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A novel reinforcement-learning-based compensation
strategy for DMPC-based day-ahead Energy
Management of Shipboard Power Systems

Jianfeng Fu, Dingshan Sun, Saeed Peyghami, Senior Member, IEEE, and Frede Blaabjerg, Fellow, IEEE,

Abstract—Distributed model predictive control (DMPC) has
become a focus in the energy management of shipboard power
systems due to its capabilities for privacy preservation, robust-
ness, and distributing computing burdens to local processors.
DMPC determines control actions in a distributed manner based
on the predictions of system statuses. However, the performance
of DMPC is affected by inaccurate predictions resulting from
uncertain parameters in nominal prediction models. Particularly,
these inaccuracies in predicting propulsion loads and solar panel
generation powers can lead to power imbalances when imple-
menting the control actions determined by DMPC. To address
this challenge, this paper proposed a novel reinforcement learning
compensated DMPC (RL-C-DMPC) to distributively compensate
for the control actions determined by DMPC baseline control,
thereby rectifying the power imbalances caused by uncertain pa-
rameters in nominal prediction models. A value-decomposition-
network-based training and distributed testing mechanism is
designed for our proposed RL-C-DMPC. Furthermore, a method
for range selection of compensation rate is specifically proposed
for the energy management of shipboard power systems. To
validate the effectiveness of our proposed RL-C-DMPC, we
conduct a comprehensive case study utilizing real-life voyage
data and historical solar power generation data in the area of
the voyage to build the environment for training and testing. By
comparing power imbalances between DMPC and RL-C-DMPC,
our results indicate significant reductions in power imbalances so
that frequency stability can be better ensured. Furthermore, via
the case study, we also evaluate the communication robustness
of RL-C-DMPC.

Index Terms—Uncertainties, reinforcement learning, dis-
tributed control frameworks, distributed model predictive control

NOMENCLATURE
Acronyms
ADMM Alternating direction method of multipliers
ARIMA Autoregressive integrated moving average
DG Diesel generator
DMPC Distributed model predictive control
DQN Deep Q Network
MPC Model predictive control

This work is supported by the “National Natural Science Foundation of
China” under Grant U1910216 and the “Fundamental Research Funds for the
Central Universities” under Grant 3132023108.

Jianfeng Fu is currently with the School of Electrical Engineering, Dalian
University of Technology, Dalian, China. He was previously with the College
of Marine Electrical Engineering, Dalian Maritime University, Dalian, China,
(e-mail:j.fu-1@outlook.com).

Dingshan Sun is with the Delft Center for Systems and Control, Delft Uni-
versity of Technology, Delft, The Netherlands, (e-mail: D.Sun-1@tudelft.nl).

Saeed Peyghami and Frede Blaabjerg are with AAU Energy, Aalborg
University, (e-mail: sap@energy.aau.dk, fbl@energy.aau.dk).

RL Reinforcement learning

RL-C-MPC Reinforcement  learning  compensated
model predictive control

RL-C-DMPC Reinforcement learning compensated dis-
tributed model predictive control

SOC State of charge

VDN Value-decomposition network

Sets and Indices

A The set of zones (also the set of agents)
Ky The set of time steps of the prediction horizon
starting from the current time step ¢

Parameters

Estimated advance coefficient for obtaining the
propulsion load of propeller %

Actual advance coefficient for obtaining the
propulsion load of the propeller in Zone ¢

;g Revolution speed of the propeller in Zone

N Number of zones/agents

Hgdt Maximum number of iterations

P, The maximum charging power of the battery in
Zone ¢

Blioat The minimum charging power of the battery in
Zone 1

?den The maximum generation power of the diesel
generator in Zone ¢

P%"  The minimum generation power of the diesel gen-

erator in Zone 1%

PP)?  The predicted propulsion load of the propeller in
Zone ¢ at time step k using the nominal prediction
model

Py’ The service load of Zone ¢ at time step k

Pﬁ‘;’cl The generation power of the solar panel in Zone 4

' at time step k using the nominal prediction model

R®*™  The minimum ramping rate of the diesel generator
in Zone 1%

Rfen The maximum ramping rate of the diesel generator
in Zone 1%

ﬁ?at The lower SOC boundary of the batch of batteries
bat in Zone %

S, The upper SOC boundary of the batch of batteries
in Zone 1%

o Square cost coefficient of diesel generator in Zone

]
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Bi Linear cost coefficient of diesel generator in Zone
1

€k Random value for predictions of generation powers
of the solar panel at time step k

n; Comprehensive coefficient of environment and
propeller parameters

oi Estimated parameters of the autoregressive process
of the solar panel in Zone ¢

0 Penalty parameter of the augmented Lagrangian
term

b; Actual parameters of the autoregressive process of
the solar panel in Zone %

0; Estimated parameters of the moving process of the
solar panel in Zone

0, Actual parameters of the moving process of the

solar panel in Zone ¢

&1, & Tolerance gaps of synchronous ADMM

Variables

P}j,jt The charging power of the batch of batteries in

Zone i at time step k
PE™  The generation power of the diesel generator in
7 Zone ¢ at time step k
The interconnecting power flow from Zone ¢ to
Zone j at time step k
SOC of the batch of batteries in Zone 7 at time
step k

int
.5,k

bat
Si,k

Learning related parameters and variables

Py Compensation power rate of the generation powers

of the diesel generator in Zone ¢ at time step ¢
it Minimum compensation power rate of P;
AP®  Linear increment of compensation power rate of
tope

Pz»tj?t Baseline charging power of the batch of batteries
in Zone 7 at time step ¢

Pfte " Baseline generation power of DG in Zone ¢ at time
step ¢

fo“ Compensated generation power of DG in Zone 4
at time step ¢

]55;0 Actual propulsion load in Zone i at time step ¢

152‘21 Actual generation power of the solar panel in Zone
7 at time step ¢

uEt Actions (outputs) of the DQN of the agent in Zone

1 at time step ¢
o, System state of Zone ¢ at time step ¢
P State for predictions of Zone 7 at time step ¢

it
wf ¢ State (input) of the DQN in Zone ¢ at time step ¢
¥ Discount factor of training
o Signal indicating whether the ramping boundaries

are satisfied

I. INTRODUCTION

In recent years, there has been increasing attention and ap-
plication in the maritime and transportation industries towards
hybrid vessels that combine both conventional and renewable

energy sources [1]-[3]. This shift is in response to the Inter-
national Maritime Organization’s commitment to reduce total
greenhouse gas emissions from international shipping [4], [5].
As part of this trend, hybrid vessels, especially all-electric
diesel-solar vessels, have gained considerable attention in both
research and practical deployment [6]-[8]. However, due to the
intermittent nature of uncertainties of propulsion loads and
renewable energy generation power predictions, it becomes
crucial to develop intelligent energy management strategies
to ensure an optimal, safe, and stable operation of shipboard
power systems.

In the literature, distributed model predictive control
(DMPC) has been extensively studied as an energy manage-
ment strategy for both shipboard and on-shore power systems
because of its capabilities for privacy preservation, robustness,
and distributing computing burdens to local processors [9]-
[11]. The DMPC approach first involves separating the power
systems into several local zones and formulating the local
energy management optimization problems for zones. Then,
these local energy management optimization problems are
solved in a distributed manner by local agents to obtain the
control actions for each zone. Subsequently, the local agents
execute the control actions in a distributed manner. Being a
model-based approach, DMPC relies on nominal prediction
models to predict parameters within a prediction horizon.
Consequently, the accuracy of these nominal prediction models
significantly influences the overall control performances of
DMPC, such as optimality.

One of the main factors affecting the accuracy of the
nominal prediction models is uncertainties. Uncertainties lead
to inaccurate parameter estimations of nominal prediction
models that are biased from those of the actual prediction
model. The uncertainties may come from the degradation of
equipment and system [12], [13], the inaccurate measurement
device [14], [15], or/and epistemic reasons [16], [17], etc.
In the most context of day-ahead energy management for
onshore and shipboard power systems, power balance should
be strictly satisfied [18]-[20]. However, inaccurate predictions
of propulsion loads and solar panel generation powers can
result in power imbalances. Although primary and secondary
regulations can handle a part of power imbalance in smaller
time scales, their regulation capability may not be enough.
Thus, these imbalances may pose a significant challenge to the
frequency stability of shipboard power systems and underscore
the critical importance of handling uncertainties in day-ahead
energy management.

Accordingly, several reinforcement learning (RL)-based
methodologies have been presented in the literature to ad-
dress the challenge of uncertainties. The first methodology
directly uses RL to determine control actions based on power
system statuses [21]-[27]. However, a major challenge with
this method lies in effectively handling hard constraints. The
second methodology explores the use of RL to formulate more
accurate nominal models that consider uncertainties [28]—
[32]. These improved models are then applied in DMPC
or MPC-based energy management strategies. However, as
these models are formulated individually, it is challenging to
ensure the overall performance of the entire system. Moreover,
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Fig. 1. The proposed control structure of using RL to com-
pensate MPC in [35].

formulating accurate models that account for all uncertainty
sources is impractical, particularly when some sources are
even unknown and interact with each other.

Several recent studies are using RL to compensate for base-
line control actions, such as back-stepping control and MPC,
to handle uncertainties and to ensure overall performance. For
example, in [33], [34], RL is employed to compensate for
back-stepping control and synchronization control to avoid
the collision of vessels and cable-driven robots, respectively.
Additionally, one of the co-authors of this paper proposed to
use RL to compensate for MPC in the domain of traffic control
[35]. The control structure is shown in Fig. 1, where u; and
u; are control actions obtained by MPC and the compensation
value, respectively. Furthermore, « and x,,, represent the actual
states and the states derived by substituting u; into the nominal
model. The output of the control structure in [35] is the sum of
u; and wup, and the inputs are the actual states feedback by the
real system. The reference of the control structure is imple-
mented as the objective function of the “optimization” section
in the MPC module to maximize or minimize certain indices.
Although the strategies proposed in [33]-[35] demonstrate
that RL-compensated baseline control can effectively handle
uncertainties and disturbances, it is essential to note that these
works mainly focus on centralized control frameworks.

Furthermore, to the best knowledge of the authors, in
the literature, no other papers apply compensation techniques
(compensating the control actions obtained by baseline control
strategies) to energy management of shipboard power systems.
Some papers in the literature use compensation techniques
in DMPC for microgrids [36]-[38]. However, these compen-
sation techniques are not based on reinforcement learning.
On the contrary, our paper proposes a reinforcement-learning-
based compensation technique for DMPC.

The state-of-the-art RL-based compensation strategies de-
signed for centralized control frameworks cannot be directly
applied to distributed control frameworks due to the physical
coupling of the local zones. To address this challenge, this
paper introduces a novel RL-compensated DMPC (RL-C-
DMPC) strategy tailored for distributed control frameworks.
Given that each agent can only access local states from
its respective zone, this paper designs a centralized train-
ing mechanism to train deep Q networks (DQNSs) [39]-[41]
based on value-decomposition-network (VDN) [42]-[44]. Af-
ter training, the DQNs of the zones effectively compensate for

control actions in a distributed manner. Furthermore, this paper
proposes a method for selecting proper ranges of compensation
specifically for the energy management of shipboard power
systems.

The contributions of this paper are listed as follows:

* It proposes a novel RL-compensated DMPC (RL-C-
DMPC) approach to use RL to distributively compensate
for the control actions of DMPC. Firstly, the approach
effectively addresses hard constraints, which present chal-
lenges for traditional RL-based decision-making method-
ologies. Secondly, it considers the overall performance
of the system. Lastly, RL-C-DMPC avoids the need to
formulate accurate models for all uncertainty sources,
making it a practical and efficient solution.

e The research on using RL to compensate for the con-
trol actions obtained by DMPC in a distributed control
framework has not been studied yet, so the proposed RL-
C-DMPC is to explore this new area.

 This paper designs a value-decomposition-network-based
training and distributed testing mechanism for the pro-
posed RL-C-DMPC.

* It also introduces a method to select a proper compen-
sation range specifically for the energy management of
shipboard power systems. This method can reduce the
scale of the action space and avoid insufficient compen-
sation.

* The communication robustness of the proposed RL-C-
DMPC is evaluated.

II. PRELIMINARIES

A. DMPC-based day-ahead energy management of hybrid
vessels

An illustrative layout of shipboard power systems of all-
electric hybrid vessels is shown in Fig. 2. The layout in Fig. 2
is modified based on the crew-training and experimental ship
“YuKun” of Dalian Maritime University [45]. The portrait,
diesel generator, after-deck, and the propeller revolution speed
measurement and control panel of “YuKun” are shown in Fig.
3. This paper assumes that three groups of solar panels are
installed on the fore-deck, railing, and after-deck of “Yunkun”,
and three batches of batteries are installed.

The layout of Fig. 2 is divided into three zones that include
several components in the shipboard power system. In ship-
board power systems of hybrid vessels, this paper considers
diesel generators that provide main powers, batteries that
enable flexible operations, solar panels that generate renewable
energy, service loads for crew and goods, and propulsion loads
for propelling the vessels. To control the shipboard power
system distributively, each zone is managed by an agent. The
agents can communicate with each other via communication
wires, determine, and execute the control actions of their
zones distributively. The control actions of zones include the
generation powers of the diesel generators and the discharg-
ing/charging powers of the batches of batteries.

At the beginning of each time step, agents collect the current
states, predict future states using the nominal prediction mod-
els, determine the control actions for one prediction horizon by
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Fig. 2. An illustrative layout of shipboard power systems of
all-electric hybrid vessels.

(c) After-deck of “YuKun”

(d) Propeller revolution speed mea-
surement panel of “YuKun”

Fig. 3. Portrait and main equipment of ““YunKun”.

solving the DMPC energy management optimization problem,
and then only execute the control actions of the first time step
according to the receding mechanism of DMPC.

B. Two sources of uncertainties in nominal prediction models

DMPC determines control actions using the nominal predic-
tion model. However, because of uncertainties, the parameters
of the actual prediction models cannot be accurately obtained
or measured in practice. Thus, the parameters of the nominal

prediction models used in the DMPC strategy may be biased
from those of the actual prediction models. Consequently, the
inaccurate parameters will affect the optimality of the DMPC
strategy. This paper considers two possible uncertainty sources
for nominal prediction models for day-ahead shipboard power
system energy management as follows.

1) Uncertain parameters in propulsion load prediction
models: A widely-used propulsion load prediction model for
vessels is as follows [46]-[49]:

PR =2 K2 - (nB)P b0, & € Ky (1)

where P} is the predicted propulsion load of the propeller in
Zone i at time step k using the nominal prediction model, 7;
is the comprehensive coefficient of environment and propeller
parameters of propeller ¢, K ZQ is the estimated advance coeffi-
cient for obtaining the propulsion load of propeller 7, and 1}’
is the revolution speed of the propeller in Zone :. When the
reference of voyage speeds in one prediction horizon, which
can be obtained by the voyage plan, is given, the vessels can
control the propeller revolution speeds 7}’ to keep the vessel
sailing at the reference voyage speeds or routine. Accordingly,
the propulsion loads P, in one prediction horizon can be
calculated according to (1). However, since the propulsion
systems of vessels are quite complicated, the coefficient K ZQ
is difficult to estimate accurately [46], [48]. Thus, parameter
K ZQ is usually biased from K 9 of the actual propulsion load
prediction model. In comparison, the actual propulsion load
prediction model is as follows:

PE = 2 KR (Pl ke Ky @)

where K ZQ is the actual advance coefficient for obtaining the
propulsion load of the propeller in Zone ¢ and ]5;’,20 is the
actual propulsion load in Zone 7 at time step k.

2) Uncertain parameters in generation power prediction
models of solar panels: In literature, an autoregressive in-
tegrated moving average (ARIMA) model is widely used to
predict the generation powers of solar panels [S0]-[52]. The
form of ARIMA(p,d,q) can be expressed as follows:

¢i(B)(1 — B)'P:S! = 0:(B)er, k € K, 3)

where Pff,’cl is the generation power of the solar panel in
Zone ¢ at time step k using the nominal prediction model,
¢;(B) =1—¢;1B—¢; 2B*—---—¢; ,BP and ;(B) = 1+
0; 1B+0; 2B*+---+0; ,BY represent autoregressive process
and moving average process, respectively. Furthermore, B
is the backward shift operator, such that BP' = P! |,
and € is a stochastic value yield a normal distribution. In
the ARIMA model for generation power predictions of solar
panels, ¢;1,---,¢;p and 6;1,---,0; 4 are parameters that
may bias from the parameters of the actual prediction model
for generation powers of solar panels in Zone 7. The actual
prediction model for the generation powers of the solar panels
in Zone 1 is:

6i(B)(1 — B)' P}

0;(B)ex, k € Ky 4)

where }5175%1 is the actual generation power of the solar panel
in Zone ¢ at time step k, ¢; is the actual parameters of the
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autoregressive process of the solar panel in Zone <, 0, is the
actual parameters of the moving process of the solar panel in
Zone 1.

C. Formulation of the DMPC day-ahead energy management
optimization problems

In this subsection, the DMPC day-ahead energy manage-
ment optimization problems of the shipboard power system
will be formulated. The power flows of the optimization
problems are labeled in Fig. 2. The model of the batch of
batteries in Zone ¢ is as follows:

Pbat < Pbat < ?‘pat 1€, keky

Sbat < Sbat < Sba,t ie 1-7 k c ’Ct (5)
SPAU, PPt =S e T ke K, — {1}
bat

where Pp" is the charging power of the batch of batteries
in Zone i at time step k, S}fit is the state of charge (SOC)

of the batch of batteries in Zone 7 at time step k, F?at and
B?at are the maximum and minimum charging powers of the
battery in Zone i, respectively, §?at and ??at are the lower
and upper SOC boundaries of the batch of batteries in Zone i,
respectively. Constraints in (5) represent the charging power
bounds, the SOC boundaries, and the SOC accumulation,
respectively. The model of DGs is as follows:

PEr < PEN <P ieT keky

gen gen gen Heen . (6)
R < Phr—P <Ry i€l kek,— {1}

where P5" is the generation power of the diesel generator in
Zone 1 at time step k, ﬁfen and P are the maximum and
minimum generation powers of the diesel generator in Zone ¢,
respectively, Efen and R are the maximum and minimum
ramping rates of the diesel generator in Zone 4, respectively.
Constraints in (6) represent the bounds of generation powers
and the ramping rate of diesel generators in Zone ¢. The power
balance of Zone ¢ is as follows:

PER+ P = PP+ PP+ i+ Y Py i eI ke Ky
JE€T:

(7

where P75" is the service load of Zone ¢ at time step k, and

Plnt is the interconnecting power flow from Zone ¢ to Zone
J at tlme step k. In (7), the generatlon powers of solar panel
st,’c1 and the propulsion load Pp are predicted by the nominal
predlctlon models (1) and (3) The constraints of the power
exchange among zones can be expressed such that:

PI,I; Yy = ]H;tk’ Vi € I V] c \71, Vk e Ky 3

Afterwards, the local objective function J; of Zone i is as

follows:
>

ke

Ji = ai(Pon) + Bi PR 9
where «; and (3; are the square and linear cost coefficients
of the diesel generator in Zone i, respectively. Constraint (9)
means that the total cost of generation power of the DG in
Zone i during a prediction horizon should be minimized.

Equations (5)-(9) compose the local DMPC energy man-
agement optimization problem of Zone i. Accordingly, the
global DMPC energy management optimization problem can
be expressed as follows:

min Z J;

€T
st (5)—(9),VieT

where the optimization problem (10) can be solved by dis-
tributed algorithms, e.g., the synchronous alternating direction
method of multipliers (ADMM) [53], which will be explained
in Section II.D. The variables of the global DMPC optimiza-
tion problem include Plbfc‘t, Slb?Lt Plgzn, Pf;tk Among the
variables, the control actions are P;* and PE". After solving
the optimization problem (10), the control actions of the first
step are implemented by the agents.

From (7), it can be observed that if the propulsion loads and
the generation powers of solar panels are not accurately pre-
dicted, the power imbalance will emerge if the baseline control
actions are not compensated. Thus, Section III will propose an
RL-C-DMPC strategy to reduce the power imbalance caused
by inaccurate parameters in the nominal prediction models.

(10)

D. Synchronous ADMM and its implementation

Synchronous ADMM is an algorithm that can solve global
optimization problems in a distributed manner [47], [54]-[56].
At iteration p, Agent i solves the local optimization problem
of Zone 7 as follows:

Li(p)

min
z;(p),Z4,5 ()

i)+ Y (W)@ 0) -2, 0)+

j€Ti
gmm@—zﬁm@)
s.t. ((El(p), icm(p)) S Xz
(11)

where p is the penalty parameter of the augmented Lagrangian

term, z;(p) = [P1*(p), oy P, (P), SEY (), s ST, (1),
P (p), -, PE, (p)]" is the vector of local variables of

Zone ¢ in one prediction horizon at iteration p, Z;;(p) =
t T . . .
[P (p), . P;r; IiCtI( T s the. vector qf interconnecting
power ﬂows of Zone 4 in one prediction horizon at iteration p,
and A is the set of power system constraints of Zone ¢, such

that:

X; = {(%i(p), i, (p)|(xi(p), Ti,; (p)) satisty (5) — (7),
and (9)}
(12)
Furthermore, in (11), Z; ;(p) is calculated by:
1
Zii(p) 5(»@‘,3‘(1) 1) +z,;(p—1)) (13)

where z; ;(p) is the local copy of Z;;(p) that is received
from Zone j via the communication network at iteration p.
Fig. 4 illustrates a physical shipboard power system and its
communication architecture of synchronous ADMM. In Fig.
4, each agent is equipped with a GPS to ensure the same clock.

The processes of the synchronous ADMM algorithm are
shown in Algorithm 1. Two stopping criteria are concerned:
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Fig. 4. The communication architecture of synchronous
ADMM

Algorithm 1: Synchronous ADMM

1: Set the tolerance gaps &1, &2, and the penalty parameter
p.

2: At the beginning of the time step ¢, the agents collect
parameters of the local optimization problem (11) from
local measurements. The agents initialize Lagrangian
multiplier A;(0) and set p + 1.

3: while p <NP or (14) is not satisfied do

: For each Zone i, where ¢ € Z, Agent i:
5. Calculates Z; ;(p) via (13). Updates
Ai(p) < Xilp = 1) +p- (Ziy(p — 1) — Zii(p — 1))
6:  Solves local optimization problem (11) and obtains
z;(p) and Z; ;(p). Duplicates variables
2ji(p) = —&; ;(p). Waits tso1.
7:  Sends z; ;(p) to all neighbor Zones j, and receives
2;.j(p) from neighbor Zones j, where j € J;. Waits

tir.
8 pp+1
9: end while

the number of iterations exceeds the maximum number of
iterations NP, or tolerance gaps (14) are satisfied.

IXi(p) — Xi(p — D3 < &1, llzi(p) — 2:(p — D)5 < & (14)

In Algorithm 1, ¢y, is the set solution time for each
agent to solve its local optimization problem (11), and i,
is the set communication time for sending information among
agents. An illustrative timeline in one iteration of synchronous
ADMM for a communication network with three agents (each
agent connects to another two) is shown in Fig. 5. In Fig. 5,
at the beginning of one iteration, each agent implements Lines
5 and 6. The solution time for each agent may be different,
as described in the red bars in Fig. 5. After waiting ty, the
agents send information to other agents. The communication
times for each agent to receive all the required information
may differ, as illustrated in green bars in Fig. 5. After waiting
tir, @ NEW iteration starts.

|

Agent 1 [ ! > Actual solution time
| | | - (Lines 5 & 6)
_ ‘ Actual communication time
Agent 2 | | | ’  m— (Line 7)
| | |
Agent 3 _ " —> Information transmission
' I

Fig. 5. The timeline in one iteration of synchronous ADMM:
A three-agent example

III. THE PROPOSED RL-C-DMPC STRATEGY
A. Control structure

The control structure of the proposed RL-C-DMPC for
Zone 1 is shown in Fig. 6. Three main modules are included,
i.e., the DMPC module, the RL module, and the actual
shipboard power system of Zone i. The DMPC module
determines the control actions of one prediction horizon, and
the control actions of the first step are marked as P£;" and
pi’ft. Then ]Si%fn is compensated by multiplying the sum of
one and the compensation power rate, which is the output of
the RL module.

In Fig. 6, the states for prediction ’UE + =
[ngrto7pis%)17p.d,.'.,PZS’?LI]’ where kK € K;, include the

revolution speed of the propeller in one prediction horizon
starting from the current time step ¢ and the historical
generation powers of the solar panels. After a truncated section
in Fig. 6, the states for prediction are truncated to the states
(inputs) of the DQN, ie., wi; = [0}y, PRt o, PEOL ).
Furthermore, because the ramping rate of DGs should be
considered in DG generation power compensation, the DG
generation power at the last time step should also be included
in states (inputs) of the DQN, i.e., wy;, = [PE,].

The actual system state v, = [SP3" |, P&, ] includes the
SOC level of the batch of batteries and the DG generation
power at the last time step ¢ — 1 in Zone ¢. According to the
states for prediction vifj . and the actual system state vgt, the
local optimization problem (11) can be formulated by nominal
prediction models (1) and (3), and nominal system models
(5)-(7) and (9). Afterward, the agents of zones solve the local
optimization problem (11) distributively via synchronous
ADMM and the communication architecture in Fig. 4. Then,
the control actions of zones can be obtained, i.e., 155‘;“ and
ppat,

7,t

By multiplying Pffn and (l+uj,), the compensated
generation power of diesel generator of Zone 7 at time step ¢
can be implemented to the actual shipboard power system of
Zone i. Afterward, the new time step ¢ + 1 begins.

B. Implementation of the proposed RL-C-DMPC

In Fig. 6, Agent ¢+ mainly includes a DMPC module and an
RL module. To train the RL modules of the agents, this paper
adopts a centralized training mechanism and a distributed
testing (implementation) mechanism, as shown in Fig. 7. Note
that the details of the training algorithm, i.e., VDN, will be
illustrated in Section III.C.
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RL module (Zone i)
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ol Prediction architecture Other
b T models g variables
Sver ADMM| |remm—
stem A ; :
Vit rr?odels PE" *{Actual shipboard;
[r— power system |
ﬁ'b?t (Zone i) .
DMPC module (Zone i) "
Fig. 6. The control structure of Agent ¢ of the proposed RL-C-DMPC.
the “Global loss” of VDN is calculated and distributed to
the policy network in the RL module of each agent via the
RL module ADMM central server. Accordingly, the networks of the agents can
DMPcﬂdu'e T Tt DMPC&"""’ be updated and trained. Fig. 7(b) illustrates how the agents
are distributively tested. In Fig. 7(b), each agent collects the
local measurements and implements the synchronous ADMM
s - , 4 as explained in Section II.D. Afterward, the agents output the
Control i b1 local compensated control actions, and the compensated control ac-
actons 1 | Lo tions, i.e., compensated generation power of diesel generator,
i e o are implemented in each zone.
cee oo The authors adopt a distributed testing (implementation)

(a) Centralized training mechanism

RL module
DMPC module
RL module ADMM RL module
DMPC module BRI LI DVIPC module
o
A
1
|
e | s
i ! i
| Local 1 Control !
! neasurements ! actions [
i ! i
1 I 1
1 i 1
1 i 1
v v v

(b) Distributed testing mechanism

Fig. 7. Centralized training and distributed testing mecha-
nisms.

In Fig. 7(a), the central server collects the local measure-
ments obtained by the sensors in each zone. The agents whose
control structures are shown in Fig. 6 determine the com-
pensated control actions according to the local measurements.
Then, the control actions output by the agents are implemented
in the zones in the environment to obtain rewards, the next
states, and the signal of whether the episode is over. Afterward,

manner because distributed control frameworks can enhance
communication robustness compared to centralized control
frameworks [57], [58]. In distributed communication archi-
tectures, when failures, e.g., missing data and delays, occur,
the influences of the failures on the performance of the
energy management strategies can be reduced. To evaluate
the communication robustness of RL-C-DMPC, in Section
IV.C, we will compare the optimality of RL-C-DMPC and
RL-compensated MPC (RL-C-MPC), which has a centralized
control framework when failures occur. Two failure scenarios
will be studied in the evaluation of communication robustness
in Section IV.C. First, failures occur when the local measure-
ments are collected by the sensors and sent to the agents.
Second, failures occur when the control actions output by the
agents are sent to the zones for implementation. Further details
of the comparison will be explained in Section IV.C.

C. VDN-based centralized training mechanism

To train the DQN in the RL module shown in Fig. 6, this
paper proposes a centralized training mechanism based on
VDN as illustrated in Fig. 8. The basic idea of VDN is to
obtain the global Q value by summing up the local Q values.
Then the global losses derived from the global Q value are
applied to train local agents.

In Fig. 8, index ¢ of State_i, Next_state_z, Q_eval_z,
Action_i, Q_target_t, and y_i represents Zone <. Furthermore,
State_t, Next_state_z, Q_eval_t, Action_t, and Q_target_: are
state, next state after implementing the action, the Q value
of policy network, action, and Q value of target network of
Zone 1, respectively. State_: in Fig. 8 corresponds to wf: , and
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State_1 State_i
| !
v v
Policy network Policy network
(Zone 1) (Zone i)
e« — - .
Q_eval 1 -+ Q_eval i Action_1 Action_i
Actual shipboard power system (all zones)
Done Reward Next state 1 Next_state i
v v
Target network  Target network
(Zoqe 1) (Zone i)
v v
Q_target_1 Q_target i
y_1 y_i
Global loss
=
Pt ; A
Policy network ' Policy network
(Zone 1) (Zone i)

Fig. 8. Value-decomposition-network-based centralized training mechanism of DQNs in the proposed RL-C-DMPC.

w?t mentioned in the control structure of Fig. 6. Additionally,
“Reward” and “Done” in Fig. 8 are the global reward obtained
after the action is implemented, and the signal of whether the
episode is over, respectively. If the episode is over, “Done” is
set to 1, and if not, “Done” is set to 0. Furthermore, y_¢ can

be obtained by:
y; = Reward 4 v - Q_target_i - (1 — Done) (15)

where v is a discount factor. Moreover, the “Global loss” is
obtained by:

Global loss = Z(yl — Q_eval_z')2
i€

(16)

In Fig. 8, after the value and gradients of “Global loss”
are distributed to the policy networks of all zones, the policy
networks of all zones are updated distributively. Then, the
current training episode will be over. This design adopts the
backpropagation to update the weights of DQNs and the
adaptive moment estimation algorithm as the optimizer.

After the centralized training process, the trained policy
networks of zones are stored. The stored networks can be
applied for distributed testing (or implementation). The testing
mechanism is illustrated in Fig. 9. The following Section
I1.D will introduce the design of the “Actual shipboard power
system (for all zones)” in Fig. 8 and Fig. 9, which is the
environment of the training and testing mechanisms.

D. Design of the actual shipboard power system environment

Compared to the nominal models, the actual shipboard
power system contains the actual prediction models with
actual parameters. The environment in training and testing

State_1 State_i
| |
. v
Policy network Policy network

(Zone 1) (Zolne i)

|

| |

v v
Action_1 Action_i

l l

Actual shipboard power system (all zones)

l

Reward

Fig. 9. Distributed testing mechanism of DQNs in the proposed
RL-C-DMPC.

outputs the value of the next state (Next_state_i), reward
(“Reward”), and the signal of whether the episode is over
(“Done”) according to the input actions of all zones. This
subsection illustrates how the outputs are derived from the
inputs.

Because the input actions of DQNs are discrete, we design
that one action value of agent ¢ corresponds to one compen-
sation power rate, such that:

P} = P + Action_i - AP} (17)

where P;% is the starting value of compensation power rate

and APf‘f is the ratio of linear increment. Then, the compen-
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sated DG generation powers can be obtained such that:

ﬁf?n = max{min{[f’ffn : (1 + Pic,g)’ﬁiin}’ﬂzgin} (18)
where Pigjn is the compensated DG generation power. In (17),
the final compensated DG generation power is bounded by the
maximum and minimum generation powers. Then the actual
propulsion load and the actual generation power of solar panel
in Zone i, i.e., 155;0 and 1:71-5;’;1, can be obtained by (2) and (4),
respectively.

Afterwards, we design the global reward (“Reward”) for
training and testing as the negative value of the square of
power imbalance of the shipboard power system, given as:

Reward = —() _ PE" + B! — PPt — PP° — YY)
i€l
—o - Penalty

19)
where 15}_’? represents the charging power of the batch of
batteries in Zone i at time step t obtained by solving the
DMPC energy management optimization problem as shown
in Fig. 6, o is the signal of whether the ramping rate

boundaries are satisfied. In detail, if P&" — P& > RS

1
or ]55?“ — Pfiﬁl < R%™", we have o = 1, otherwise o = 0.
In (19), “Penalty” is a sufficiently large positive value.

Because of the receding horizon mechanism of DMPC, the
RL-C-DMPC proposed in this paper only compensates for DG
generation powers at the current time step ¢. Thus, one training
episode includes only one single time step, so “Done” is set
to 1.

E. A method for selecting the range of compensation power
rates

DQNs can output actions according to the states. Selecting
a small range of compensation rates may result in insufficient
compensation. On the other hand, selecting a large range of
compensation rates with a small-scale action space may lead
to large compensation errors. Furthermore, selecting a large
range of compensation rates with a large-scale action space
may take a lot of time to train DQNs. Thus, selecting a proper
range of compensation rates is important for RL-C-DMPC.
Accordingly, this subsection proposes a specific method to
select proper ranges of compensation rates for RL-C-DMPC
for shipboard power system energy management.

If the boundaries of power imbalance can be obtained, the
boundaries of compensation power rates can be estimated. For
example, if we know the boundaries of uncertain parameters
KZ-Q, ¢, and 0, we can calculate the largest and smallest gaps
between the proportion loads and generation powers of solar
panels using the nominal and actual prediction models. These
gaps are marked as D PP pppromn DP;Ol’max, and
DP°"™" Then the lower and upper boundaries of power
imbalances can be obtained by DPP™™™ — ppeohmax anq
DPPrO™ax _ pprobmin Afterward, the range of compensation

o

Fig. 10. Solar panels in the lab of Lingshui Port in the area
of the voyage.

Table I: Parameters of the diesel generators and batches of
batteries in the case study

DG B?en ﬁfen Egen ngen
1-3 0kW 2000kW  -1600kW 1600 kW
Battery PP P EPt B
1 -375kW - 375kW 37.5kW.h  337.5kWh
2 -375kW  375kW  37.5kW.h  337.5kWh
3 -525kW 525kW 52.5kW.h  472.5kWh

rates can be obtained as follows:
Range = (- Y _(Dppromax _ pprelminy /3~ prer

€T €L (20)
Range _ C . Z(Dpipro,min _ DPisol,maX)/ Zﬁfen
€L €L

where ( is a margin coefficient larger than 1 to avoid insuffi-
cient compensation, e.g., 1.2. Furthermore, Range and Range
are the upper and lower boundaries of compensation rates,
respectively.

IV. CASE STUDY
A. Basic settings

This section tests the proposed RL-C-DMPC strategy for
the energy management of the shipboard power system in
Fig. 2. The lengths of a time step and a prediction horizon
are 1h and 24h, respectively. The parameters of the DGs
and the batches of batteries are shown in Table 1. The rated
powers of the Service load 1 and 2 are 400kW and 200 kW,
respectively. The rated Propulsion loads 1 and 2 are both
2200kW. Furthermore, since the rated power of solar panels
is around 1kW/m?2, according to the spaces of “Yukun”, the
rated generation powers of Solar panels 1 to 3 are 30kW,
90kW, and 30kW, respectively.

To show the effectiveness of the proposed RL-C-DMPC
on handling uncertainties, the power imbalances with DMPC
(no compensation) and those with RL-C-DMPC are com-
pared. The DMPC solves the optimization problem (10) using
nominal prediction models via synchronous ADMM, and the
RL-C-DMPC treats the solution of DMPC as the baseline
control. During centralized training, the optimization problem
(10) is solved by “quadprog” function in Matlab. During
distributed testing, (10) is solved by ADMM where the local
optimization problems are solved by “quadprog” function in
Matlab. The DQNSs of RL-C-DMPC are trained and tested via
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Fig. 11. Global losses and rewards during training processes of DQNs in the proposed RL-C-DMPC.

the mechanisms in Fig. 8 and Fig. 9 under the environment
mentioned in Section III.C.

The revolution speeds of the propeller are collected by the
measurement system on ‘“YuKun” during its sailing on the
Yellow Sea in the northeast of China. The historical solar
generation powers are collected by the solar panels in the
lab of the Lingshui Port near Yellow Sea (the same area as
the voyage), as shown in Fig. 10. Because large p, d, and
q values of ARIMA(p,d,q) model increase the computational
burden, this paper adopts ARIMA models whose p+d-+q values
are no larger than five. Since ARIMA(2,1,1) most fits the
solar radiation data in Lingshui Port among ARIMA models
satisfying p+d+q<5, ARIMA(2,1,1) is adopted in this paper.
The parameters in nominal prediction models biased from
those in actual prediction models are listed in Table II, where
else three cases with different nominal models are used in
DMPC and considered for testing the general performance of
the proposed RL-C-DMPC. Furthermore, “AM” represents the
parameters of the actual prediction model, and “NM-1" to
“NM-3” represent the parameters of the nominal prediction
models in the three cases.

Furthermore, we collect 5000 groups of training data and

Table II: The biased parameters between nominal and actual
prediction models (AM: actual model, NM: nominal model)

Parameters AM NM-1 NM-2 NM-3
K2 1 098 1 0.98
K2 1 1 097 097
bo 1 097 097 097

2 1| ke

%0.8’

S06f

Soaf

%0.2

@0 20 40 60 80 100

Test case

Fig. 12. Actual and predicted solar generation powers for 100
test cases.

100 groups of testing data (i.e., 100 test cases). The predicted
solar generation powers versus the actual solar generation
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powers for 100 test cases are shown in Fig. 12 (in p.u. values).
The batch size of the training process is 1000. For every 40
episodes, the target network is updated according to the current
policy network. The dimension of the hidden layer is 128 and
the rectified linear unit is selected as the activation function.
The training and testing processes are implemented on Python
3.11.2. The maximum number of training episodes for all cases
is 40000.

Moreover, to evaluate the frequency stability when power
imbalances occur, the following frequency regulation model is
used [59]:

DR+ P - P - PR - P =
=s @1
S (KGE 1 KGE™) - (f — fo)

i€

where KG¥*" is the damping coefficient of the DG in zone
i, KGP' is the damping coefficient of the propulsion load in
zone i, f is the frequency of the shipboard power system, and
fo = 50 is the fundamental frequency. The left-hand side of
(21) is the power imbalance, and the right-hand side of (21) is
the sum of damping coefficients multiplied by the frequency
variation. The damping coefficients of DG1 to DG3 are 2,
and the damping coefficients of two propulsion loads are 2.2
[59]-[61]. This simulation assumes that only the DGs and the
propulsion loads join in the frequency regulation.

B. Training and testing results of NM-1 to NM-3

The training processes of NM-1 to NM-3 are shown in Fig.
11. From Fig. 11, it can be observed that for NM-1 to NM-3,
the global losses decrease as the training processes proceed.
The global losses converge before 40000 episodes are trained.
Furthermore, the global rewards as mentioned in (19) increase
and approach zero as the training processes proceed. Since
for NM-3, the deviations of parameters are larger than NM-
1 and NM-2, the global losses and rewards are the largest
among NM-1 to NM-3 during training. The global losses and
rewards curves show the convergence and effectiveness of the
proposed RL-C-DMPC.

Fig. 13 and Fig. 14 show the testing results of NM-1 to
NM-3. Fig. 13 shows the power imbalances of 100 test cases
of NM-1 to NM-3. The red and blue curves show the power
imbalances when implementing the baseline control without
compensation and the baseline control with compensation to
the actual shipboard power system environment, respectively.
Since the deviations of the parameters of NM-3 is larger
than NM-1 and NM-2, the power imbalance is the largest
among NM-1 to NM-3 on average for implementing the
baseline control without compensation. From Fig. 13, it can
be observed that, with compensation, i.e., our proposed RL-
C-DMPC, the power imbalances can be largely reduced for
NM-1 to NM-3. The reduction ratio can be around 90% of
the power imbalance of the baseline control on average.

Fig. 14 further shows the details of the compensation
powers of NM-1 to NM-3 for 100 test cases. Since the
compensated generation power is the sum of the generation
power obtained by DMPC and the compensation power,
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Fig. 13. Power imbalance comparisons between those with and
without compensation for 100 different test cases.

negative compensation powers in Fig. 14 mean that, after
compensation, the compensated generation powers of the
generators are reduced compared to the generation powers
obtained by DMPC. From Fig. 14, it can be observed that,
after training, all the agents are involved in compensating the
power imbalances and contributing to rectifying the power
imbalances. In a few test cases among 100 test cases of
NM-1 to NM-3, although some agents contribute negatively
to enlarge the power imbalance, e.g., in the 4th and 5th
test cases of NM-1, the total contributions of the agents can
successfully rectify the power imbalance as shown in Fig. 13.
Finally, after compensation, the details of the compensated
generation powers and the consumed powers for NM-1 to
NM-3 are shown in Fig. 15. Thus, from Fig. 13, Fig. 14, and
Fig. 15, it can be observed that the agents work distributed
and succeed to rectify the power imbalances caused by the
inaccurate parameters in nominal prediction models with our
proposed RL-C-DMPC.

Fig. 16 shows the frequency variation simulation results.
The frequency variation (in percentage) is defined as (f —
fo)/ fo, where f is obtained via model (21). Fig. 16 shows that,
without compensation, the frequency variations may exceed
the security range (normally from —5% to 5%). However, the
frequency variations can remain in the security range with
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Fig. 14. Compensation powers of agents for NM-1 to NM-3
for 100 different test cases.

compensation. Thus, our proposed RL-C-DMPC is vital for
the shipboard power system frequency stability.

C. Communication robustness evaluation of RL-C-DMPC

To show the communication robustness of RL-C-DMPC,
this subsection will compare the optimality of RL-C-MPC and
the proposed RL-C-DMPC under failures. Two scenarios of
failures explained in Section III.B are concerned. The control
structure and the training/testing mechanism of RL-C-MPC
are shown in Fig. 17 and Fig. 18, respectively.

As shown in Fig. 17, there is only one central agent with an
MPC module and an RL module to determine control actions.
DQN is used in the RL module of RL-C-MPC, as is the case
with RL-C-DMPC. The training data of RL-C-MPC is the
same as RL-C-DMPC. In Fig. 17, v©, vl, chn Pbat, wr,
wY, and uf are the combinations of variables vicft, vf: ., P
sz?t, w;, Hn ?t and uf:t for all zones, i.e., ¢ € Z, respectively.
The algorlthm for solving the global optimization problem (10)
is the interior point method. Regarding the implementation of
RL-C-MPC, as illustrated in Fig. 18, the local measurements
are collected and sent to the central server. Then, the central
agent, whose control structure is shown in Fig. 17, outputs
the compensated control actions. Afterward, the central agent
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Fig. 15. Active power details for NM-1 to NM-3 for 100
different test cases.

distributes the compensated control actions to all the zones via
communication architecture.

In the simulation of communication robustness, we study the
performances when the failure rates vary from 10% to 50%.
The failure rate is the probability that collected observation
data, information, or control actions may fail to be sent to the
target agent(s) or zones. For each failure rate value, 30 cases
are tested. When failures occur during collecting and sending
observation data, we assume that the observation data remains
the one received at the last time step [57], [62], [63]. When
failures occur during sending control actions, we assume that
the control actions remain the ones of the last time step [57],
[64], [65].

To evaluate the performances of RL-C-MPC and RL-C-
DMPC under failure scenarios, we define the optimality
gaps of RL-C-DMPC and RL-C-MPC as |JP — J*|/J* and
|JC—J*|/J*, where JP and J€ are Y, _; J; (global objective
function values) obtained by RL-C-DMPC and RL-C-MPC,
respectively, and J* is the optimal global objective function
value when no communication failures occur. Moreover, we
also define the relative gap |JP — J€|/JC to quantify the
comparison results between RL-C-DMPC and RL-C-MPC.

The optimality gaps of RL-C-MPC and RL-C-DMPC under
failure scenarios are shown in Fig. 19. In Fig. 19, the black
crosses represent the mean values of the optimality gaps
regarding each failure rate. The mean values (“Mean”) and
variances (‘“Var”) of the optimality gaps for RL-C-DMPC and
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Fig. 17. The control structure of the central agent of RL-C-
MPC.

RL-C-MPC are also marked in Fig. 19. From Fig. 19, it can
be observed that when failure rates increase, mean values
and variances of optimality gaps generally increase. Moreover,
for all failure rate values, the variances of optimality gaps
of RL-C-DMPC are smaller than those of RL-C-MPC. This
demonstrates that the performance of RL-C-DMPC is more
stable than RL-C-MPC when communication failures occur.
Furthermore, the mean values of optimality gaps of RL-C-
DMPC are smaller than those of RL-C-MPC. In details, the
relative gaps are 0.5687, 0.6873, 0.7394, 0.7337, and 0.6889,
respectively. From the relative gaps, it can be observed that
when the failure rate increases, the relative gaps generally
increase, so the effectiveness of the communication robustness
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Fig. 18. Training/testing mechanism of RL-C-MPC.
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Fig. 19. Optimality gaps of RL-C-MPC and RL-C-DMPC
under failure scenarios.

enhancement of RL-C-DMPC increases. Thus, our proposed
distributed control strategy, i.e., RL-C-DMPC, is more robust
than the centralized control strategy, i.e., RL-C-MPC, when
communication failures occur.

V. CONCLUSION

This paper proposed a novel RL-C-DMPC strategy to ad-
dress the issue of power imbalances in shipboard power sys-
tems caused by inaccurate predictions resulting from uncertain
parameters in the nominal prediction models of DMPC (or
MPC). The proposed RL-C-DMPC introduces RL modules to
distributively obtain the compensations for the DG generation
powers obtained from DMPC baseline control, effectively
rectifying the power imbalances for all-electric diesel-solar
vessels. Consequently, the frequency stability of the shipboard
power systems can in the end be ensured.

The research on using RL to compensate for the control
actions obtained by DMPC in distributed control frameworks
has not been studied yet, so the proposed RL-C-DMPC is
to explore this new area. Furthermore, we present a value-
decomposition-network-based training and distributed testing
mechanism while also proposing a method to select appropri-
ate compensation rates tailored for shipboard power systems’
energy management.

The effectiveness of RL-C-DMPC is tested through case
studies based on real-life voyage data and historical solar
generation power data. The results demonstrate that the pro-
posed RL-C-DMPC substantially reduces the power imbal-
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ances, reaching around 90% reduction, when compared to
the baseline control, i.e., DMPC. Furthermore, the proposed
RL-C-DMPC, which has a distributed control framework,
enhances the communication robustness compared to RL-
C-MPC, which has a centralized control framework. This
substantial reduction in power imbalances and enhancement
in communication robustness indicate a promising approach
to mitigate the influence of uncertain parameters in nominal
prediction models in the energy management of shipboard
power systems. The findings highlight the impacts of the pro-
posed RL-C-DMPC strategy on control microgrids and multi-
agent systems in distributed control frameworks since it does
not need to formulate accurate physics-based nominal models
for all uncertainty sources, making it a practical and efficient
solution. In future works, we will include the compensations
for charging/discharging powers in RL-C-DMPC.
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