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Abstract— Shipboard power systems are increasingly 

transforming into complex microgrids with high penetration of 

power electronics, nonlinear loads, and mission-critical supply 

requirements. These characteristics amplify voltage fluctuations, 

undesirable harmonics, and instability particularly under 

contingency conditions and pulsed or rapidly varying loads. 

Distributed flexible AC transmission systems (D-FACTS) offer 

effective voltage support and power quality enhancement; 

however, their performance remains highly dependent on 

controller tuning, limiting adaptivity under dynamic operational 

conditions. This paper proposes a hybrid machine learning (ML)-

based control framework combining deep learning and 

reinforcement learning to enhance distributed shunt 

compensators performance in shipboard power systems. The 

proposed framework is implemented to a realistic diesel-electric 

ship power system model with the integration of real-time, 

hardware-in-the-loop (HIL) simulations. Also, we compare the 

effectiveness of different shunt controllers with conventional 

methods. Finally, the results demonstrate a prominent 

improvement in voltage stability and overall performance across 

various operating scenarios.  

Index Terms—Deep reinforcement learning, D-STATCOM, D-

SVC, machine learning, ship power systems. 

I. INTRODUCTION 

Electrification of naval and commercial vessels is 
approaching the development of modern shipboard power 
systems (SBPSs) towards a dominance of inverter-controlled 
AC-DC microgrids, characterized by low mechanical inertia, 
limited short-circuit capacity and high nonlinear and pulsed 
loads, propulsion drives, and other vital systems [1]. These 
characteristics induce, compared to conventional terrestrial 
grids, higher requirements for control of the power supply in 
terms of the stability, dynamics, power quality, and the 
reliability of the system [2].  

In recent years, power electronics-based shunt controllers 
have shifted the applications of flexible AC transmission 
systems (FACTS) devices from transmission to distribution, 
such as distribution-Static Var Compensators (D-SVCs) and 
Static Synchronous Compensators (D-STATCOMs) [3]. 

Dynamic reactive support, voltage regulation, and harmonic 
mitigation are among characteristics that are provided by these 
devices. For shipboard applications where mass, space, and 
temperature constraints are crucial, the quick controllability, 
modularity, and compactness of distribution shunt 
compensators make them appealing [4].  

Ship power systems come with special challenges. In terms 
of loading, sudden pulsed power loads from propulsion motors 
to pulsed radars can occur frequently. In the context of 
equipment arrangement, space onboard is limited, so 
equipment must stay compact yet lightweight. From a topology 
point of view, some ships use hybrid AC and DC zones where 
power flow is bidirectional. From an operational perspective, 
there are limited short-circuit capability, severe voltage dips, 
problems like flicker, harmonics, and unbalanced loads. Shunt 
FACTS devices suit ships well since they react quickly to 
sudden load variations and contingency conditions such as 
faults [5]-[6]. Additionally, they provide fast reactive power 
support to stabilize voltage, improve voltage fluctuations or 
flicker by injecting current, and mitigate harmonics caused by 
inverter-based resources (IBRs). In [7], D-STATCOM was 
used to control voltage in an electric ship power system. An 
adaptive technique based on the artificial immune system was 
also used to adjust the STATCOM control parameters. 
However, a trivial electric ship model was used that lacked 
today’s integration of modern hybrid AC/DC ship energy 
systems.  

Aside from operational characteristics of converter-based 
shunt compensators, their control has a direct and significant 
impact on their robustness and effectiveness. Although they 
are effective in many applications, traditional control strategies 
(e.g., conventional PID, current control, droop, and virtual 
impedance schemes, vector controllers) depend on system 
linearization, tuned controller gains, and physics-based models 
that might not apply to the broad operating range of a modern 
ship microgrid [8].  

Machine learning approaches for control of shunt 
compensators (especially model-free and data-driven methods 
such as deep learning, reinforcement learning, and hybrid 
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learning-based supervisory schemes) offer several promising 
advantages on ship power systems compared to their 
conventional counterparts. For instance, ML-based controllers 
facilitate adaptive performance through varying operating 
modes. They learn control policies without the need for manual 
retuning controller gains. Moreover, they permit multi-
objective optimization, to enhance voltage stability, power 
quality, and efficiency metrics simultaneously [9]. Besides 
that, ML makes it possible for the supervisory control to 
coordinate the most advanced FACTS devices along with the 
energy storage units. 

Recent reviews unveil a very limited comprehensive study 
of distributed shunt controllers in modern all-electric ship 
power systems and their impacts in improving voltage quality, 
reactive power compensation, and stability. This paper tackles 
the existing gaps by presenting a focused investigation of D-
SVC and D-STATCOM performance using a weakly coupled 
deep Q-network (WCDQN) control algorithm [10]. The study 
is conducted on a real-world diesel-electric shipboard power 
system model, incorporating HIL simulations and various 
operating scenarios. Specifically, the contributions are: 

• A dynamic real-world model of shipboard test case 
with HIL simulations that capture realistic behavior 
with AC/DC interfaces and pulsed heavy loads. 

• A side-by-side performance comparison of D-SVC, 
and D-STATCOM under various operating scenarios.  

• Design and evaluation of an integrated ML-based 
control architecture that pairs shunt D-FACTS devices 
with the rest of the system to improve resilience and 
reduce required device ratings. 

II. MODELING OF THE SHIPBOARD POWER SYSTEM AND 

SHUNT COMPENSATORS 

In this section, the shipboard power system under study is 
detailed out. Then, the model and control structure of D-SVC 
and D-STATCOM are presented. 

A.  Model of the Ship Power System Under Study 

The ship power system analyzed in this paper is based on 
the 14 MW national security multi mission vessel (NSMV), 
which serves as a realistic platform for testing the proposed 
algorithm [11]. Fig. 1 illustrates the diesel-electric shipboard 
power system used in the work. For clarity, only one of the two 
identical engine rooms is shown. The full system includes four 
diesel-electric engines, each rated at 4.2 MW, providing a 
combined output of approximately 14.28 MW. Within each 
engine room, two diesel generators (DGs) supply their 
respective 6.6 kV busbars. The ship uses two electric motors for 
propulsion, each rated at 4.5 MW, connected via a single shaft 
with an efficiency of 94% and operating at a 95% load factor.  

The propulsion motors in each engine room are supplied 
through a variable-speed power converter linked to a three-
winding transformer and the bow thruster motor is powered by 
an autotransformer. The vessel also includes an emergency 
diesel generator rated at 900 kW. Under normal conditions, the 
engine rooms serve as the primary source of power for the 
ship’s low-voltage (LV) distribution network. 

 

Figure 1. Ship power system under study 

B. Model and Control of D-SVC 

The D-SVC is categorized under the distributed flexible AC 
transmission system (D-FACTS) devices. It regulates the V-Q 
profile of the system by adjusting the reactive power to regulate 
its bus voltage. In this paper, we consider the thyristor switched 
capacitor-thyristor controlled reactor (TSC-TCR)–type 
distribution SVC (D-SVC) as shown in Fig. 2. It provides 
smoother reactive power control, has lower reactance value, 
and better mitigates harmonics compared to fixed capacitor-
type SVC. Control block diagram of the D-SVC is shown in 
Fig. 2 as well. This block diagram simply shows how D-SVC 
adjusts its bus voltage. More detail on implementation of the 
proposed control algorithm is discussed in the next section.  

TCR and TSC are connected to the secondary side of a step-
down transformer to which shunt filters are connected. This 
regulates required reactive power by controlling capacitor and 
inductive banks through thyristor switches. D-SVC dynamic 
model is represented in (1) as follows [12]:  

 

 

Figure 2. D-SVC schematic and control block diagram 
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[𝑋̇𝑐

𝛼̇
] = 𝑓𝑢𝑛𝑐(𝑥𝑐 , 𝛼, 𝑉𝑆𝑉𝐶 , 𝑉𝑟𝑒𝑓) 

{

𝐵𝑆𝑉𝐶 𝑉𝑖 = 𝐼𝑆𝑉𝐶

𝐵𝑆𝑉𝐶 𝑉𝑖
2 = 𝑄𝑆𝑉𝐶

𝐵𝑆𝑉𝐶 =
1

𝑋𝐶𝑋𝐿
[𝑋𝐿 −

𝑋𝐶

𝜋
(𝜋 − 2𝛼𝑆𝑉𝐶 − sin(2𝛼𝑆𝑉𝐶) )]

      (1) 

where 𝑋𝑐 is the control vector, 𝑓𝑢𝑛𝑐 represents mathematical 
equations relating the parameters, 𝛼 is the firing angle of the 
SCRs, 𝑉𝑆𝑉𝐶 (𝑉𝑖)  is the voltage of the SVC bus, 𝑉𝑟𝑒𝑓  is the bus 

reference voltage, and 𝐵𝑠𝑣𝑐 is the susceptance of the SVC.  

C. Model and Control of D-STATCOM 

The D-STATCOM is a shunt var compensator that uses 
voltage source converters (VSCs) as an interface with the point 
of connection instead of variable-impedance switched 
capacitors or inductors. It automatically regulates the voltage 
by exchanging reactive power with the system, either injecting 
or absorbing. D-STATCOM can operate in different control 
modes, such as voltage control, reactive power control, and 
power factor control. Additionally, it can work in 
voltage/current mode controls, controlling injected voltage or 
current, respectively. Figs. 3 and 4 show schematic and control 
block diagram of D-STATCOM, respectively. D-STATCOM 
dynamic model can be represented as follows [12]: 

𝑑

𝑑𝑡
[

𝑖𝑑𝑞(𝑝)

𝑖𝑑𝑞(𝑛)

𝑉𝑑𝑐

] = [

⋯ ⋯ ⋯
⋮ 𝑓𝑢𝑛𝑐(𝑅𝑔, 𝐿𝑔, 𝜔∗, 𝐶 ) ⋮

⋯ ⋯ ⋯
] [

𝑖𝑑𝑞(𝑝)

𝑖𝑑𝑞(𝑛)

𝑉𝑑𝑐

] + 

                        𝐵𝑑𝑞 [

𝑖𝑑𝑞(𝑝)

𝑖𝑑𝑞(𝑛)

𝑉𝑑𝑐

] + 𝐷 [

𝑣𝑑𝑞(𝑝)

𝑣𝑑𝑞(𝑛)

0
]                          (2) 

𝐵𝑑𝑞 = [

⋯ ⋯ ⋯
⋮ 𝑓𝑢𝑛𝑐(𝐿𝑔, 𝜔∗, 𝐶, 𝑆𝑑𝑞(𝑝), 𝑆𝑑𝑞(𝑛), 𝑘𝑚) ⋮

⋯ ⋯ ⋯
]     (3) 

where 𝑖𝑑𝑞(𝑝), 𝑖𝑑𝑞(𝑛), 𝑣𝑑𝑞(𝑝), 𝑣𝑑𝑞(𝑛), 𝑆𝑑𝑞(𝑝) and 𝑆𝑑𝑞(𝑛) are 

positive and negative sequence of the dq-frame current, voltage, 
and switching functions, respectively. 𝑅𝑔 and 𝐿𝑔 are the 

network-side resistance and inductance, respectively. 𝑉𝑑𝑐 is the 
dc link voltage, 𝐶 is the dc link capacitor, 𝜔∗ is the angular 
velocity at the network rated frequency, 𝐷 = 𝜔∗/𝐿𝑔, and 𝑘𝑚 is 

the constant coefficient linking AC and DC side voltages.  

 

 

Figure 3. D-STATCOM schematic 

 

 

 

 
 

 

Figure 4. D-STATCOM control block diagram 

III. PROPOSED DEEP REINFIRCEMENT LEARNING -BASED 

ADAPTIVE CONTROL  

In this section, we explore how the proposed WCDQN 

algorithm is applied for adaptive tuning of D-SVC and D-

STATCOM PID control parameters.   

A. Introduction to WCDQN Algorithm 

The WCDQN approach [10] is derived from the traditional 
DQN framework but incorporates Lagrangian relaxation to 
establish upper and lower bounds. Similar to deep Q-network, 
it features a primary Q-network, denoted as 𝑄′ (𝑠, 𝑎;  𝜃), which 
is trained to approximate the action–value function for the 
overall decision-making problem. In addition, the method 

employs several subagent networks 𝑄𝑖
𝜆 (𝑠𝑠  , 𝑎𝑖  ;  𝜃𝑈 ), each 

responsible for learning the action–value function associated 
with its corresponding subproblem. Within this formulation, 𝑆 
represents the set of possible states, 𝒜 is the discrete action 
space, and 𝜃 denotes the neural network parameters. State 
transitions occur based on a probability function 𝑝, and each 
state–action pair generates a reward 𝑟(𝑠, 𝑎). The action-value 
function in the WCDQN is written as: 

𝑄𝑖,𝑗+1
𝜆 (𝑠𝑖  , 𝑎𝑖) =  𝑄𝑖,𝑗

𝜆   (𝑠𝑖  , 𝑎𝑖) +  𝜌𝑛(𝑠𝑖  , 𝑎𝑖)[[𝑦𝑖,𝑗
𝜆  −

 𝑄𝑖,𝑗
𝜆  (𝑠𝑖  , 𝑎𝑖)]                                                                     (4) 

where 𝜌𝑛 is learning rate and 𝜎𝑖,𝑗
𝜆  is the target value function 

defined as: 

 𝜎𝑖,𝑗
𝜆  =  𝑟𝑖(𝑠𝑖  , 𝑎𝑖) −  𝜆𝑇𝒅(𝑠𝑖  , 𝑎𝑖) + 𝛾 𝑚𝑎𝑥𝑎𝑖

′  𝑄𝑖,𝑗
𝜆 (𝑠𝑖

′ , 𝑎𝑖
′)   (5) 

In (5), 𝜆 represents the penalty vector applied when a chosen 
action fails to enhance the system’s state, and 𝑟(𝑠, 𝑎) denotes 
the reward assigned to taking action 𝑎 in state 𝑠 according to 
the specified reward function. The WCDQN method achieves 
better performance than standard DQN by refining the loss 
function so that the error in estimating the Q-values is more 
accurately captured and minimized. The revised loss function 
is defined as follows [10]-[11]: 

ℓ(𝜃)  = 𝔼𝑠,𝑎∼𝜌,𝜆∼µ [ (𝜎 −  𝑄′(𝒔, 𝒂;  𝜃))
2

+ 𝜅𝑈( 𝑄′(𝒔, 𝒂;  𝜃) −

𝜎𝑈)+
2

]                                                                                     (6) 

where (𝑥)+ = max(𝑥, 0), and 𝜅𝑈 is a soft penalty coefficient, 
and: 
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𝜎 =  𝑟(𝑠 , 𝑎) − 𝛾 𝔼 [𝑚𝑎𝑥𝑎′∈𝒜(𝑠′) 𝑄′(𝑠′, 𝑎′; 𝜃−)]           (7) 

𝜎𝑈  =  𝑟(𝑠 , 𝑎) − 𝛾 𝔼[𝑚𝑎𝑥𝑎′∈𝒜𝑄𝜆∗
(𝑠′, 𝑎′; 𝜃𝑈

−)]              (8) 

The WCDQN training procedure largely resembles that of 
the standard DQN framework but includes several key 
improvements. At every training step, an action is chosen using 
an ϵ-greedy strategy from the set of available actions, and the 
resulting transition is saved in the replay buffer 𝑩(ð) as a tuple 
𝜏(𝑠, 𝑎, 𝑟, 𝑏, 𝑠′) for later use. The network’s value estimates are 
then updated accordingly. Afterward, each network performs a 
stochastic gradient descent update using its corresponding loss 
function, where estimates of the available actions are obtained 
by sampling mini-batches that contain tuples 𝜏 and 𝜆. The 
penalty factor 𝜅𝑈 may be set to a constant positive value or 
dynamically adjusted throughout training.  

B. WCDQN Control Strategy for Shunt Compensators  

The proposed WCDQN is applied to tune D-SVC and D-
STATCOM control parameters as follows [13]-[14]: 

1) D-SVC: 

a) The state space of the system is mapped to 𝑠 ∈

{𝑉𝑆𝑉𝐶(𝑖), 𝑉𝑆𝑉𝐶(𝑖)
𝑟𝑒𝑓

, 𝐵𝑆𝑉𝐶}. 

b) The action space is defined as 𝑎 ∈
𝐴{𝑉𝑆𝑉𝐶(𝑚𝑖𝑛), 𝑉𝑆𝑉𝐶(𝑚𝑎𝑥), 𝐾𝑝 , 𝐾𝑖 , 𝐾𝑑}. 

c) The reward function is defined as:  

                       𝑟(𝑠𝑖 , 𝑎𝑖) = 𝑒
− (

|(VSVC(i)−VSVC(i)
ref )|

2

2𝜏2 )

                 (9)         

Where 𝜏 is a control parameter to guarantee the accuracy.  

 

2) D-STATCOM: 

a) The state space of the system is mapped to 𝑠 ∈
{𝑉𝑖 , 𝑉𝑖(𝑟𝑒𝑓), 𝐼𝑖 , 𝐼𝑖(𝑟𝑒𝑓), 𝜔𝑖 , 𝑉𝑑𝑐 , 𝑉𝑑𝑐(𝑟𝑒𝑓)}. 

b) The action space is defined as 𝑎 ∈
𝐴{𝐼𝑑 , 𝐼𝑞 , 𝐾𝑝, 𝐾𝑖 , 𝐾𝑑}.  

c) The reward function is defined as:  

                  𝑟(𝑠𝑖 , 𝑎𝑖) = 𝑒−(𝜀𝑉𝑖,∆
2 ) − (𝜉 (

𝑑𝑉𝑖

𝑑𝑡
)

2

+ 𝜗𝑇𝑠𝑖
2)        (10) 

where 
𝑑𝑉𝑖

𝑑𝑡
 is measured rate of change of bus voltage, 𝑉𝑖,∆ is the 

deviation of measured bus voltage from the reference voltage, 
𝑇𝑠 is the settling time of the system voltage after disturbance, 
and 𝜉, 𝜗, 𝜀 are the penalty multipliers.  

IV. HIL SETUP AND SIMULATION RESULTS 

A. HIL Experimental Setup 

Fig. 5 shows the HIL setup for this study. The shipboard 
power system was modeled in real-time using the 
MATLAB/SIMULINK library. The D-SVC and D-
STATCOM hardware developed using LabVolt power 
modules, including thyristors (SCRs), capacitor banks, 
inductor banks, smoothing filters, and three-phase IGBT-based 
voltage source inverter (VSI). The hardware interface was 
Real-Time Target Machine digital simulator and GPIO unit. 
The proposed control algorithm is implemented on a real-time 

platform using MATLAB function running with a 50 μs time 
step. Gate signals for the VSI module are produced by the 
Target Machine at a 10 kHz switching frequency. The 
simulator’s GPIO outputs are used to interface with the S Rs 
and VSI gate inputs. 

B. Operating Scenarios and Simulation Results 

1) Scenario 1: Sudden Critical Load Change 
In this scenario, a sudden critical load change occurs via 

loss of the bow thruster motor in the engine room #1 at 𝑡 =
1 𝑠𝑒𝑐. The response of the shunt compensators and the 
proposed control algorithm are examined in this scenario. 
Voltage and frequency of the system at bus 1 is depicted in Fig. 
6. It is observed that the conventional control does not keep up 
with the changes leading to severe frequency and voltage 
instability. The D-STATCOM successfully damped voltage 
and frequency oscillations under 4 secs, with a fast and smooth 
response while the D-SVC struggled to damp oscillations in a 
timely manner. 

 

   

 

 

 

 

 

 

 

 

 

 

 

 

 

   

 

 

 

 
Figure 6. System response to sudden loss of the bow thruster motor: voltage 

and frequency of Bus 1 
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1) Scenario 2: Pulsed Power Load 

In this scenario a pulsed power load (PPL) is simulated and 

applied to the system and results are shown in Fig. 7. The D-

STATCOM outperforms the D-SVC by providing the least 

deviation in voltage and frequency profiles at bus 1 during the 

PPL and can recover the voltage and frequency faster and more 

effectively. The D-SVC shows higher magnitude deviations in 

voltage and frequency with a longer damping characteristic. 

Nevertheless, both shunt compensators bring significant 

improvement compared to the system’s default control.   

2) Scenario 3: Balanced Three-Phase Fault 

This scenario examines the system performance under a 

balanced three-phase fault at bus #2.  The fault happens at 𝑡 =
1 𝑠𝑒𝑐 and is cleared after 50 ms. Results are presented in Fig. 

8. The D-STATCOM offers a better voltage and frequency 

control within and after the fault, via less voltage dip, faster 

recovery time at about 3 sec, and significant damping 

characteristics compared to the D-SVC.  

 

 

Figure 7. System response to PPL: voltage and frequency of Bus 1 

 

Figure 8. System response to a balanced three-phase fault at bus #2: voltage 

and frequency of Bus 1 

V. CONCLUSION 

In summary, this work demonstrates that integration of 

deep reinforcement learning into the control of distributed 

shunt compensators can significantly strengthen the resilience 

and performance of modern shipboard power systems. By 

applying the proposed WCDQN framework to a realistic 

diesel-electric vessel and validating it through real-time HIL 

simulations, we show that intelligent, adaptive control offers 

clear advantages over conventional methods, especially under 

rapidly changing or stressed operating conditions. The 

comparative results highlight notable gains in voltage stability, 

improved handling of nonlinear and pulsed loads, and a more 

robust response to system contingencies. 
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