝑡) − 𝜙̄FAR𝑎𝜙𝑛̇a(𝑡) ≤ 0, (8)

with 𝜙̄FAR as the maximum fuel-to-air equivalence ratio and 𝑎𝜙 as 
a stoichiometric conversion coefficient from molar air flow to molar 
fuel flow. All constraints are given as linear half-space constraints, 
resulting in the feasible operation regions  ∶=

{

𝑥(𝑡) |
|

𝐺⊤
x 𝑥(𝑡) ≤ 𝑏x

}

, 
 ∶=

{

𝑢(𝑡) |
|

𝐺⊤
u 𝑢(𝑡) ≤ 𝑏u

} and 𝛿 ∶=
{

𝑥̇(𝑡) ||
|

𝐺⊤
x𝛿
𝑥̇(𝑡) ≤ 𝑏x𝛿

}

.

4.4. Cost function

The cost function (𝐽 (⋅)) is given as a combination of tracking cost 
(𝐽e(⋅)) and cost on the state derivative (𝐽𝛿(⋅)) as 
𝐽
(

𝑟𝑡, 𝑥̇𝜏∣𝑡, 𝑥𝜏∣𝑡, 𝑧𝜏∣𝑡
)

= 𝐽e(𝑟𝑡, 𝑥𝜏∣𝑡, 𝑧𝜏∣𝑡) + 𝐽𝛿(𝑥̇𝜏∣𝑡), (9)

with the quadratic tracking cost as 
𝐽e(𝑟𝑡, 𝑥𝜏∣𝑡, 𝑧𝜏∣𝑡) = ‖𝑟𝑡 −𝐻(𝑥𝜏∣𝑡, 𝑧𝜏∣𝑡)‖2𝑆 , (10)

with output reference setpoint 𝑟𝑡 and the positive definite weighting 
matrix 𝑆. The cost on the state derivative is quadratic as well 

𝐽𝛿(𝑥̇𝜏∣𝑡) =

⎡

⎢

⎢

⎢

⎢

⎣

𝑥̇u
𝑥̇BOP
𝑇̇PEN
𝑇̇IC

⎤

⎥

⎥

⎥

⎥

⎦

⊤
⎡

⎢

⎢

⎢

⎢

⎣

𝑄1 0 0 0
0 𝑄2 0 0
0 0 𝑄3 0
0 0 0 𝑄4

⎤

⎥

⎥

⎥

⎥

⎦

⎡

⎢

⎢

⎢

⎢

⎣

𝑥̇u
𝑥̇BOP
𝑇̇PEN
𝑇̇IC

⎤

⎥

⎥

⎥

⎥

⎦

, (11)

with 𝑥̇𝑢(𝑡) = [𝜔̇⊤(𝑡), 𝑖̇(𝑡)]⊤, 𝑥̇BOP = [𝑇̇ ⊤
HEX(𝑡), 𝑇̇b(𝑡)]

⊤ and the positive 
definite weighting matrices 𝑄𝑘 = 𝑞𝑘𝐼 for 𝑘 = {1, 2, 3, 4}, with 𝐼 as 
identity matrix of suitable dimension, accounting for various options 
to tune the MPC.

4.5. Optimal control problem

The OCP is formulated in continuous time following the standard 
formulation as 

min
𝑥⋅∣𝑡 ,𝑢⋅∣𝑡 ∫

𝑡h

0
𝐽
(

𝑟𝑡, 𝑥̇𝜏∣𝑡, 𝑥𝜏∣𝑡, 𝑧𝜏∣𝑡
)

𝑑𝜏, (12a)

s.t. 0 = 𝐹
(

𝑥̇𝜏∣𝑡, 𝑥𝜏∣𝑡, 𝑧𝜏∣𝑡, 𝑢𝜏∣𝑡
)

, (12b)

𝑥𝜏∣𝑡 ∈  , (12c)

𝑢𝜏∣𝑡 ∈  , (12d)

𝑥̇𝜏∣𝑡 ∈ 𝛿 , (12e)
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𝑥0∣𝑡 = 𝑥(𝑡), (12f)

𝜏 ∈ [0, 𝑡h], (12g)

with 𝑡h as the prediction horizon, and 𝜏 as the time prediction index. 
This formulation represents a setpoint-tracking OCP in which only the 
current setpoint reference is known and assumed to remain constant 
over the prediction horizon.

The state derivative can be expressed as a linear combination of the 
collocation points and the shooting node, making the cost 𝐽𝛿(𝑥̇𝜏|t ) and 
constraint 𝑥̇𝜏|t ∈ 𝛿 effectively state-dependent.

5. Thermal stress awareness

Both the spatial and temporal temperature gradients in the SOFC 
stack cause thermal stress, as discussed in the introduction. Extending 
the baseline MPC formulation, this section introduces cost terms and 
constraints for several thermal stress–aware MPC formulations, either 
addressing the temporal or spatial temperature gradients.

5.1. Spatial temperature gradient constraint (STGC)

The first MPC variation accounts for thermal stress by constraining 
the spatial temperature gradient as 

𝛿l𝑇
− ≤

𝑑𝑇 PEN(𝑡, 𝑙)
𝑑𝑙

≤ 𝛿l𝑇
+, (13)

with 𝛿l𝑇 − and 𝛿l𝑇 + as the minimum and the maximum spatial con-
straint. This introduces additional constraints in the compact set  . 
There are no constraints on the derivative (𝛿 = Rn

x). Cost is imposed 
on the input (𝑞1) and BOP state (𝑞2) derivatives, but not explicitly on 
the local temperature variations inside the SOFC stack as 𝑞3 = 0 and 
𝑞4 = 0.

5.2. Current ramping limit (CRL)

The current ramping limit reflects standard practice, assuming that 
the SOFC stack’s spatial distribution is unknown. Therefore, the current 
ramping rate is limited as 
𝛿 ∶= 𝛿t 𝑖

− ≤ 𝑖̇(𝑡) ≤ 𝛿t 𝑖
+, (14)

with 𝛿t 𝑖− and 𝛿t 𝑖+ as the minimum and the maximum limit, respec-
tively. A cost is imposed on the input (𝑞1) and the BOP state (𝑞2) deriva-
tives, while no cost is assigned to the spatially distributed temperatures 
(𝑞3 = 0, 𝑞4 = 0).

5.3. Temporal temperature gradient constraint (TTGC)

The first proposed option to limit the time-dependent thermal stress 
is to constrain the local temporal temperature gradient as 
𝛿 ∶= 𝛿t𝑇

− ≤ 𝑇̇PEN(𝑡) ≤ 𝛿t𝑇
+, (15)

with 𝛿t𝑇 − and 𝛿t𝑇 + as the minimum and the maximum constraint, 
respectively. The state-derivative costs 𝑞1 and 𝑞2 are employed. No 
further cost is given to the spatially distributed temperatures (𝑞3 =
0, 𝑞4 = 0).

5.4. Temporal temperature gradient cost (TTGQ)

The second proposed strategy to limit the time-dependent thermal 
stress involves an additional cost associated with the temporal temper-
ature gradient in the PEN structure. In addition to 𝑞1 and 𝑞2, a positive 
value is chosen for 𝑞3. 𝑞4 stays equal to zero. Furthermore, it can be 
beneficial to keep the constraints on the temporal temperature gradient 
but with more permissive bounds than for the TTGC. The values for 
these costs and constraints are given in Section 6.

6. Implementation

The SOFC system model and MPC formulations are implemented in
Matlab R2024b. The simulation model is integrated using ode15s for 
each time step.

The MPC strategies are implemented using the CasADi-3.7.0 tool-
box and the accompanying FATROP solver [33]. FATROP implements 
a nonlinear primal–dual interior-point algorithm that exploits the OCP 
structure [34]. A sampling time of 5 [s] with 4 collocation points 
is selected for the MPC prediction model, providing good accuracy 
with minimal OCP variables as shown in Section 4.2. This avoids an 
excessively large and slow OCP while maintaining adequate control 
flexibility. The horizon length is set to 100 [s] to capture the long-term 
temperature dynamics.

Table  2 summarises the various strategies as described in Sections 4
and 5. The results analyse the spatial and temporal temperature gradi-
ents separately. For the spatial gradient, four strategies are evaluated: 
Baseline, Baseline-25, STGC-25 and STGC-20. The Baseline is the MPC 
formulation as defined in Section 4 and tracks reference setpoints 
from the nominal operating curve. Baseline-25 follows the same MPC 
formulation, cost and constraints as the Baseline strategy. Only this 
strategy tracks setpoints that keep the spatial gradient below 25 [K/cm] 
in the associated steady-state. STGC-25 and STGC-20 enforce the spatial 
gradient constraint from Section 5.1 at 25 [K/cm] and 20 [K/cm], 
respectively, while tracking reference setpoints that are feasible within 
these limits. The weighting matrices (𝑆, 𝑄𝑘, 𝑘 ∈ 1, 2, 3, 4) are tuned per 
strategy to ensure fast power tracking and steady-state convergence, 
as shown in Table  3. The choice of these spatial temperature gradient 
limits is not based on material properties such as critical stress or 
fatigue limits, as these vary significantly across stacks and applications. 
Instead, these limits reflect the point at which a change of operating 
mode becomes necessary. This shows how the spatial temperature 
gradient can be reduced relative to nominal operation, regardless of 
stack- and application-specific limits.

The temporal temperature gradient is analysed using the CRL, TTGC 
and TTGQ strategies across a static reference setpoint scenario for the 
three cases Stat-1/2/3, with constraints that allow operation from slow 
to fast. The ramping limits for the CRL are doubled in each case: 
−𝛿t 𝑖− = 𝛿t 𝑖+ ∈ {1∕30, 1∕15, 1∕6} [A/s], where 1/30 [A/s] is the typical 
limit for the SOFC stack [32]. In addition, these strategies are also 
assessed under a dynamic reference-setpoint scenario for the slow case 
Dyn-4 −𝛿t 𝑖− = 𝛿t 𝑖+ = 1∕30 [A/s]. TTGC and TTGCQ limits are tuned 
to match the CRL strategy results, ensuring comparable power-tracking 
and temporal-gradient KPIs. The constraints specific to each case are 
given in Table  4. These weighting matrices are the same for each case 
and strategy, and are given as: 𝑞1 = 100, 𝑞2 = 1, 𝑞4 = 0, 𝑠 = (1, 0, 0.1, 10), 
𝑞3 = 0 for the CRL and TTGC strategies and 𝑞3 = 105 for the TTGQ 
strategy.

7. Results

The proposed MPC strategies are evaluated using the SOFC system 
simulation model and the defined KPIs. The results are presented in 
this section, beginning with the Baseline and STGC strategies, which 
assess spatial temperature gradients. Then the temporal temperature 
gradient is assessed through the evaluation of the CRL, TTGC and 
TTGQ strategies. These three strategies are first evaluated for the static 
setpoint reference cases Stat-1/2/3 and then for the dynamic setpoint 
reference case Dyn-4.

7.1. Spatial temperature gradients

The spatial temperature gradients result from variations in the 
temperature distribution within the SOFC. Although this distribution 
changes during transient operation, it is largely determined by the 
operating point. Consequently, the spatial temperature gradient can be 
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Table 2
Summary of the introduced MPC strategies, corresponding acronyms and for which scenarios the 
strategies are evaluated.
 Acronym Corresponding strategy Evaluation scenario  
 Baseline Baseline MPC as presented in Section 4 Spatial temperature

gradient

 
 Baseline-25 Baseline with adapted tracking setpoints  
 STGC Spatial temperature gradient constraint  
 CRL Current ramping limit Temporal temperature

gradient

 
 TTGC Temporal temperature gradient constraint  
 TTGQ Temporal temperature gradient cost  

Table 3
Weights used for the spatial temperature gradient MPC strategies with 
output weighting matrix 𝑆 = diag(𝑠), responding to the output 𝑦(𝑡) ∶=
[𝜇f (𝑡), 𝑇a(𝑡, 0), 𝑇a(𝑡, 𝐿), 𝑃EPC(𝑡)]⊤.
 Strategy 𝑞1 𝑞2 𝑞3 𝑞4 𝑠  
 Baseline 100 1 0 0 (1, 0, 0.1, 10)  
 Baseline-25 100 1 0 0 (1, 0, 0.1, 10)  
 STGC-25 10 1 0 0 (1, 100, 0, 10) 
 STGC-20 10 1 0 0 (1, 20, 0, 10)  

Table 4
Specific constraints and weights for CRL, TTGC and TTGQ MPC strategies per 
case.
 CRL TTGC TTGQ

 𝛿𝑡𝑖− 𝛿𝑡𝑖+ 𝛿𝑡𝑇 − 𝛿𝑡𝑇 + 𝛿𝑡𝑇 − 𝛿𝑡𝑇 + 𝑞3  
 Stat-1 ‧1∕30 1∕30 ‧0.11 0.11 ‧0.15 0.12 105 
 Stat-2 ‧1∕15 1∕15 ‧0.16 0.16 ‧0.16 0.16 105 
 Stat-3 ‧1∕6 1∕6 ‧0.25 0.19 ‧0.50 0.19 105 
 Dyn-4 ‧1∕30 1∕30 ‧0.08 0.08 ‧0.13 0.10 105 

represented in a steady-state operating map as shown in Fig.  4. The 
map shows the SOFC’s operational envelope and electrical efficiency. 
Each power level spans a range of spatial temperature gradients, high-
lighting the trade-off that reducing the spatial temperature gradient at 
a given power level also reduces the electrical efficiency. Conversely, 
reducing the gradient below 25 [K/cm] also limits the maximum 
achievable power. The four spatial temperature gradient operating 
strategies are indicated in the map. The Baseline strategy follows the 
maximum-efficiency setpoints and therefore exhibits the highest gra-
dients. Baseline-25 and STGC-25 operate along the same power curve 
but restrict the gradient to 25 [K/cm], resulting in a reduced efficiency. 
The STGC-20 strategy further limits the gradient to 20 [K/cm], which 
decreases both efficiency and the maximum attainable power.

The STGC strategies are dynamically evaluated in simulation by 
varying the power from 1470 [W] to its minimum of 700 [W] for 
800 [s], followed by stabilisation at the maximum power 1648 [W] 
for 2200 [s]. The results of these strategies are compared to the 
Baseline MPC in Fig.  5, with (a) the dynamic power tracking, (b) 
PEN temperature, (c) spatial temperature gradient, (d) Power tracking 
KPI, (e) efficiency KPI, and (f) spatial temperature gradient KPI, with 
the normalised PEN length on the 𝑦-axis and the KPI value on the 
𝑥-axis. These results demonstrate that the Baseline and Baseline-25 
MPC are unconstrained in the load-tracking response during both ramp-
down and ramp-up. The STGC-25 and STGC-20 are free to respond to 
ramping down and to ramping up until 1450 [W]. The temperature 
then increases until the STGC is reached, at which point the power 
has to be reduced. Finally, both temperature and power are gradually 
increased in compliance with the STGC to the maximum achievable 
power. The Baseline-25 strategy reaches the same power as the Baseline 
but limits the setpoint spatial temperature gradient to 25 [K/cm]. 
Because this strategy is unconstrained, it first overshoots the limit 
during the transient, reaching 29 [K/cm]. It also achieves slightly faster 
load-tracking performance than the Baseline, as the reference setpoint 
prescribes a higher temperature at minimum power. The STGC-25 

Fig. 4. Static operating map of the SOFC system, highlighting the achievable 
efficiency for a certain power and a spatial temperature gradient with the 
steady-state operating envelope of the spatially constrained MPC policies.

strategy eventually reaches the same maximum power as the Baseline. 
However, increasing the overall temperature of the SOFC stack under 
the spatial gradient constraint takes over 1000 [s]. As a result, the STGC 
restricts the available power for fast ramp-ups. Furthermore, the SOFC 
stack operates at a slightly lower overall efficiency of 52.7% instead 
of 53.47% as highlighted by the KPI. The STGC-20 strategy exhibits 
reduced maximum power and efficiency due to further restrictions 
on the spatial constraints, achieving 1529 [W] with an efficiency of 
48.6%. As expected, the Baseline shows the highest spatial temperature 
gradient KPI. The Baseline-25 and STGC-25 perform similarly, with 
Baseline-25 only marginally higher, while STGC-20 achieves the lowest 
KPI. The highest spatial temperature gradient KPI occurs between 
60%–80% of the PEN length. Endothermic methane reforming cools the 
inlet region, while exothermic hydrogen-oxidation and water–gas-shift 
reactions heat the downstream section. The interaction between these 
cooling and heating zones produces the maximum spatial stress.

Since the STGC strategies must operate dynamically within the 
spatial temperature gradient, achieving maximum power with them is 
difficult. Therefore, it takes a considerable time to reach the maximum 
power. Nevertheless, the spatial gradient constraint primarily affects 
the steady-state operating setpoint since most of the dynamic load 
response remains unconstrained. To achieve a similar power level while 
maintaining a lower spatial temperature gradient, the heat generated 
in the stack is dissipated using a hotter airflow. This higher air tem-
perature is achieved by combusting more fuel in the burner while 
maintaining the same level of heat dissipation by increasing the air flow 
rate. As a result, electrical efficiency is reduced as illustrated in Fig.  5. 
The system ultimately cannot dissipate all generated heat through the 
airflow while maintaining the specified spatial temperature gradient, 
resulting in a reduced maximum power.

Although the reported maximum spatial temperature gradient in 
these results might seem high for some SOFC stacks, these results are 
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Fig. 5. Dynamic operation of the SOFC, with the STG strategies, for a ramp-down, ramp-up scenario, showing the (a) electrical power tracking, (b) PEN 
temperature distribution, (c) the spatial temperature gradient and (d–f) the corresponding KPIs with the KPI values shown on the 𝑥-axis, and either the control 
strategies (d–e) or the spatial dimension (f) on the y-axis.

Fig. 6. Comparison of the TTGC, TTGQ with the CRL MPC strategies for case 
Stat-1, showing the dynamic behaviour of the (a) power, (b) efficiency, (c) 
spatial and (d) temporal temperature gradient.

consistent with those shown in [11,28]. Furthermore, the model is 
based on a Staxera stack ISM V3.3, which is known to have a high 
tolerance for temperature differences [32].

7.2. Temporal temperature gradient

The CRL, TTGC and TTGQ strategies are first evaluated using a 
simulation scenario similar to the previous scenario. The load response 
is tested by varying the power from 1470 [W] to its minimum for 
800 [s] and to the maximum for 1500 [s]. The CRL, TTGC and TTGQ 
strategies are evaluated in this scenario for the three cases Stat-1/2/3 
and will be discussed next.

The simulation results for case Stat-1 are presented in Fig.  6, show-
ing the (a) power tracking, (b) electrical efficiency, (c) spatial tem-
perature gradient, and (d) temporal temperature gradient. The CRL 
strategy optimises load response within the current ramping limits. The 
TTGC strategy optimises power tracking while respecting the temporal 
temperature gradient constraints. The TTGQ strategy balances temporal 

temperature gradients and power tracking performance in the cost 
function. The respective derivative constraints limit the load ramp-
up until the maximum fuel-to-air equivalence constraint is reached, 
after which the power and temperature are increased more slowly. The 
maximum power setpoint is therefore reached simultaneously, but the 
TTGC ramps up and down significantly faster before this constraint is 
reached. The temporal temperature gradient clearly responds to the 
dynamic load changes. For the TTGC, the constraint is directly met 
when the power is changed, maximising the load-tracking response. 
For CRL, the temporal temperature gradient steadily increases as the 
current is ramped up, and the TTGQ follows this ramp until the relaxed 
TTGC maximum is reached. The spatial temperature gradient and 
efficiency are mostly determined by the tracking setpoint, as discussed 
in Section 7.1, while small variations are observed during transient 
operation.

The power tracking and temporal temperature gradient KPIs for all 
static setpoint cases are presented in Fig.  7. Analysing the KPIs for the 
case Stat-1 shows that the TTGC strategy achieves the fastest load re-
sponse, resulting in a higher load-tracking KPI than the TTGQ and CRL 
strategies. The TTGQ’s load-tracking KPI performs slightly better than 
the CRL’s KPI. The cumulative temporal temperature gradient indicates 
that most thermal stress occurs in the last active control volume of 
the SOFC stack. The highest PEN temperature in the stack typically 
occurs at this location. Consequently, this is where temperatures change 
the most during dynamic temperature fluctuations. The CRL strategy 
exhibits the highest temporal stress KPI, while the TTGC and TTGQ 
strategies reduce the temporal stress KPIs by 15.50% and 18.00%, 
respectively. In the first two active control volumes, the TTGC and 
TTGQ strategies increase the temporal stress KPI by 7.62% and 3.97%, 
respectively, trading a small increase in stress in less critical control 
volumes for a reduction in stress in the more critical control volumes. 
The spatial gradient KPI and efficiency do not exhibit structural differ-
ences between the MPC strategies and are therefore omitted from the 
figure.

In case Stat-2, the constraints are tightened as specified in Table  4, 
which leads to an improved load-tracking response as confirmed by the 
power-tracking KPIs for case Stat-2 in Fig.  7. The temporal temperature 
gradient KPI represents the KPI value on the 𝑥-axis and the normalised 
PEN length on the 𝑦-axis. The TTGC strategy is tuned to achieve the 
fastest load response, whereas the TTCQ and CRL strategies exhibit 
comparable load-tracking performance. The difference in the load-
tracking KPI between the CRL and TTGC strategies amounts to 11.72%. 
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Fig. 7. Comparison of the (a, c, e) power tracking and (b, d, f) temporal 
temperature gradient KPIs for the CRL, TTGC, and TTGQ MPC strategies. Each 
row corresponds to cases Stat-1–3, while the KPIs are arranged by column. The 
KPI values are shown on the 𝑥-axis, and either the control strategies (a, c, e) 
or the spatial dimension (b, d, f) on the 𝑦-axis. The dashed grey line in the 
power-tracking KPI indicates the shared reference.

The TTGC strategy continues to impose more stress at the beginning of 
the active PEN length (4.37%) than the CRL strategy, while inducing 
less stress at the end of the active PEN length (8.08%). In case Stat-2, 
the TTGC strategy exhibits a less favourable trade-off between load-
tracking response and accumulated temporal stress compared to case 
Stat-1. The TTGQ strategy reduces the accumulated temporal stress in 
the final control volume by 27.03% relative to the CRL strategy.

Case Stat-3 further increases the dynamic load response. While the 
load-tracking performance is now relatively similar across all strategies, 
the TTGC and TTGQ perform 1.55% and 5.13% better, respectively, 
than the CRL strategy. Where the TTGC and TTCQ reduce the accumu-
lated temporal stress in the last control volume by 13.54% and 34.33%, 
respectively, compared to the CRL strategy.

The second scenario evaluates practical performance via a dynamic 
load profile. Case Dyn-4 uses a dynamic load profile that combines 
harmonics with a step reference, resulting in a reference that alter-
nates between fast and slower changes. The CRL, TTGC and TTGQ 
are simulated for this scenario to show how changing the load profile 
impacts the results. To make the results comparable with those of the 
CRL strategy, the constraints of the TTGC and TTGQ strategies must be 
adjusted so that the power-tracking KPI and the accumulated temporal 
gradient are comparable to those of the CRL strategy.

The results of the dynamic load-tracking scenario are shown in 
Fig.  8, with (a) power tracking, (b) power tracking KPI, (c) temporal 
temperature gradient KPI and (d) MPC computation time statistics. The 
results are similar to those of the previous scenario for case Stat-1. 
However, as the overall load change of the dynamic reference is slower 
than in the case Stat-1, the overall load tracking of all three strategies 
performs better with lower temporal temperature gradient KPIs. The 
CRL strategy achieves a load-tracking KPI of 0.6219 [–] and a maximum 
accumulated temperature gradient KPI of 0.2389 [–]. The TTGC strat-
egy improves the load-tracking KPI by 17.85% and exhibits a slightly 
smaller accumulated temporal temperature gradient KPI of 0.2054 [–] 

compared to CRL. The TTGQ achieves a similar load-tracking KPI of 
0.6426 [–] and reduces the maximum accumulated temporal tempera-
ture gradient KPI to 0.1513 [–]. This scenario highlights that, despite 
the strong influence of the load profile on performance, the TTGC 
and TTGQ strategies can be tuned to consistently outperform the CRL 
approach. The computational time statistics of the MPC strategies show 
that the average computation time falls within the 5 [s] sampling in-
terval, but there is a large range of variation that violates this real-time 
application limit. While these results demonstrate a proof of concept, 
further development is needed to make the implementation suitable for 
real-time applications. While the current implementation using Matlab
and CasADi is not yet time-efficient, its computational performance 
can be significantly improved for practical deployment. This can be 
achieved through optimised C-code generation, execution on embedded 
hardware platforms [35], and the use of advanced techniques such as 
real-time iteration schemes to meet real-time requirements [36].

8. Conclusion and future work

This research addresses thermal stress in the PEN structure asso-
ciated with dynamic operation of SOFC systems by proposing several 
MPC strategies with thermal stress-aware cost terms and constraints 
that explicitly account for local spatial and temporal temperature gra-
dients during dynamic operation. The key findings are:

• The results in Section 7.1 show that the spatial temperature gra-
dient is primarily governed by the chosen steady-state operating 
setpoint and only marginally influenced by the dynamic opera-
tion strategy. However, comparing the results from Baseline-25 
and STGC-25 shows that actively suppressing the spatial tem-
perature gradient via the reference setpoint results in constraint 
violations, whereas the proposed STGC strategy effectively limits 
these violations. Still, the STGC only decreases the accumulated 
spatial temperature gradient KPI marginally compared to the 
Baseline-25.

• A clear trade-off exists where a lower spatial temperature gradient 
results in a lower electrical efficiency for a given operating power, 
following the operational map depicted in Fig.  4. Moreover, im-
posing strict limits on the allowable spatial temperature gradient 
reduces the maximum achievable electrical power.

• Following Section 7.2, constraining dynamic load-tracking ca-
pability mainly impacts the temporal temperature gradient, as 
faster load transitions induce larger temporal gradients. Com-
pared with the state-of-practice CRL approach, the TTGC and 
TTGQ strategies leverage this trade-off more effectively by either 
enabling faster load tracking at comparable temporal tempera-
ture gradients or reducing temporal temperature gradients while 
maintaining similar load-tracking performance. In the dynamic 
load-tracking scenario, the TTGC strategy enhances load tracking 
by 17.85% while achieving a slightly lower maximum temporal 
temperature gradient KPI compared to the CRL strategy. Simi-
larly, the TTGQ strategy reduces the maximum temporal temper-
ature gradient KPI by 8.76%, alongside a 2.07% improvement in 
the load-tracking KPI compared to the CRL strategy.

• Assessing the spatial and temporal temperature gradient KPIs 
shows that overall, the most stress due to the spatial temperature 
gradient appears between 50%–75% of the active PEN length. The 
greatest stress due to the temporal temperature gradient occurs 
at 100% of the active PEN length. These are expected to be the 
most vulnerable locations of the PEN structure during dynamic 
operation.

Future research should investigate how the TTGC and TTGQ strate-
gies can be tailored to specific applications, since their relative benefits 
depend heavily on system characteristics, hybrid system configurations 
and load-response requirements. A promising direction is to develop 
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Fig. 8. Dynamic responses and corresponding KPIs of the CRL, TTGC, and TTGQ strategies, for case Dyn-4 with the(a) power tracking, (b) power KPI, (c) temporal 
temperature gradient KPI and (d) MPC computation time statistics.

systematic tuning methodologies that optimise these strategies with 
respect to dynamic performance, acceptable degradation risk and life-
time requirements. Such an approach could enable the definition of 
application-specific safe operating limits and cost-optimal parameter 
settings for TTGC and TTGQ, rather than ad-hoc tuning based on the 
CRL strategy for specific load profiles and scenarios.

In this work, spatial and temporal temperature gradients are anal-
ysed separately to emphasise their distinct characteristics and the impli-
cations they entail. However, future strategies may aim to address both 
simultaneously, for example, by integrating the STGC approach with 
the TTGC or TTGQ strategies into a unified framework. This framework 
should evaluate dynamic strain to assess mechanical stress, thereby 
enabling analyses of degradation, lifetime and feasibility of dynamic 
operation for long-voyage shipping. Such a feasibility assessment also 
necessitates a detailed evaluation of maritime load profiles for specific 
maritime applications.
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