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ABSTRACT Electrification of ship power systems plays a central role in the mobility transition toward
sustainable transportation. The integration of a large number of components with distinct characteristics into
a shipboard microgrid benefits from a modular design and standardized interfaces. Key challenges lie in the
variety of component characteristics, and an evolution of parameters during the power system operation.
Further, topology alterations can occur over time, requiring a reformulation of the optimal power dispatch
problem. Accordingly, a modular energy management strategy must be adaptive to these changes. This
work explores a distributed energy management architecture with a central coordinating agent, realized via
Lagrangian dual decomposition and a gradient-based solver. This architecture ensures both local feasibility
while reaching global optimality and a power balance through a consensus mechanism. Parameter changes
are incorporated in local cost functions, making extensive data exchange with a central unit obsolete.
Handling a variable number of power system components, this approach is resilient to component faults,
topology redesigns, and component degradation. The method is applied to a fuel-cell battery hybrid harbor
tug equipped with multiple parallel modules with unique ratings and state-of-health. The energy management
strategy minimizes total operating costs, based on hydrogen fuel consumption and cell degradation. Extensive
mission simulations show similar performance for the distributed approach and a centralized equivalent.
The predictive strategy is demonstrably superior to instantaneous optimization, yielding a cost reduction
of 18.3% with a 15 min prediction horizon. The model predictive control performance increases with the
horizon length, reducing operation costs by an additional 6.0% at 60 min. In addition, a local decision-making
heuristic shows promising potential for the cell degradation via optimized timing of ON- and OFF switching.
At 15 min, this reduces operation costs by 3.0% and at 60 min by 12.7%. Finally, the distributed optimization
is deployed on real-time target machines to showcase the applicability of the approach on actual controller
and communication hardware.

INDEX TERMS Distributed optimization, energy management, fuel cells, predictive control, real-time sim-
ulation, shipboard power systems.

I. INTRODUCTION
The design of marine vessels sees a shift toward the elec-
trification of the shipboard power system (SPS). This fa-
cilitates the integration of novel technologies, such as fuel
cell (FC) [1], energy storage system (ESS) [2], intermit-
tent power generation, as well as electric propulsion and

service equipment [3]. The electric distribution interconnects
all system components and increases the operational flexibil-
ity, especially regarding the power flows between devices.
The increased system complexity makes the coordination
of all energy resources a key challenge [4]. Whereas AC
distribution is conventionally used in electric ships, DC
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distribution technology is receiving increasing interest as a
solution to tie heterogeneous components together into a ship-
board DC microgrid [5]. Interfacing components via power
electronics converters increases the controllability of power
flows. This further supports the separation of component-
level from system-level control, by making synchronization
requirements and speed restrictions, as present in AC sys-
tems, obsolete [6]. With an increased amount of DC sources
(FC, batteries, etc.), the reduction of conversion stages is kept
minimal, further increasing system efficiency. The increased
flexibility is in line with an observed trend toward modular-
ization and distribution of generation and storage units [7].
Furthermore, increasing importance is attributed to the decar-
bonization of SPS, for which hydrogen FC offer a feasible
solution [1]. The suitability of DC distribution for FC-battery
SPS designs is shown in [8]. Given this context, we investigate
methods for the minimization of operational costs of hydrogen
FC-based SPS. The main drivers are the hydrogen cost and the
effects of FC degradation [9], taking into account the unique
challenges in maritime environments [10].

Automatic control for the energy management on-board
maritime vessels is increasingly adopting optimization-based
strategies [11]. The most widespread method for instanta-
neous optimization with a hybrid energy system (as described
in [12]) is equivalent consumption minimization strategy
(ECMS) [13]. For a diesel-hybrid tugboat, ECMS has been
proposed in several works [14], [15]. In [16], this strategy
is adopted for a hydrogen FC-based power system incor-
porating an additional cost-term for FC degradation. An
adaptive ECMS implementation aiming for the modular in-
tegration of multiple FC and ESS modules is brought forward
in [17].

However, the inherent drawback of this strategy is the ne-
glect of any knowledge on future states and operation modes.
An instantaneous optimization fails to properly account for
dynamic costs and excludes insights on future disturbances,
for which model predictive control (MPC) is a common so-
lution [18]. Corresponding approaches in the literature differ
strongly in their scope and time-scale. An ECMS that uti-
lizes information (here: a target state-of-charge (SoC) for the
ESS) from a mission-scale optimization, is developed in [19],
shaping an example of long-term, static optimization. On the
other end of the spectrum, in [20] a predictive power manage-
ment with short-term predictions for a diesel-hybrid tugboat
is implemented, focusing on dynamic objectives. A multi-
level MPC for efficient long-term power source dispatch and
short-term dynamics is presented in [21], whereas the multi-
level control in [22] focuses on generator set operation in DC
SPS. Predictive energy management, as opposed to the power
management and low-level control loops, is often realized
via a static, economic dispatch of power sources. The MPC
in [23] features a static optimization for fuel consumption in
a diesel-electric ship. For a similar vessel, a two-level MPC
in [24] handles slow load fluctuations via a static dispatch of
generator sets and battery (dis-)charge. In [25], a centralized,
degradation-aware MPC for a hybrid tugboat is implemented,

however only considering a single FC and battery, and thus not
incorporating different characteristics of parallel components.

One further aspect discussed in the literature is the control
architecture employed for the energy management. Gener-
ally, the energy management strategy (EMS) can be realized
as a centralized optimization, assuming full knowledge of
parameters and states of all components [25]. However, such
a solution requires careful parameterization, a high computa-
tional burden, and lacks scalability [26]. An alternative lies in
the shift towards a distributed architecture [27]. Distributed
control and multi-agent systems offer increased resilience
and survivability [28], and automatic reconfiguration capa-
bilities [29]. In [30], the authors note the plug-and-play
characteristic of all-electric ships that facilitates the scalability
of the power system. To this end, distributed control offers a
suitable framework [31]. Moreover, local control algorithms
for each agent may be highly complex and tailored to the
source [32], which enables an adaptation to each component’s
characteristics. Based on these attributes, multiagent systems
meet the requirements for a modular control framework that
handles a multitude of power system components with indi-
vidual parameters [33]. Further advantageous features of the
distributed architecture are the privacy-preservation [31] and
the reduction of computational requirements in a centralized
unit [27].

A multiagent distributed control for the fuel consumption
minimization with multiple diesel generators is investigated
in [34]. Lagrangian multipliers are employed in [35] for the
economic dispatch of generator sets and ESS in a naval, all-
electric ship. The optimum is achieved when all units have
the same marginal cost of power generation. Multiple re-
searchers present lambda iteration, a gradient-based method,
to solve the Lagrangian dual decomposition. In [36], this is
used in a federated architecture for economic dispatch within
a microgrid, while a fully distributed application in [37] man-
ages various power generation and storage units. Lagrangian
decomposition is demonstrated as a suitable method for opti-
mization in modular system topologies in [38].

In SPS, distributed and multiagent-based approaches have
been applied to increase the resilience of naval ships [28] with
a focus on power system reconfiguration [39], load manage-
ment [40], and reserve power allocation [31]. For long-term
objectives in ship energy systems, a Lagrangian approach is
utilized in [34] for parallel diesel generators. This approach is
expanded to a ship-harbor energy system in [41], leveraging
the absence of a central coordinator. In distributed optimiza-
tion, the alternating direction method of multipliers (ADMM)
is often proposed as an alternative to lambda iteration, e.g.,
for the economic dispatch in microgrids [42]. A common
prerequisite for both dual decomposition-based and ADMM-
based consensus is the convexity of all local cost functions.
As already shown in [25], the costs of FC and battery modules
can be represented aptly via convex functions over their output
power.

Combining distributed and predictive energy management
is receiving increasing interest for the control of SPS. For
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TABLE 1. Literature on Distributed Energy Management in Shipboard
Power Systems for Optimal Economic Dispatch of Resources

a fast-timescale subproblem, distributed optimization via
ADMM ensures power servicing constraints as shown in [43].
ADMM for distributed MPC to manage the SoC of ESS in a
zonal SPS is proposed in [44] to minimize the load on genera-
tors with pulsed loads. A static distributed optimization for an
SPS using ADMM is shown for economic dispatch in [45],
leveraging short-term load forecasting. However, this work
is not considering dynamic limitations and load fluctuations.
An MPC formulation in [32] aims at fuel minimization while
additionally including a battery degradation cost term. Coor-
dination is realized via Lagrange multipliers while the authors
note that local source-dependent optimization algorithms may
be highly complex.

Table 1 summarizes research articles that apply distributed
methods optimization-based economic dispatch in SPS. Most
contributions focus on hybrid architectures, and several adopt
predictive control schemes. However, degradation-awareness
is only addressed in [32], where a heuristic metric is intro-
duced to account for battery wear. The existing literature does
not yet offer an approach that aligns with the desired plug-
and-play capability required for the adaptive integration of
multiple FC and ESS units with heterogeneous characteristics.
To address this gap, this work proposes a distributed, predic-
tive energy management framework for FC–battery SPS, in
which FC degradation is explicitly incorporated into the cost
function. To this end, the following contributions are made.

1) Distributed implementation of an optimization-based
energy management which allows the integration of
heterogeneous power system components and an adap-
tation to their characteristics via local agents.

2) Leveraging load predictions in a predictive energy man-
agement for the anticipation and avoidance of increased
operating costs due to dynamic operation, as well as an
explicit formulation of operational constraints.

3) Definition of a local decision-making heuristic for the
state switching of FC modules, allowing a minimization
of operating time and undesirable operating points.

The proposed method is compared to a centralized MPC
to evaluate the effect of the altered control architecture on
the energy management performance. A demonstration at the
example of a FC-battery hybrid tugboat highlights the benefits
of a predictive, distributed, and optimization-based energy
management. For the use case both long-term simulation stud-
ies and control implementation on multiple real-time target
machines, are presented.

FIGURE 1. Modular FC-battery shipboard DC microgrid with four FC
modules and two battery modules.

The remainder of this article is organized as follows.
Section II briefly describes the power system design and com-
ponent models. Section III derives the proposed approach for
the distributed ECMS and MPC for the control of modular
FC-battery SPS and presents algorithms for the implemen-
tation in local and centralized controllers. In Section IV,
the performance of centralized and distributed energy man-
agement strategies as well as the performance of predictive
control for different prediction horizons are evaluated numer-
ically. This section further investigates the effect of local FC
state decision-making. The deployment of the algorithms on
real-time controller hardware and communication network is
presented in Section V. Finally, Section VI reviews the con-
tributions made in this work and gives an outlook on future
research activities on this topic.

II. MODULAR POWER SYSTEM
We consider a shipboard DC microgrid whose primary equip-
ment is comprised of FC and battery modules that supply
various power-controlled loads. In this work, we study a har-
bor tug boat with a dual-bus, low-voltage DC distribution
system that connects four FC and two ESS modules in total,
as shown in Fig. 1. Each of the power generation and energy
storage systems is connected to the DC bus via a DC–DC con-
verters, whereas loads are interfaced via inverters, lending full
controllability of the power flows in the system. In addition,
Fig. 1 highlights the plug-and-play characteristic offered by
the DC distribution and power converters, allowing a flexible
re-design of the topology by adding or removing modules.
The power load is predominantly for propulsion, and in this
study follows a fixed trajectory that needs to be met by the
cumulative power generation of FC and ESS. A key character-
istic of this modular power system is, apart from the flexible
number of power system components, the individual charac-
teristics of each module. The power system control is required
to accommodate individual component ratings, parameters,
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TABLE 2. FC Degradation Parameters (Per Cell), Adapted from [25]

and degradation states of all modules while minimizing the
total operational cost to service the loads.

A. FUEL CELLS
Hydrogen proton exchange membrane FC form the main
power sources for supplying the SPS. Whereas these FC con-
vert hydrogen efficiently into electric energy, this efficiency
drops with an increased power output. Hence, for the energy
management it is a key challenge to keep the FC within an
efficient operating area. In addition, FC modules are subject
to operation-dependent cell degradation, which decreases the
performance and eventually requires a replacement of the af-
fected stacks. In this work, we consider the cost of hydrogen,
consumed by the FC modules, and the cost of degradation,
necessitating a stack replacement, as the main drivers of oper-
ational costs for the vessel.

Table 2 lists hydrogen cost and degradation parameters used
in this work, with values given in terms of monetary units
([u]). The construction of the FC module degradation func-
tion is adapted from [33], and the calculation as well as the
quadratic approximation of hydrogen and degradation costs
are laid out in [25].

The FC modules are modeled via equivalent circuits, de-
picted in Fig. 2(a). The FC equivalent circuit consists of a
current-dependent voltage source in series with an internal
resistance. A degrading FC module is modeled through an
increased internal resistance, which leads to an additional
voltage drop proportional to the module’s output current. This
approach is in line with the aging behavior of proton-exchange
membrane FC shown in [50]. The state-of-health of a module
(given as a relative value) is reflected in the corresponding de-
crease of the module’s output voltage at rated current relative
to its value at begin-of-life (BOL). The voltage curve of an
exemplary FC module at begin- versus end-of-life, based on
manufacturer data from [51], is shown in Fig. 3.

B. ENERGY STORAGE SYSTEMS
Batteries are used as ESS to complement the specific charac-
teristics of FC, as they are able to alter their power output
quickly to match fast load power fluctuations [2]. Further-
more, ESS of sufficient sizing allow for load leveling and
strategic charging, supporting the FC modules to operate in

(a)

(b)

FIGURE 2. Equivalent circuit models including power converter for (a) FC
module, (b) battery module, adapted from [25].

FIGURE 3. FC voltage and net output power as functions of output current
at begin- and end-of-life, adapted from [25].

more favorable operating points rather than following the
load. However, a key challenge for ESS is the management of
their SoC, as the amount of stored energy is a limited resource
for the energy management. The battery is also modeled using
an equivalent circuit, consisting of an SoC-dependent voltage
source in series with an internal resistance, and is depicted in
Fig. 2(b).

C. DC SYSTEM AND LOADS
The load power pload is modeled as an external disturbance
on the system. Its behavior is application-specific and differs
in amplitude and volatility, among other factors. The power
system components must be selected and sized appropriately
for a given ship’s load requirements. The main constraint the
energy system imposes on the control, is the power balance.
This demands that the sum of all components’ power outputs
must equal pload at all times. As the focus of this article is
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placed on the energy management, fast transients of the distri-
bution system and power converter controls are neglected.

III. MODULAR ENERGY MANAGEMENT
This study focuses on the energy management task, responsi-
ble for determining the power dispatch for all power system
components. This section introduces a generalized approach
for the distributed optimization of the energy management in
SPS with heterogeneous generation and storage modules with
convex cost functions. For this, local optimizers for FC and
battery modules, and a system-level coordinator are described.
The approach is then extended into a predictive optimization
framework. Finally, a nonconvex decision-making heuristic is
added to the EMS.

A. INSTANTANEOUS OPTIMIZATION
We consider a power system equipped with a set of FC I and
a set of batteries J that make up all distributed generation
modules M = I ∪ J . Each module’s individual cost is a func-
tion of the system’s parameters, states, and control inputs. In
addition, every component is subject to individual constraints,
most notably on the power output, power gradient, and bat-
tery SoC. Each unit m ∈ M has an individual cost function
fm(pm, xm) that depends on is the unit’s power output pm

(decision variable) and a state vector xm. The decision variable
is bounded by minimum and maximum power outputs Pm,min

and Pm,max . Power loads and intermittent generation pose dis-
turbances on the power system that we aggregate as a scalar
pload .

1) DUAL DECOMPOSITION
Regarding only one time instant, the energy management’s
goal is to minimize the total cost of power generation while
meeting the power balance constraints:

min
pm

∑
m∈M

fm(pm, xm) (1)

s.t .
∑
m∈M

pm = pload (2)

Pm,min ≤ pm ≤ Pm,max,∀m ∈ M. (3)

This optimization problem is separable via dual decompo-
sition [38], such that each unit solves a local optimization
problem given a fixed Lagrange multiplier μ. The multiplier
can be interpreted as a price for the output power. Each
module maximizes its own utility, while respecting local con-
straints to maintain local feasibility:

max
pm

μpm − fm(pm, xm),∀m ∈ M. (4)

2) LOCAL OPTIMIZATION PROBLEMS
The operating cost of a FC module i is a function of its power
level and power gradient, and incorporates both fuel costs and
operation-dependent cell degradation costs. We formulate the
costs as a time discrete function with an optimization time

FIGURE 4. Cost model (solid) and second-order polynomial approximation
(dashed) for PEMFC at BOL (blue) and 80% SoH (turquoise).

FIGURE 5. SoC-dependent equivalent cost of stored energy.

period �t . Given the power pi,k−1 of module i at time k − 1
as a state, the cost function for transitioning to pi,k at the next
time instant is

fi(pi,k, pi,k−1)

= k2,i p
2
i,k + k1,i pi,k + k0,i + kd,i

(pi,k − pi,k−1)

�t

2

(5)

where kx,i are module-specific coefficients that realize a
polynomial approximation. It must be noted that the ap-
proximation is used only for the system control, whereas its
performance is measured against the actual costs. Fig. 4 shows
exemplary static cost curves and their second-order polyno-
mial approximations, of a new and an aged FC module. Note
that the illustrated decrease to 80% state-of-health is beyond
the conventional end-of-life definition of 10% power loss [52].

Similar to a conventional ECMS-approach [13], the stored
energy in an ESS is assigned an equivalent cost λ, which is a
function of the module’s SoC ξ j . Fig. 5 shows an exemplary
case of the value of stored energy. With this, we define the
cost function of a battery as

f j (p j,k, ξ j,k−1) = λ(ξ j,k−1)
(

p j,k + k2, j p2
j,k

)
(6)

which considers both the cost of discharge or revenue from
charging, dependent on the sign of the power output, as well
as quadratic power losses. The states denoted with index k − 1
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can be interpreted as the actual value that is currently mea-
sured, while values at index k are the decision variables.

Using the local cost functions for FC and battery modules,
a distributed ECMS can be derived via dual decomposition.
Each FC module has a locally optimal power output p∗i,k (μk )
solving its specific optimization problem for the next time step
k, and based on the current state variable at k − 1:

max
pi,k

μk pi,k − fi(pi,k, pi,k−1). (7)

The equivalent problem for a battery module yields p∗j,k (μk ):

max
p j,k

μk p j,k − f j (p j,k, ξ j,k−1). (8)

It must be noted that all modules have additional local con-
straints on their power output range, power gradient (FC), and
SoC range (batteries), that the local optimization steps are
subject to.

3) GLOBAL FEASIBILITY
For global feasibility, a central coordinator is required to ad-
just μ, functioning as a system wide price. All modules have
convex cost functions, i.e., p∗i,k and p∗j,k that are nondecreas-
ing in μ. More specifically, p∗i,k and p∗j,k are monotonously
increasing within their operational limits. In addition, opera-
tional requirements demand that the total generation capacity
must be larger than the maximum load power, meaning that
for any allowable load power there must be at least one mod-
ule that is not at capacity. In consequence, the total power
generation, as the sum of all modules’ optimal power outputs,
is monotonously increasing for all relevant load power levels
and associated values of μ:

∑
i∈I

d p∗i,k
dμk

+
∑
j∈J

d p∗j,k
dμk

> 0. (9)

Accordingly, using a gradient-based method, e.g., lambda
iteration, lets us find a value μ∗ that satisfies the power bal-
ance constraint: ∑

m∈M

pm(μ∗) = pload . (10)

B. PREDICTIVE OPTIMIZATION
Using time-series forecasting to predict the future load [53],
a set of predictions p̂load,k∀k ∈ [1, . . . , Nh] with prediction
horizon Nh can be obtained. The forecasting method, making
use of extreme gradient boosting (XGBoost) combined with
a time series foundation model, is described in more detail
in [25]. An expansion of the problem formulation for a series
of discrete time intervals allows the optimization over the
prediction horizon for the distributed system.

1) LOCAL OPTIMIZATION PROBLEMS
The instantaneous formulations of the local objective func-
tions are extended to capture the costs of each module over
a series of discrete time steps. For the ESS, we introduce the
terminal battery energy E j,Nh and terminal SoC ξ j,Nh in the

optimization formulation. This allows us to assign a cost to
the remaining battery energy at the end of the optimization
interval. Accordingly, the predictive objective functions for
FC and battery modules are formulated as

max
pi,k

Nh∑
k=1

μk pi,k − fi(pi,k, pi,k−1) (11)

max
p j,k

Nh∑
k=1

μk p j,k − f j (p j,k, ξ j,Nh )+ λ(ξ j,Nh )E j,Nh (12)

where pi,0 denotes the FC power at time of optimization. Note
that the battery cost function f j takes the terminal SoC as an
argument rather than the value corresponding to the respective
time step. Equations (11) and (12), are subject to power and
power gradient or SoC limits, as well as the module’s state
dynamics, as described in [25].

2) PRICE ADJUSTMENT
We can interpret the local decision p∗m,k (μk ) as a power bid,
responding to the externally set market price μk . It is the
central coordinators’ task to adjust the price such that the
power balance constraint is fulfilled at each for each time step
k ∈ [1, . . . , Nh].. Due to the convexity of local functions, each
μk can be adjusted via a dual gradient ascent approach until
the power balance constraint is fulfilled. That is, there is an
equilibrium for a vector of optimal Lagrange multipliers μ∗k
where the total distributed power generation

∑
m∈M p∗m(μk ) is

equal to the load. With an iterative approach, we are looking
for a value that is sufficiently close to this equilibrium:

εk := | p̂load,k −
∑
m∈M

p∗m(μk )| ≤ ε ∀k ∈ Nh (13)

where ε defines a small tolerance around the equilibrium.
The distributed MPC is solved iteratively following

Algorithms 1 and 2. A central coordinator adjusts each μk

individually for time instant k until each module bids a dis-
crete power trajectory such that the power balance constraint
is below the tolerance threshold ε for each k. The tasks are
divided such that the central coordinator broadcasts μk to all
modules. The modules, in return, run the local optimization in
Algorithm 2 to obtain p∗m and share it with the central coordi-
nator. The central coordinator iteratively updates and shares
μk and collects all updated p∗m according to Algorithm 1
until the distributed optimization is converged. Accordingly,
an individual market price is established at each time instant.

A generic FC-battery power system topology and the dis-
tribution of local and global optimization tasks is shown in
Fig. 6. From the system perspective, the type and state of
each unit is irrelevant as this information is included in the
bids from each module. For the system level optimization,
it is sufficient to iteratively update μk until either a conver-
gence criterion is fulfilled or a maximum number of iterations
is reached. The price adjustment algorithm, as shown in
Algorithm 1, is embedded in a central coordinator that broad-
casts μk and sends a trigger signal to request power bids
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FIGURE 6. Control architecture for distributed optimization of modular
FC-battery power system via price adjustment.

from all distributed modules. The parameter ∇̂μ is a gradient
estimate for the change in price over change in total power bid,
α is a factor for the price adjustment step width, ε is the con-
vergence tolerance, and it and itmax are iteration counter and
maximum number of iterations, respectively. Upon receiving
a trigger signal, each distributed unit updates its power bid
according to Algorithm 2. While not satisfying (13), μk is
updated according to

μk,it+1 = μk,it + α∇̂μ

(
p̂load,k −

∑
m∈M

p∗m,k

)
(14)

where it is the iteration number of the update step. For
gradient-based methods to work effectively, it is ideal to have
the gradients at the current operating point available. To avoid
a large amount of transmitted data, the distributed modules
only share the bid for the currently shared price. It is then up
to the central coordinator to update μk according to (13) while
balancing convergence speed and stability. For this, it uses the
estimate ∇̂μ, which approximates the average gradient over
all k intervals:

E [∇̂μ] = 1

Nh

Nh∑
k=1

dμk

d ptot,k (μk )
. (15)

Algorithm 1: Price Adjustment by Central Coordinator.

Input: p∗m,k , p̂load,k

1: if New Optimization then
2: it ← 0
3: μk ← μ∗k,prev {Start with Previous Equilibrium

Price}
4: Send trigger
5: return
6: end if
7: εk ← p̂load,k −

∑
m∈M p∗m,k

8: if εk ≤ ε or it > itmax then
9: Stop trigger {Converged or Max. Iterations

Reached}
10: return
11: end if
12: it ← it + 1
13: μk ← μk + α∇̂μεk {Adjust Price}
14: Send trigger
15: return
Output: μk , trigger

Algorithm 2: Local Bidding by Distributed Controllers.
Input: μk , trigger
1: if trigger then
2: p∗m,k ← (11) and (12) {Optimal bid by Unit m}
3: end if
Output: p∗m,k

3) FUEL CELL STATE LOGIC
In [54], it was generally assumed that all FC are switched
ON by default during a mission. To paint a complete picture
of the power system operation, the start-up and shutdown of
each FC module needs to be included in the energy manage-
ment strategy. In [33], it has been shown that time-optimized
ON–OFFstate switching of individual modules can significantly
support in the reduction of operating costs. Each ON-switching
action is penalized with a fixed cell voltage deterioration,
whereas the reduced running time reduces the cell degrada-
tion. To preserve the modularity of the distributed EMS in
this work, we propose the implementation of a local state
switching logic for each agent. In the distributed predictive
EMS, the state command zi,re f is determined based on the bids
p∗i,k computed by each FC agent. The state reference must be
computed outside of a regular optimization instance lest an
integer-valued decision variable is introduced to the problem.
Hence, the ON–OFFdecision is made only after an optimization
sequence is complete, and is applied starting with the next
optimization instance. The decision further needs to be subject
to a hysteresis to avoid ON–OFFtoggling at each optimization
instance.

The system switches ON if the optimal bid p∗i,k is larger than
the threshold pi,on in at least non prediction intervals. Contrary,
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FIGURE 7. Local ON–OFF switching logic for FC module.

the state reference toggles OFF when all p∗i,k are below a min-
imum value pi,of f . The state machine for each FC module is
visualized in Fig. 7. While a FC module is OFF (zi,re f = 0), the
agent is not sharing its bids with the central coordinator. Thus,
the module is not participating in the power dispatch. When
the module switches OFF, it ramps down its power output
with a fixed gradient. A disadvantage of increased switching
instances lies in increased degradation. Table 2 lists a fixed
cell voltage loss dvsw for cyclic degradation, arising from
each ON-switching instance.

IV. NUMERICAL INVESTIGATIONS
We investigate a tugboat whose power system design and
operational data are described in [25]. The measurements
have been cleaned and parsed into distinct mission pro-
files. For evaluating the performance of different strategies,
we simulate the power system operation for a total of 167
missions recorded over the course of several months. The
performance of a specific EMS implementation is evaluated
based on the total accumulated cost for hydrogen consump-
tion and degradation, using MATLAB/Simulink simulations.
This section features a number of investigations, comparing
the performance of centralized and distributed architectures,
and investigating the effect of parameterization on the perfor-
mance of the distributed, predictive energy management.

A. IMPLEMENTATION
The implementation of the proposed EMS, low-level con-
trollers, and power system simulations requires some consid-
erations. These are described and evaluated in the following.

Time scales: The distributed ECMS and MPC algorithms,
low-level controllers, and possibly the power system simula-
tion, require digital implementation. The various tasks of the
simulation and control algorithms are running at different time
steps, as listed in Table 3. The fastest dynamics are present in
the simulation of the physical system and the primary control
layer, running at Tsim. Testing on physical hardware presum-
ably requires even faster low-level controllers, depending on
switching frequency and current control bandwidths. Each
optimization instance is initiated regularly with time interval
Topt . The MPC optimizes over Nh discrete intervals with an
interval length of Tmpc. Each iteration of the distributed ECMS
or MPC is completed at a rate of Tcom, matching the commu-
nication bandwidth. The maximum number of iterations itmax

TABLE 3. Default Simulation and Optimization Parameters

is set such that an optimization instance is finished before the
next optimization is triggered. To reduce the delay caused by
a high number of iterations, all modules’ power references are
updated already during the optimization using the intermedi-
ate power bids of the ongoing optimization.

Initialization: A suitable initialization of each optimiza-
tion instance is crucial for the performance of the distributed
optimization, considering the number of required iterations.
While Topt is significantly smaller than Tmpc, as realized in
this work, initializing a new optimization with the final dual
variables of the previous optimization instance is expected to
minimize the number of required iterations. If Topt approaches
the value of Tmpc, an index shift or interpolation of values
may lead to improved performance. For Topt = Tmpc, the index
shift for a new optimization would assign μk = μk+1∀k =
[1, .., N − 1].

Equivalent cost parameterization: As described in Sec-
tion III, the stored energy in batteries is assigned an SoC-
dependent equivalent cost λ. In the objective function (12),
this term is a function of the SoC at the end of the horizon.
Since the terminal SoC depends on the control input of all
optimization intervals, the optimization complexity increases
significantly. To mitigate this, λ is fixed to a constant value
within each optimization and is derived from the terminal SoC
of the previous optimization instance. This is viable, given
that μk is updated in sufficiently small steps. Accordingly,
difference of the terminal SoC between subsequent optimiza-
tion instances, is minor. To further stabilize the behavior of
the distributed optimization, λ is passed through a low-pass
filter with a time constant of several seconds. Doing so avoids
unstable bidding behaviors of multiple ESS. The low-pass
filter lets all ESS find a consensus on an optimal terminal SoC,
and thereby on an optimal equivalent cost of energy for a given
optimization horizon.

Gradient Estimation: For a proper and stable convergence
behavior, the update of the dual variables relies on the estimate
of the global power bid gradient. In practice, the real gradient
is unknown, unless explicitly shared by the agents, increasing
the communication overhead and relaxing privacy conserva-
tion. In this work, the gradient is approximated based on the
values of the dual variables and total power bids recorded over
an optimization instance. Using these data-points, the gradient
is approximated using linear regression with a least square

1162 VOLUME 7, 2026



FIGURE 8. Hydrogen and degradation costs for all mission profiles with
centralized versus distributed implementations of ECMS and MPC.

error approach. To avoid unstable behavior, the gradient esti-
mate is checked for feasibility and diffused with the previous
gradient estimate.

The value of α must be strictly smaller than 1.0. Constant
values between 0.3–0.7 have shown adequate convergence
behavior. To further improve the convergence behavior by
enforcing large steps in early iterations and smaller steps close
around the solution, the step size is decreased for each itera-
tion, with up to one order of magnitude at the final iteration.

Real-time power balancing: The EMS determines optimal
power references for each module, averaged over the length
of each MPC interval. In fact, the load changes continuous,
yielding an imbalance between instantaneous demand and
optimized power dispatch. This is compensated by fast-acting
voltage controllers deployed in the battery modules, which
realize the current sharing according to [55]. The battery mod-
ules dynamically adjust their available power based on their
maximum rating and their power bid, and accordingly their
power sharing gain is adjusted continuously to the operating
conditions. It is key to do so for unpredicted load spikes not to
lead to an overexertion of a battery system beyond its capacity.

B. CENTRAL VERSUS DISTRIBUTED
Initially, we consider a power system with only one FC and
one battery, allowing the implementation of the centralized
approach outlined in [25]. This article describes the power
system design and a centralized ECMS and MPC for this
case. The aim is to compare the performance of the central-
ized ECMS and MPC from [25] with the distributed strategy
proposed in our study.

Fig. 8 shows the accumulated costs for hydrogen and cell
degradation over all 167 simulated mission profiles. Results
show nearly identical performance for centralized and dis-
tributed implementations of the MPC.

The comparison for ECMS strategies shows close results
for the hydrogen costs. Only the degradation is higher with the
distributed architecture, which can mainly be attributed to in-
creased dynamic degradation effects. A reason for this lies in
small deviations between consecutive optimization instances
due to numerical tolerances in the convergence algorithm.

TABLE 4. FC and Battery Parameters of Modular Power System

This can be alleviated by tightening such tolerances at the
expense of convergence behavior. However, results show that
this is not present with the predictive strategy, which is the
primal subject in this investigation.

This comparison underscores the ability of the distributed
architecture to produce the same performance as a centralized
implementation, but with the added benefits of the distributed
architecture.

C. MODULAR SYSTEM TOPOLOGY
Next, we consider a system layout that reflects the modu-
lar design of modern, zero-emission SPS. The power system
is equipped with four FC modules and two battery energy
storage systems. Each FC module has an individual power
rating and aging state, influencing its polarization curve. Each
battery has an individual capacity and differs in cell-specific
internal resistance. Accordingly each unit’s cost function is
unique, which should be reflected in its operation. The pa-
rameters of the system components are listed in Table 4.
Conventionally, FC systems are considered to reach their
end-of-life at 90% state-of-health [52]. However, to explore
further operation of modules beyond this point and to high-
light discrepancies between local cost functions, we include
FC modules who have passed the conventional end-of-life
threshold.

D. PREDICTIVE OPTIMIZATION
The results of one exemplary mission profile using the dis-
tributed MPC with a prediction horizon of 15 min are shown
in Fig. 9. It can be seen that the FC operate according to
their respective marginal cost curves, whereas the power gra-
dients are kept relatively low [Fig. 9(b)]. Among the batteries,
the SoC are kept balanced while it is evident that battery
B, which has a lower resistance relative to its capacity than
battery A, is used more dynamically [Fig. 9(c)]. The evolution
of the optimal price in Fig. 9(d) gives an indication of the
marginal energy cost at a given point in time. The bids for
time instances over the prediction horizon additionally give
an indication of the future cost. The latter can potentially
serve as an input for the load management. Finally, Fig. 9(e)
shows that the number of iterations required for completing
each optimization is low, meaning that the needed data traffic
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(a)

(b)

(c)

(d)

(e)

FIGURE 9. Exemplary results for one mission profile with distributed MPC
with 15 min load forecasting, showing (a) the total power split, (b) FC
power per module, (c) battery SoC per module, (d) the optimal price,
(e) iterations required for solving the optimization.

and computational effort is within reasonable limits. Toward
the end, especially around 2.5 h, the number of iterations is
elevated compared to the first half of the simulation. The
main reason for this lies in the high SoC of the batteries and
comparably low power load. These significantly influence the
steepness of the power bids as a function of the price, influenc-
ing convergence behavior of the price adjustment algorithm.

A reliable load forecast over 15 min has been proven
possible in [25]. To gauge the potential benefits of an in-
creased prediction horizon, Fig. 10 shows the costs with
MPC for varying prediction horizons. The results show that
the performance improves with an increasing prediction and
optimization horizon. The MPC with 15 min decreases op-
erational costs compared to the implemented instantaneous
optimization by 18.3%, mainly through decreased degrada-
tion. Shortening the prediction horizon to 5 min, the costs
increase by 2.7%, whereas an increase to 60 min promises a
cost reduction of up to 6.0%. Hence, the differences are quite
small between horizons of 5 and 15 min. However, longer
horizons promise significant gains for this specific case study.

FIGURE 10. Accumulated hydrogen and degradation costs with distributed
ECMS, and distributed MPC with different prediction horizons.

(a)

(b)

FIGURE 11. Time-series of simulation results for ECMS, and MPC with
15 min and 60 min horizon, showing (a) Total FC versus load power,
(b) SoC in the ESSs.

This highlights the importance of long prediction horizons for
improving the operational efficiency of modular SPS.

Fig. 11 compares the time-series of load power versus total
FC power and battery SoC for ECMS versus MPC with 15
and 60 min horizons. Fig. 11(a) shows how volatile the power
output of the FC is when using an instantaneous optimization,
which immediately reacts to load changes. A predictive EMS
flattens the FC power with an increasing horizon. In addition,
with 60 min of prediction and optimization, the power output
stays closer to the average required power than with a shorter
horizon, which is more efficient with a quadratic cost function.
The longer the horizon, the more extensive and effective the
strategic charging of the ESS can be realized [see Fig. 11(b)].

E. INDIVIDUAL FC STATE SWITCHING
Next, we investigate the effect of allowing an individual
ON- and OFF switching of FC modules according to the method
described in Section III. The parameters used for implement-
ing the state switching heuristic are listed in Table 5.

The graphs in Fig. 12 show a comparison of the dis-
tributed MPC with 15 min prediction horizon versus the MPC
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TABLE 5. FC State Switching Heuristic Parameterization

(a)

(b)

FIGURE 12. Time-series of simulation results for MPC with 15 min horizon
versus MPC with 15 and 60 min horizon and individual FC state switching,
showing (a) total FC versus load power, (b) SoC in the ESSs.

with added individual state-switching for horizons of 15 and
60 min. The comparison between the strategies with 15 min
prediction horizon shows an overall more dynamic operation
of the FC generation when enabling the state switching. The
difference lies therein that the state switching is used for
achieving the dynamics, whereas the strategy with all system
ON is required to apply higher power gradients to achieve
the dynamics. Further, the state switching allows operation
at lower total loads without running individual modules at
detrimental low power outputs. The new strategy with the
60 min prediction horizon shows a very flat FC generation,
and an overall lower average FC loading, resulting in higher
efficiency. This also results in lower SoC of the batteries due to
the decreased marginal cost of power generation. At the end
of the mission profile, the switching logic allows to run FC
modules longer for replenishing the battery charge. It must be
noted that the final SoC is subject to the switching heuristics
and not a result of a deterministic target value.

Fig. 13 shows more detailed results for the same mission
with the 15 min MPC including state-switching. The time-
series plots show clearly when each module switches ON and
OFF. The EMS allows a late start-up, an early shut-down, as
well as an intermittent off-period for each module, as can be
observed here. Further, the simulation is extended until all
modules are switched OFF. Additional benefits from the ON–
OFF switching are the avoidance of very low FC loadings, as
well as an improved convergence behavior in these operation
zones. The graphs lay out in detail when individual modules
are switched ON and OFF, and what the effects are on power
balance and on the equilibrium market price.

(a)

(b)

(c)

(d)

(e)

FIGURE 13. Exemplary results for one mission profile with distributed
MPC with 15 min load forecasting and individual ON–OFF switching,
showing (a) the total power split, (b) FC power per module, (c) battery SoC
per module, (d) the optimal price, (e) iterations required for solving the
optimization.

The results cumulated over all missions are shown in
Fig. 14. This plot not only portrays the improvement of both
hydrogen consumption and degradation for all horizons due
to the added state-switching, but also the stark reduction in
degradation costs with increasing horizon length. The MPC
with 15 min horizon yields a total operation cost reduction of
3.0% by enabling the individual state switching. With 60 min,
the cost reduction amounts to 12.7%. This clearly underscores
the cost reduction potential that can be achieved by optimizing
the ON- and OFF-switching instances of FC modules together
with an extension of the prediction and optimization horizon.

F. DEGRADATION RATES
The results of the previous sections summarize the total degra-
dation costs from the FC modules. In addition, it is interesting
to study the individual degradation rates with regard to their
state-of-health. Table 6 lists each module’s degradation rate
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FIGURE 14. Accumulated hydrogen and degradation costs for distributed
MPC with and without local ON–OFF switching.

TABLE 6. Cell Degradation Rates in µV/h for Individual FC Modules for
Various EMS Settings

for different prediction horizons and state switching strat-
egy. One important observation is that there is an increasing
relationship between state-of-health and degradation rate
(A > D > C > B). This means that over time, the state of
parallel FC modules balances. An additional observation is
the fact that individual state switching increases the difference
between the degradation rates. This can be explained by the
fact that the heuristic switching keeps inefficient modules, i.e.,
those with lower state-of-health, switched OFF more regularly
or even entirely during a mission.

V. REAL-TIME CONTROLLER DEPLOYMENT
To demonstrate the application of the distributed energy
management algorithm on multiple hardware components,
we deploy the controllers on two real-time target machine
(RTTM) from Speedgoat. A schematic of this setup is dis-
played in Fig. 15.

The functional code on one machine, the Speedgoat Perfor-
mance RTTM, is split into two parts, which run in parallel but
without sharing any signals. On one part, we deploy the cen-
tral coordinator that runs Algorithm 1 together with function
which supplies the load predictions. On the second part, the
power system simulation, including primary control loops, is
realized. The second machine, the Speedgoat Baseline RTTM,
runs all local agents. These run in parallel, without exchanging
any signals between agents.

Communication between the machines is realized via
UDP/IP over Ethernet. We connect two distinct communica-
tion lines for system level interaction, i.e., agent to central
coordinator, and local interfaces, i.e., agent to component. The
system level communication transmits the signals between
agents and central coordinator, which are required for the
algorithms 2 and 1. Over the local communication line, the

FIGURE 15. Deployment of distributed optimization on HiL setup with two
Speedgoat real-time target machines (RTTM) and communication via
UDP/IP.

TABLE 7. Comparison of Problem Complexity Per Instance for Centralized
and Distributed Energy Management Architectures

agents send power references, and state references for the
FC to their respective local control loops. The agents receive
power, SoC and fault signals back, which they require for
updating their local cost functions.

To compare the computational complexity of the distributed
and centralized architectures, Table 7 lists key attributes of
the optimization problems to be solved. The considered prob-
lems have linear constraints and convex objective functions.
In our implementation, both the centralized and distributed
formulations reduce to quadratic programs, which minimizes
computational effort. Each module has box constraints on
their inputs (FC power gradient, ESS power) and states (FC
power, SoC) at each interval. In the centralized formulation,
the power balance constraint couples all modules at each
interval. In the distributed architecture, power balance is en-
forced by the central coordinator and does not appear in the
local problems. A centralized optimization solves a single,
larger problem whose number of decision variables and con-
straints grows with both the module count and prediction
horizon. Assuming a polynomial complexity of order k in
the problem size, the computational effort of the centralized
approach increases nonlinearly with system size. In contrast,
a distributed architecture requires many smaller problems to
be solved in parallel and repeatedly. The size of these local
problems is independent of the system size and it can be
assumed that the number of dual gradient ascent steps it , is
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largely unaffected by the system size. The total complexity
consequently scales linearly with the module count and poly-
nomially with the horizon length. The relative advantage of
one architecture over the other, and the corresponding compu-
tational requirements for the control hardware, depend on the
solver implementation, scaling behavior, and additional per-
instance overhead. An benefit of the distributed approach is
the decoupling of local problems, which enables their parallel
execution.

A. OPTIMAL DISPATCH
For testing the distributed optimization in real time, we sub-
ject the power system to a load step. At time t = 600 s, the
power steps up from 1300 kW to 3800 kW, which corresponds
to an operational transition from transit to high assist. For
the ease of demonstrating the predictive EMS, we limit the
number of MPC intervals to Nh = 10 and set the interval
width Tmpc = 30 s, resulting in a prediction horizon of 5 min.
Further, the frequency of optimization instances is reduced
with Topt = 10s. To showcase the convergence of the iterative
optimization algorithm, all μk are initialized with the first
element μ1 at which the previous optimization instance has
converged. It must be noted that this initialization method, as
well as the reduced optimization frequency requires a higher
number of iterations, compared to the approach described in
Section III. Furthermore, we trigger a fault in FC A to capture
the system response to a component fault at high, constant
load. The power sharing between accumulated FC and battery
power outputs against the load is displayed in Fig. 16.

The graph shows the power step occurring at 600 s. Before
300 s, the load steps enters the load prediction horizon. Before
this time, only FC A has been active and slowly approached
a quasi-static power sharing with the batteries. After, the FC
power ramps up and the other FC modules sequentially switch
ON to supply the anticipated power load. At the time of the
load step, only the batteries immediately adjust their power
output to the new operation point, while the FC systems
continue to increase their load. At 850 s, the FC systems
supply the largest share of the load when a fault in FC A
is triggered. Accordingly, the total FC power drops instantly.
Immediately afterward, the batteries compensate for the loss
of generation and over minutes afterwards, FC and batteries
find a new, efficient power dispatch. As a final note, it can be
seen that the batteries’ actual output power differs from the
optimal reference values in-between optimization instances,
and around high load steps. This is due to the batteries being
utilized for instantaneous load-balancing as well as the limited
optimization frequency.

B. CONVERGENCE AT LOAD STEP
The advantage of the predictive optimization is that the al-
gorithm can anticipate load changes before they occur. To
investigate how the distributed optimization reacts to the
prediction of the load step, we investigate the optimization
instance occurring at time t = 330 s, at which the load step is

FIGURE 16. Cumulative FC and battery power references (final bid) and
actual power for rectangular load step from 1300 to 3800 kW.

fully captured within the final MPC interval. The correspond-
ing evolution of accumulated bids from all power system
components is shown in Fig. 17. The horizontal offset of
bids within each interval is only for visualization. In the time
domain, the dual variables and power bids are updated with
the communication period Tcom, which is 100 ms here. Show-
cased in this campaign via UDP/IP, this bandwidth, or even
significantly faster, can be realized via various communication
technologies.

The plot shows that the algorithm requires 11 iterations
to converge. For the first nine intervals, the initial dual vari-
ables from the previous optimization yield power bids that are
sufficiently close to the power load. Only the tenth interval,
for which now the stepped-up load to 3800 kW is predicted,
requires multiple iterations, until the mismatch has dropped
below the threshold. In accordance with the increased load re-
quirement, the dual variable in interval 10 had to be increased
significantly.

C. CONVERGENCE AT COMPONENT FAULT
Whereas the predictive optimization is able to anticipate the
load step in the previous section, a component fault is typ-
ically an unforeseen event which requires immediate action.
We assume that a fault occurs in FC module A, which is the
largest power supply in the system, necessitating an sudden
disconnect. Accordingly, the power output of the unit is re-
duced to zero within a short time period, and the FC agent is
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FIGURE 17. Convergence of distributed optimization during real-time
simulation at t=330 s, with the load step entirely predicted in the 10th
MPC interval.

bidding 0 kW. Hence, the power bids from other components
must compensate for the loss of generation. Opposed to the
previous case, this sudden loss leads to an imbalance in all
of the optimization intervals and accordingly all initial market
prices from the previous optimization instance are far away
from an equilibrium. The convergence of the optimization
algorithm immediately after the fault at t = 850 s is shown
in Fig. 18. We can observe that the algorithm requires 38
iterations until convergence. There is significant movement in
all of the intervals, since the loss of one large power supply
leaves a large gap between initial power bid and actual power
load over the entire optimization horizon. Hence, the dual
variable highly increases in all intervals. The earlier intervals
yield a slightly higher marginal cost than later intervals due to
the high power gradients demanded from the FC systems.

The testing of these scenarios on multiple target machines
showcases that the distributed optimization via Lagrangian
dual decomposition in real time, as proposed in this work,
is suitable for deployment on actual control hardware. The
distribution algorithm is converging in two extreme scenarios,
even with nonideal starting points. An initialization with the
dual variables of the previous optimization instance, as well
as a less frequent occurrence of stark load changes will in
practice significantly reduce the average number of iterations
per optimization, as indicated by the results in Fig. 13. Fi-
nally, this demonstration underscores the adaptability of a

FIGURE 18. Convergence of distributed optimization during real-time
simulation at time of FC fault (t=850 s) during full load.

distributed control approach for fault-tolerant system opera-
tion.

VI. CONCLUSIONS AND DISCUSSION
Increasing focus on modularity in SPS requires power system
control algorithms to become more adaptive and resilient.
This article achieves this through a shift from a centralized
toward a distributed control architecture. Dual decomposition
and predictive control allow for a flexible and cost-optimized
power dispatch, coordinated via a virtual market price. The
deployment of distributed controllers and central coordinator
on multiple RTTM display the applicability of a predictive,
distributed energy management for SPS on actual control and
communication hardware. The method’s resilience is shown
by demonstrating the adaptation of the optimal power dispatch
at the time of a generator fault, which is met by a reoptimiza-
tion of the power dispatch.

Simulation results show the long-term performance of the
proposed predictive and distributed energy management ap-
proach. The distributed architecture is able to match the
performance of a conventional, centralized approach. The
predictive strategy is demonstrably superior to instantaneous
optimization, yielding a cost reduction of 18.3% with a 15 min
prediction horizon. The MPC performance increases with the
horizon length, reducing operation costs by an additional
6.0% at 60 min. In addition, a local decision-making heuris-
tic shows promising potential for the cell degradation via
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optimized timing of ON- and OFF switching. At 15 min, this
reduces operation costs by 3.0% and at 60 min by 12.7%.
The cost-optimal power dispatch respects the parameteriza-
tion and constraints of each module, proving the adaptability
to individual characteristics. The results indicate the added
resilience, adaptability, and privacy-preserving aspect gained
through the distributed architecture. Hence, distributed power
system control is a promising solution for the challenges in the
operation of modern ships with an all-electric and integrated
power system. The adaptation to each component’s character-
istics and to a topology alteration underscores the modularity
of this control architecture.

For future work, it is recommended to pay increased
attention to the opportunities created by the distributed op-
timization on the component-level control. The agent-based
approach allows a highly accurate representation of each
component’s characteristics and parameters in the local op-
timization. To fully leverage this, mechanisms for online
parameter identification and deployment of accurate, dynamic
models should be studied and integrated in the distributed
framework. Further attention must be placed on the price
adaptation mechanism, exploring its convergence behavior.
Whereas the inclusion of convex and smooth cost functions
is successfully handled with the approach presented in this
study, the addition of nonconvex modules (e.g., internal com-
bustion engines), and more complex decision-making will
require more sophisticated solutions. Alternative algorithms,
such as ADMM, should be explored for applications in which
the Lagrangian dual decomposition and dual gradient ascent
fall short. An additional consideration lies in the opportunities
and challenges arising from the flexible operation of complex
and modular power system designs. More specifically, a dis-
tributed control architecture is promising for handling more
complex networks, e.g., with a zonal or meshed layout, that
allow flexible topology reconfiguration via bus-tie switches.
This warrants further studies on the design of a distributed
control and energy management architecture that incorporates
topology-awareness.
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