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Abstract

This paper demonstrates a novel modular distributed framework that uses optimal energy-dispatching strategies
to enable greater flexibility and profitability in nuclear-renewable integrated energy systems (NR-IES). Hydrogen
is used as a commodity in this framework since its production can improve grid stability and system operational
flexibility, decarbonize heavy industry, and create an additional revenue stream for electricity generators, particularly
nuclear power plants with high operational expenses. The proposed solution addresses the challenges associated
with merging multiple software and services from various domains by using functional mock-up units (FMU) to co-
simulate diverse subsystems designed in various platforms. The tightly coupled IES is optimized to maximize revenue
by utilizing the deep reinforcement learning (DRL) technique to make smart dispatching decisions based on variable
electricity prices and the availability of renewable energy. Proximal policy optimization (PPO) algorithm is used
in training and testing the DRL agent. Over a period of 120 days, the proposed hydrogen-based TES framework
showed about 10% revenue boost compared to a non-hydrogen generating baseline IES while also providing an
easily-adoptable framework which can help to improve the flexibility of future generation nuclear power plants.
Keywords: Nuclear renewable integrated energy system, functional mock-up interface, co-simulation, deep

reinforcement learning, hydrogen, control strategies, optimization.

1. Introduction

To address the global environmental challenges associated with climate change, a transition from fossil fuel-
based to low-carbon energy sources, such as nuclear-derived power and renewable energy is needed [1], [2], [3].
Nuclear reactors provide 20 percent of the nation’s power but have high operating costs and low revenue generating
potential, particularly during times of low electricity prices. Due to the fact that they operate at baseload and
have relatively low ramp rates (response times), most nuclear power plants are not readily capable of following the
demand at the grid, thereby rendering them inflexible. Some nuclear plants can deliver power at 70% of their full

capacity; however, this level is still too high to allow for profitability particularly when energy prices are depressed.
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Wind and solar are sources of low-cost alternative energy [4] and are recognized as being renewable and sustainable
in perpetuity. However, wind and solar energy are intermittent and vary widely according to geographical location
and climatic circumstances. The tension between the high operating costs and inflexibility of nuclear power plants,
in addition to the intermittency of renewable energy, requires that integrated energy ecosystems be implemented,
with emphasis on profitability, sustainability, and flexibility.

Integrated nuclear-renewable energy systems are seen as a promising solution [5]. Such integrated energy systems
(IES) are envisioned as a nuclear power plant coupled with renewable energy generation and industrial operations
that can simultaneously address grid flexibility, global warming challenges, and revenue maximization [6], [7], [8].
Rather than investing in infrastructure expansion, combining diverse energy systems and running them within
the same ecosystem can provide a more cost-effective and flexible solution for reliably fulfilling grid demand [9].
Implementing multi-input/multi-output IES can enable nuclear energy to support the production of additional
commodities, such as hydrogen (Hy), while also providing power for the grid and complementing the expansion of
variable renewable energy [10].

In recent years, the US Department of Energy, in addition to federal governments across the world, are rec-
ognizing the role that hydrogen must play in decarbonizing industries such as manufacturing, chemical fertilizer
production, as well as long-haul transportation over land, sea, and air [11]. As an alternative energy carrier, hydro-
gen can interface with a variety of energy sources, namely fossil fuels, nuclear power, and renewables, for various
applications [11], [12]. Due to its convenient long-term storage properties, it is seen as a secondary energy source
that can play a crucial part in the transition to a low-carbon future. However, to reduce carbon emissions, hydrogen
must be produced utilizing green energy sources like solar, wind, and nuclear energy [13], [14]. Incorporating hydro-
gen production and storage into a hybrid energy system complements the electric and natural gas grids to promote
a smooth transition to a clean energy future [15]. Furthermore, as the scale of hydrogen production and utilization
increases, it is expected that its production costs will decrease [16], and hydrogen will become more appealing.
Thus, the production of hydrogen as a commodity in a nuclear-renewable-based integrated energy system has a
wide range of practical applications while also offering an additional revenue stream.

The complexities of grid stability, the profitability of the hydrogen economy, and the intermittency of wind and
solar power, combined with the inflexibility of nuclear power plants, can be understood and dealt with through
modeling and simulation. Such simulations can be used to optimize and improve the performance of the envisioned
IES [6], [17]. A challenging aspect of designing and simulating complex IES frameworks is the integration of the
specialized subsystem models [18]. In recent years, significant research efforts have focused on combining two or
more modeling platforms to incorporate characteristics of different domains utilizing cooperative simulation (co-
simulation). Such co-simulation frameworks can provide modularity and excellent flexibility in the simulation of an
IES. To support the development of co-simulation frameworks and methodologies, emerging technologies, such as

the functional mock-up interface (FMI) implemented by a functional mock-up unit (FMU), can be utilized [19].



The operation of an IES, which includes multiple actors and assets, must be optimized to ensure maximum
flexibility and profitability. If the renewable energy resource values can be predicted, mathematical programming
can generate an accurate optimal energy management solution [20]. However, due to supply and demand variability,
scheduling the renewable energy conversion is challenging. Some investigations employed deterministic optimization
principles to address the unpredictable nature of renewable energy [21]. Nevertheless, applying deterministic prin-
ciples to non-stationary systems cannot ensure optimal performance, and modifying variables may result in capital
losses. Dynamic programming (DP) approach can be used to update the state-action pair at each step in time series
decisions [22]. However, DP requires knowledge about the system’s transition probabilities over time. Additionally,
systems with many states and actions suffer from the “curse of dimensionality.” Metaheuristic methods, such as
particle swarm optimization (PSO) [23], are frequently employed for non-linear optimization. Yet, these strategies
cannot ensure the global optimum. Furthermore, they cannot store optimization knowledge for a new assignment,
resulting in low search efficiency. With the rapid advancement of artificial intelligence (AI) in recent years, more
research has employed machine learning to optimize decision-making challenges in IES. The deep reinforcement
learning (DRL) technique is a promising method for optimizing the dynamics associated with electricity pricing,
energy generation, and consumption in energy management systems [24], [25].

This paper demonstrates a novel modular distributed framework that leverages DRL to optimize energy dis-
patching strategies, thereby enabling greater flexibility and profitability in nuclear-renewable integrated energy
systems (NR-IES). The optimal dispatching strategies heavily rely on stochastic grid pricing. This paradigm of
trading energy based on dynamic grid prices in order to increase revenue for energy providers while simultaneously
reducing costs for consumers, particularly with an eye towards underserved areas, is known as Transactive En-
ergy (TE) [26], and is gaining traction across the energy sector. By implementing the concepts of TE, this paper
utilizes DRL to optimize the energy dispatching decisions in a flexible, profitable, and tightly-coupled framework
by promoting hydrogen production during low energy prices and by prioritizing the integration of nuclear-derived
power into the grid otherwise. Previous studies have demonstrated the superiority of DRL over conventional op-
timization techniques for obtaining optimal operation in energy management systems [17], [27]. In addition, the
proposed DRI-based NR-IES framework circumvents the need for a complex mathematical optimization model.
Furthermore, this work introduces easy integration and cooperative simulation of multiple subsystems via FMI and
presents a use case for hydrogen to help maximize the overall IES revenue.

The contributions in this paper offer an adaptable and extensible framework and show how TE can be used
to: (i) improve the profitability and flexibility of existing nuclear power plants; (ii) provide an easily adoptable
framework to promote expansion of nuclear power, and guide future installations of small modular reactors (SMRs)
within an IES; and (iii) decarbonize steel, glass, transportation, and other heavy industries with low-cost hydrogen
production. The above-mentioned objectives are achieved through implementing a tightly coupled, high-fidelity,

predictive IES framework in a novel co-simulation environment, as described by the following:



1. Development of a scalable computational framework to aid in the study of optimizing NR-IES operations
utilizing DRL.

2. Demonstration of a modular NR-IES co-simulation framework architecture designed using various models
developed in Python, Modelica, and Simulink platforms exported to FMU packages.

3. Management of a hydrogen-based NR-IES utilizing proximal policy optimization (PPO) [28], a DRL technique
to make smart decisions and dispatching strategies based on varying electricity prices and renewable energy

generation to attain higher revenues and flexibility.

Relative to previously reported frameworks that have also successfully improved the profitability and flexibility
of NR-IES systems, a key contribution of this paper is the simplicity of the proposed framework, as well as its
modularity, both of which allow it to be adopted fairly straightforwardly.

The remainder of this paper is structured as follows. Section 2 introduces the proposed framework design and
details the modeling and simulation of the framework. The DRL computational methodology and discussion on
the PPO algorithm used for optimization are provided in Section 3. Performance analysis of the NR-IES, including
and excluding the hydrogen production in the framework, is detailed in Section 4. Finally, Section 5 concludes the

paper and highlights the potential future work aspects.

2. Framework Design

The proposed integrated scheme is shown in Fig. 1. According to fluctuating grid pricing, various actors dispatch

and receive energy. During periods of low demand, nuclear power is used to facilitate Hy production via electrolysis.

- ~

]I ,, Nuclear Controlled Zone \‘ \] Electrical Energy —
. Resources .. NuclearPlant -: ! Reie(wable E:rgy | Steam (Thermal Energy) ——
1 : 1 Primary System I | Hydrogen —
I H : I &5 ! Y . .g ;L
Bt R R R R R R Rl o Rl Rl Rl E el Decision for Electricity 4
( : _: T . 1 . \ | Decision for Steam L'
1 = 1
1 ' Nuclear Plant R . i | Decision for Hydrogen @
| 1 A 1
| . Secondary 4-{-‘ ------------------ . . 3¢Power | 1| ACEtectricity ~
: : '\ System ) | DT conversion ¢ | | DC Electricity ===
RN Dol —>
I N - i — System 221 1| High Grid Demand _
 Energy P > =W e
: Storage & : Storage Systems i —: | Low Grid Demand e
' . > Th | — Lo v
' Conversion s FuelCell © : :
I T Electrolyzers !
| L [ S—— |
1 s ETTECERTTTTE TER » HTSE x/ 1
! thterv E+::] : PEM ﬂf_ :
, 3 . ]
1 1
- |
_________________________________________ 7/
___________________________________________________ =
Hydrogen
—

Figure 1: Energy flow diagram for NR-IES.



At times of high demand, Hs production is ramped down, and nuclear-generated electricity is supplied to the grid.
It should be noted that these actions are not mutually exclusive and can occur simultaneously. In Fig. 1, the dotted
lines denote the actions that are more heavily weighted during times of low grid demand but still occur during times
of high grid demand. Similarly, the actions represented by solid lines have a higher priority at high grid demand.
For example, Hy production is still ongoing and is supplied to the hydrogen market during high grid demand; but
during low grid demand, the supply and production of hydrogen are prioritized and ramped up. Other assets, such
as solar, wind, and additional energy storage systems, are used to support the grid according to its needs.

In [29], it was demonstrated that a single tool cannot always simulate all aspects of a complex system, whereas a
group of interconnected tools gives additional modeling possibilities. Co-simulation frameworks enable the modeling
and simulation of the numerous components of complex systems, taking advantage of the unique characteristics and
features of each modeling tool. However, models developed in different platforms are not directly compatible with
each other and require a unified framework that would enable the simulation of the entire system, such as the NR-
IES proposed in this paper. Based on the FMI standard, modeling applications such as Dymola, Open Modelica,
PyMT (Python Modeling Tool Kit), Simulink/MATLAB, etc., can produce C or binary code and a metadata file to
represent a dynamic system component model and export it as an FMU integrated with a solver [19]. Additionally,
such co-simulation frameworks allow the user to select from a variety of open-source models developed for a desired
subsystem on any platform supporting the FMI standard.

Utilizing an FMI/FMU-based co-simulation framework, this work integrates platform-specific models through
effective cross-domain scenario configuration. This study does not aim to develop a model-based method for optimiz-
ing the proposed NR-IES framework. Model-based optimization can deliver adequate performance if the underlying
systems are accurately modeled, which requires considerable effort, especially for complex systems. However, the
proposed framework is a combination of high-fidelity and generalized models wherein the core functionalities of
high-level operation in each subsystem are considered and detailed in the following subsections, which is sufficient

to validate the DRL-based method used to optimize the proposed NR-IES. Therefore, this work is able to achieve
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Figure 2: FMI/FMU framework.



good levels of fidelity, as reported in other works, but in a significantly simpler manner while allowing the NR-IES to
demonstrate greater flexibility and profitability. The DRIL-based optimization problem formulation for the proposed
NR-IES is detailed in Section 3.1.

Fig. 2 summarizes the various tools used to export the FMUs of the models used in this paper. FMPy, an open-
source Python library, is utilized to simulate the FMUs and produce results based on the varying state change [30].
The modeling and export of subsystems using three different tools, as shown in Fig. 2, along with the generation

and pricing data used in the simulation of the proposed framework, are discussed below.

2.1. Python Models

The thermal energy storage (TES), polymer electrolyte membrane (PEM), and hydrogen energy storage (HES)
subsystems are developed in Python programming language and exported to FMUs using PythonFMU [31]. While
the FMUs exported using PythonFMU capture all of the modeling features, their performance remains stable and

fast. The modeling of these Python-based subsystems is described as follows:

2.1.1. Thermal Energy Storage

Thermal energy can be stored by heating or cooling a storage medium. The stored thermal energy can be
utilized for heating, cooling, and power production. By reducing fuel combustion requirements, the TES system
lowers operating costs and environmental impacts. Additionally, it decreases thermal energy losses by holding
surplus heat until it can be utilized. Within the NR-IES framework, the TES stores thermal energy produced by
the nuclear plant primary system (NPPS). In the proposed framework, a capacity of 10000 MWhy,, is considered as
shown in Fig. 3, and the charge/discharge power is specified in MWy,. A thermal transfer loss of 1% is considered

for this model, assuming some amount of loss due to energy exchange.
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Figure 3: TES charging/discharging behavior for 24 hours.
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Figure 4: HES charging/discharging behavior for 24 hours.

Fig. 3 depicts the sample charging and discharging behavior of TES throughout a day. A positive power value is
used for charging, and a negative value for discharging. The left column plots in Fig. 3 show that after 24 hours of
charging at 500 MW, the TES will reach full capacity at 20" hour mark and remain constant if it is still getting
charged. The right column plots in the figure depict the effect of stochastic charge and discharge power on TES

and its behavior over time.

2.1.2. Hydrogen Energy Storage

The functionality of HES in the proposed framework is to store the hydrogen produced by the PEM and HTSE
electrolyzers. This stored hydrogen can be used to meet demand when production falls short or supplied to fuel
cells to generate electricity during high grid prices. The capacity taken into account for this model is 72000 kg.
The operation of the HES is shown in Fig. 4. The left column plots in Fig. 4 illustrate that a continuous supply
of hydrogen at a rate of 2 kg/s fills the HES to capacity in 9 hours. The right column in Fig. 4 shows the HES
behavior when charged or discharged with hydrogen at a rate between 0 to 2 kg/s. The positive value for the flow

rate indicates charging, while the negative value indicates discharging.

2.1.3. Polymer Electrolyte Membrane

PEM water electrolysis is regarded as one of the most promising mechanisms for high purity and efficient
hydrogen production from renewable energy sources, emitting only oxygen as a byproduct. Furthermore, the
hydrogen and oxygen generated can be utilized directly in fuel cells and other industrial uses. PEM electrolysis
converts water to hydrogen using only electricity and consequently has lower efficiency than HTSE. According

to [32], the PEM subsystem needs 50.2 kWh, per kg of Hs produced, making the PEM system 66% efficient.
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Figure 5: BES charging/discharging behavior for 24 hours.

Considering these factors, the linear relationship in (1) is used to model the PEM.

HE™ = KPP, (1)

P e

Here, HY®™ is the hydrogen-production rate from PEM in kg/s, P, is the electric power input in MW,, and

KP°™ is the corresponding coefficient according to the model efficiency information.

2.2. Modelica Model

Modelica is an equation-based object-oriented modeling language for large, complex, and heterogeneous physical
systems. It is used to simulate continuous and discrete-event physical systems. The battery energy storage (BES)
subsystem is programmed in Modelica and exported as an FMU using the Open Modelica tool [33]. This model is
from Idaho National Laboratory’s open-source hybrid model repository [34]. The BES is designed with an efficiency
of 95% and a capacity of 100 MWh,. It uses a power setpoint as an input variable for charging and discharging.

Fig. 5 depicts the sampled behavior of BES when charge and discharge signals are dispatched to it throughout
the day. The charging is represented by a negative value, while a positive value represents discharging. When the
input to the model attempts to deplete the BES when it is already empty, its state of charge remains at zero. When

it attempts to replenish additional energy when the BES is already full, it will remain at its maximum capacity.

2.3. Simulink Models

In this work, solid oxide electrolyzer cells (SOEC) were modeled for the high-temperature steam electrolysis
(HTSE) process. The solid oxide cell (SOC) is also capable of operating in reverse mode, wherein it utilizes
hydrogen as a fuel source to generate electrical energy. A Simulink solid oxide fuel cell (SOFC) model was also

developed for the NR-IES environment. To facilitate the integration of these Simulink models into the proposed



co-simulation framework, it was necessary to develop a standalone FMU for them. This was achieved by using FMI

Kit, an external tool developed for Simulink that supports FMU export [35].

2.3.1. High Temperature Steam Electrolysis

The steam generated by the thermal energy from NPPS is directly utilized by the high-temperature steam
electrolysis (HTSE) for Hy production. HTSE improves its efficiency by splitting steam into hydrogen and oxygen
in solid-oxide electrolyzer cells (SOECs). Compared to traditional water electrolysis, SOEC splits high temperature
(800-1000°C) steam, which requires less electricity. Increased efficiency and use of inexpensive thermal energy, along
with reduced electricity requirement, lowers the overall Hy production costs. A Simulink SOEC model detailed in
[36] has been used in this work.

In this model, the molar rates of hydrogen production during electrolysis given by (2) can be predicted inde-
pendently using the measured stack current, I, and the no. of cells in the stack, Ncens,

1

ANHz - ﬁNcells (2)

Here, AN 11, is the hydrogen production rate from SOEC and F' is Faraday’s constant. The comprehensive

model design, mathematical equations, parameter values, and validation are outlined in [36].

2.8.2. Solid Ozide Fuel Cell
The SOFC model was developed using the partial pressure equations for Ha, Oz, and HoO gases. Based on the
partial pressure calculations detailed in [36], the SOFC overall stack output voltage was calculated using (3),

RT Py, Pp, %5
=No(Ey+— ([In—2-2 )} —¢I
Vfc 0 ( o+ oF (n PHZO Tlfc (3)

where, Iy, the stack load current, gg, is the fuel/hydrogen flow rate, and go, is the oxygen flow rate. Kp,, Ko,,
and Kp,o are the molar valve constants for hydrogen, oxygen, and water, respectively. Ny is the number of cells
in a stack, Ey is the standard reversible cell potential, R is the universal gas constant, T is the temperature of the
stack, F' is the Faraday’s constant, and r is the stack’s ohmic loss.

The total power output from the fuel cell is the product of the stack voltage and current multiplied by the total
number of stacks considered for the fuel cell subsystem in the NR-IES. All the parameters used in modeling the

SOFC stack, its design, and its validation are described in [36].

2.4. Data Sources

2.4.1. Electricity Prices and Wind Power
Electricity pricing and wind generation power utilized in operational simulations are based on real-world loca-

tional marginal pricing (LMP) and power generation data from Pennsylvania-New Jersey-Maryland (PJM) Inter-
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connection [37]. Since PJM provides data for multiple pricing nodes, DAVISBES and PERRY_FE were selected
for electricity prices, which are Ohio-specific nuclear power plant nodes. Fig. 6 shows historical hourly electricity
market pricing data for the aforementioned pricing nodes for the last 2000 hours in the year 2020. Fig. 7 shows
the variability in wind power generation over a period of 1000 hours. These data were incorporated in the NR-IES
environment as uncontrollable states to provide stochastic input. The data is scaled in accordance with other system

components to support simulations within the proposed framework.

2.4.2. Hydrogen Prices

The study in [38] includes the hydrogen demand for a researched region as well as natural gas price forecasts for
high, low, and medium levels. For the simulations in this paper, various combinations of hydrogen production rates
and hydrogen prices under the medium natural gas price scenario were used. For each simulation case of hydrogen
production rate and price, the hydrogen price and demand were kept constant, and it was ensured that the system

met the fixed hydrogen demand every hour.
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2.4.8. Solar Power

Solar power data for this work was generated from a solar field model designed using PVLib [39]. The weather
data, such as solar irradiance, temperature, etc., required as input into the solar field model was obtained from the
typical meteorological year (TMY) database maintained by the National Renewable Energy Laboratory (NREL)
[40]. For the TMY dataset, the region around the Ohio-specific nuclear power plant was selected. The generated
solar power data was pre-processed to fit the time scale of the electricity pricing and wind power data. Fig. 8 shows

the variations in the solar power data over a period of 1000 hours.

2.5. NR-IES Framework

All these subsystems developed in diverse platforms were integrated via the FMI interface, and a tightly coupled
NR-IES framework was formed. Fig. 1 represents the NR-IES framework overview that was developed and simulated
to investigate energy dispatching decisions to improve the IES’s performance. The NR-IES framework is adaptable
to episodes of varying lengths and is straightforward to implement. The analyses in this study are limited to a 1-day
(24-hour) control time frame or episode. In the proposed design, the combination of NPPS and renewable energy
were considered as energy inputs. The main mechanism of the NR-IES for producing heat is the NPPS. This work
makes the assumption that the primary heat generation system is a modular reactor with a nominal capacity of 600
MW, and is treated as a constant thermal energy source [41]. This energy can be converted to either electricity or
hydrogen, or it can be retained for future use as thermal, electric, and hydrogen (chemical) energy. Depending on
varying electricity market prices, the amount of energy to be sold, stored, or converted was selected to maximize
the overall revenue. In this framework, surplus thermal power from NPPS may be immediately directed into the
HTSE system to produce Hy or converted to electricity via the nuclear plant secondary system (NPSS), generally
referred to as a turbine island. A linear relationship was considered for thermal power to electricity conversion with
an efficiency of 33% [42]. PEM may also be employed with power from wind and solar renewable sources included in

the energy park. The system participates in the electricity and hydrogen markets and incorporates thermal energy

11



storage (TES), hydrogen energy storage (HES), and battery energy storage (BES) solutions to augment flexibility.
When there is a sudden surge in electricity prices, the HES system supplies stored hydrogen to the fuel cell to
produce grid-compatible electricity. Based on [38], constant hydrogen demand and price configurations have been
considered in this work. For intermediary electricity conversion, a 3-phase bidirectional inverter and rectifier with
an efficiency of 95% was used to convert AC to DC power and vice-versa. The DRL agent decides the usage of
the mentioned storage systems to maximize the revenue of the overall system. For example, if the electrical energy
production is high and electricity prices are low, surplus thermal and electrical energy can be stored in the TES and
BES, respectively, and used whenever the pricing signals are favorable to attain greater flexibility and revenue. In
this scenario, the DRL agent will recommend that the production of hydrogen be increased for additional revenue.
This work focuses on generating more revenue without the consideration of capital costs for hydrogen systems,

storage systems, or power converters.

3. Power Dispatching Strategy Optimization in NR-IES Using DRL

3.1. NR-IES Optimization Problem Formulation

In this section, the NR-IES optimization problem is described as an MDP (Markov decision process). The
objective of the problem is to find the optimal dispatching strategy of the energy conversion and energy storage
systems so that the NR-TES can maximize daily revenue and ensure stability. An agent is defined using DRL, which
utilizes artificial neural networks with a reinforcement learning framework that enables it to learn to meet its goals.
The problem modeled using MDP is typically expressed as a tuple (S, A, P, R, ), which includes: state-space (5),
action space (A), state transition probability (P), reward (R), and the policy of the agent (7).

The state space can be expressed as a vector, S = [Sp, S1, So, S3, S4, S5]. Given the state S, the agent will take
an action which is given by, A = [Ag, A1, Aa, A3, A4]. The states listed in Table 1 can be updated and controlled
at each time step with the control actions detailed in Table 2.

Given an action (A), the environment has a transition probability, P(S’|S, A) of mapping the control action

(A) to the associated next state value (S’) and reward value (R) as shown in Fig. 9. The reward (R) of the MDP

AO Al AZ A3 A4_ —

l

Environment

So | S1|S; |53 Ss|Ss|Se Agent

l l

So S1 Sz S3 Si S5 Se  Reward

Figure 9: The agent-environment interaction in reinforcement learning.
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Table 1: Proposed States for Environment

States
So  Thermal power from NPPS (MWy,)
S Wind power (MW,,)
So Solar power (MW,)
Ss3 Electricity price ($/MW,)

Sy Battery energy storage (MWh,)
S5 Thermal energy storage (MWhyy,)
Se Hydrogen energy storage (kg)

Table 2: Proposed actions for Environment

Actions
A Thermal power to TES (MWyy,)
A;  Thermal and electric power to HTSE (MW, and MW,)
Ao Electric power to PEM (MW,)
As Electric power to BES (MW,)
Ay Hydrogen from HES to fuel cell (kg)

problem is its cumulative value over time. Optimal energy dispatch aims to increase IES revenue while maintaining
system stability. As a result, the problem of maximizing the objective function becomes a problem of maximizing
the reward function. The policy set represents the mapping relation from the state space to the action space. Based
on the agent policy, an action (A), is chosen to update the state space from S to S’. The MDP aims to determine

the policy set that maximizes expected return. The total reward at time step, ¢ can be modeled as (4),
r(t) = 0.001 * [Revenue(t) — > ¢i(t)]. (4)

To regulate the DRL agent’s behavior, revenues earned from selling electricity and hydrogen are treated as
positive rewards in (4), while the costs of penalties, ¢;(t) are depicted as negative rewards. In (4), «; is an
arbitrary constant (weighing parameter) that controls the importance of costs and penalties. For example, when
calculating penalties for out-of-bound storage, f5'°'#8¢ in (5), the value considered for «; is greater compared to the
value considered when calculating penalties for fPes, ftes ghes i (6), (7) and (8) respectively, which are within its

limits. Additional reward conditions can be included to regulate the DRL agent’s behavior. The potential penalty

components are modeled as follows:

c1(t) = ay f5'°r28¢ (update(t), feasiblerate(t)) (5)
ea(t) = aa fPS(STG Epes(t), STGESY, STGEE") (6)
c3(t) = ag [ (STGEes(1), STGELY , STGERE") (7)
ca(t) = g f2S(STG Ees(t), STGESY , STGE} 8" (8)
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Figure 10: DRL framework based on OpenAl Gym and Ray/RLlib.

cs(t) = o [V UOE (hydrogen(t)) (9)
c6(t) = ag fEeTCY (electricity(t)) (10)

In (5), the function f5*°r28° calculates the absolute difference between the update action for the storage and
feasible charging and discharging rate of the storage at the time, t. STGFEyes(t), STG Exes(t), STGEpes(t) in (6),
(7) and (8) respectively, are the level of energy in BES, TES and HES at ¢. Each storage system has its own cost
function within a specific preferable operating range: [STGE"Y,STGE"8"]. A potential functional format for
cost functions, fPe5, fies| fhes in (6), (7) and (8), respectively, is regarded as an absolute difference between current
storage level, STGE and [STGE"Y or STGE"8". The cost functions, fivdrosen and felectricity jn (9) and (10)

ensure that hydrogen and electricity are never negative at any time step, t.

3.2. DRL Framework

A promising computational framework based on OpenAl Gym [43] and Ray/RLIlib [44] has been developed to
facilitate the simulation and training process, as shown in Fig. 10. The operations and interactions between the
various NR-IES subsystem components in Fig. 1 were simulated using FMU-based models and can be incorporated
into the OpenAI Gym environment. According to the suggested states, actions, and reward functions from the MDP
model presented in the preceding section, a custom Gym-based NR-IES simulator was constructed. The Gym-based
NR-IES simulator was integrated into Ray/RLlib, as illustrated in Fig. 10. This computational architecture allows
for flexible and fast simulations and the implementation, training, and evaluation of various DRL algorithms for

NR-IES power flow dispatch.

3.8. DRL Algorithm

Reinforcement learning (RL), a machine learning approach influenced by human behavior, is concerned with
how an agent should operate in a stochastic environment to maximize the cumulative reward. DRL is a technique

that effectively integrates RL’s decision-making capacity with deep learning’s perception. It uses a deep neural
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network (DNN) to represent the value function, which provides target values and RL to generate the reward equal
to the estimated value. The DNN’s parameters are adjusted regularly until the discrepancy between the target and
estimated values converges.

PPO is a novel on-policy algorithm, which means that its value function is derived from observations made by the
current policy as it explores the environment. On the contrary, off-policy algorithms can benefit from observations
during previous policies’ environmental investigations. The choice between off-policy and on-policy learning is
frequently a trade-off between stability and data efficiency. As a result, PPO is more stable compared to off-policy
algorithms despite the fact that it requires more data during the training phase and, therefore, is slower. In [45],
the DRL algorithms, deep deterministic policy gradient (DDPG), deep g-network (DQN), and proximal policy
optimization (PPO) are compared against a traditional control technique, mixed integer linear program (MILP),
to illustrate DRL’s superiority for regulating IES. PPO performed better than other approaches, displaying more
consistent performance and higher generalization abilities. Furthermore, in a previous iteration of this work [17],
PPO demonstrated more stable performance in comparison to other popular DRL algorithms. Hence, PPO is a
superior DRL algorithm for optimizing power dispatching strategies in interconnected energy systems [17], [46] and,

therefore, was utilized in this study as the DRL algorithm of choice to optimize the NR-IES.

4. Results and Discussion

4.1. Training

The primary configuration parameters used in the proposed NR-IES simulator framework are shown in Table 3.
The constraints used for the HTSE, PEM, and fuel cell subsystems are also shown in Table 3. Lower limit values for

HTSE and PEM are kept low because hard limits are not well known, and exact limits have no significant effect on

Table 3: Primary Configurations in NR-IES Simulation

Total thermal power from NPPS (MWyy,) 600
Efficiency of thermal energy to electricity in NPSS (%) 33
Limits of electric power for HTSE (MW,) [0.1, 60]
Limits of thermal power for HTSE (MWyy,) [0, 16.4]
Limits of electric power for PEM (MW,) [1, 200]
HES capacity (kg) 72000
TES capacity (MWhyy,) 10000
BES capacity (MWh,) 100
TES maximum charging/discharging power (MWyy,) 500
HES maximum discharging/charging rate (kg/s) 10
BES maximum charging power (MW,) 20
TES initial SOC (%) 10
HES initial SOC (%) 10
BES initial SOC (%) 30
Hydrogen from HES to fuel cell (kg/hr) [1, 2000]
Hydrogen market demand (kg/hr) 1250
Hydrogen price ($/kg) [38] 2.675
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Figure 11: Mean reward during DRL training for scenarios with and without hydrogen production, storage, and utilization.

simulation results. For the storage subsystems, the DRL agent was heavily penalized while training if the storage
capacity dropped below 30% for the BES and 10% for the HES and TES. Additionally, as a base case, a separate
NR-IES framework is developed and simulated that does not include hydrogen production or storage subsystems
and instead focuses solely on the generation of electricity for the grid.

The training results of both cases are shown in Fig. 11. The blue line shows the mean reward for the NR-IES
simulator with both hydrogen and electricity production over 4 million training iterations. The grey line shows the
mean reward for the NR-IES simulator with only electricity production. The environment that contains hydrogen

performs better with a significantly greater reward gain.

4.2. Testing

After testing the trained agent with and without hydrogen, the reward and revenue over 120 days are shown

in Fig. 12. As anticipated, the revenue trend pattern depicted in Fig. 12b strongly aligns with the reward trend
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Figure 12: The comparison between with and without hydrogen environments showing (a) the reward over 120 days, and (b) the revenue
generated over 120 days.
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Figure 13: Electricity price and renewable power data fed to the NR-IES during testing along with selected subsystem states
controlled by the trained DRL agent over a period of 1000 hours.

in Fig. 12a. From Fig. 12a, it is clear that, at most times, the environment with hydrogen production has more
rewards than the environment without hydrogen. The revenue for the IES without hydrogen can be calculated as,
electricity price ($/MW,) x electricity to grid (MW,). Revenue for the environment with hydrogen is calculated as,
hydrogen price (3/kg) x hydrogen sell to market (kg) + electricity price (3/MW,) x electricity to grid (MW,). The
revenue calculation occurs at each time step of an episode, where one episode is a day with a time step of one hour.
Over 120 days (2880 hours) of testing, the revenue for each hour is produced. The optimization objective is set to
maximize revenue over a 24-hour period. The total revenue per day in Fig. 12b is calculated by summing up hourly
revenue for 24 hours. It is noteworthy that there are three instances in which the environment without hydrogen
gives more revenue than the environment with hydrogen. Each of those instances represents extreme conditions in
which the daily revenue is greater than $600,000. However, considering a longer period, the total revenue from the
IES with hydrogen is more than the revenue without hydrogen.

Fig. 13 shows the varying trends in selected subsystems and was generated while testing the trained DRL agent
on the NR-IES environment with a constant Hy demand of 1250 kg/hr. The graphs are smoothed with a 1-day
moving average line so that the general trend for each graph can be observed. Fig. 13a and 13e show the stochastic
electricity pricing and renewable energy data, respectively, fed to the NR-IES environment as exogenous inputs.
As previously stated, the input of a constant 600 MWhygy, thermal energy was also taken into account since the
thermal power output of nuclear reactors rarely fluctuates. The renewable energy data in Fig. 13e is a sum of
the wind energy and solar energy data shown in Fig. 7 and Fig. 8, respectively. Based on the stochastic pricing

and renewable energy data input, the trained DRL agent would take action to maximize the revenue of the overall
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integrated energy system by flexibly varying the production of electricity and hydrogen. Fig. 13b shows the power
sent to the grid by the DRL agent. It is evident from Fig. 13b that, unlike a conventional NPP, the power sent to
the grid aligns with the value of electricity price, demonstrating the flexibility of the proposed NR-IES. Fig. 13c
shows the trend in Hy production by the HT'SE and PEM systems, which also show variations based on the inputs.
Fig. 13f, 13g, and 13h show the storage capacity patterns in the BES, TES, and HES, respectively. These storage
systems increase the flexibility of the NR-IES by storing and releasing electrical power, thermal power, and hydrogen
in an effort to maximize revenue.

Although several factors could influence the actions taken by the DRL agent, two opposite trends are highlighted
in Fig. 13a, 13b, and 13c to demonstrate the efficacy of the DRL agent’s decisions based on the concept of transactive
energy. In the highlighted downtrend, the price of electricity is decreasing. In response, the DRL agent decides
to reduce the amount of power sent to the grid and increase the production of hydrogen. As previously stated,
H, production increases, and less power is transmitted to the grid at low grid prices. Conversely, the highlighted
uptrend indicates rising electricity prices; thus, the DRL agent sends more power to the grid and reduces Hs
production. Again, this decision is anticipated, as increasing grid prices necessitates sending more power to the grid
and ramping down Hy production. As previously mentioned, the DRL agent’s decision may not always correspond
with the trends emphasized in Fig. 13. In addition, the fuel cell subsystem output shown in Fig. 13d was negligible
since the fuel cell subsystem should only be utilized when there is ample Hy stored and grid prices are extremely
high.

Fig. 14 represents a comparison of the cumulative revenue over 120 days. Three scenarios have been considered
with different hydrogen demands. As seen in Fig. 14, the curve corresponding to a hydrogen demand of 1250 kg/hr

is consistently higher than the curve corresponding to no hydrogen demand. These results are tabulated in Table 4.
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Figure 14: Cumulative revenue: with and without hydrogen IES.
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Table 4: Total Reward and Revenue Over 120 Days for Various Hydrogen Demand Cases

Increase in

H; Demand (kg/hr) Reward Revenue ($) Revenue (%)
(o]

No Hjy 39959 40049037 0
500 40589 42167373 5.3
1250 43802 43920975 9.7
2500 39384 41003194 24

Analysis of both Fig. 14 and Table 4 reveals that environments with hydrogen demands of 500 kg/hr, 1250 kg/hr,
and 2500 kg/hr have increased revenues of 5.3%, 9.7%, and 2.4% greater, respectively, compared to the baseline
environment without hydrogen. The amount of hydrogen demand clearly influences revenue maximization. Low
hydrogen demand limits the environment’s ability to generate revenue from hydrogen when electricity prices are
low. High hydrogen demand forces the environment to meet demand even in the face of high electricity prices,
reducing the overall revenue generation capability. However, all considered scenarios provide greater revenue than

the scenario without hydrogen.

4.3. Practical Considerations

Capital cost analyses of constructing such hydrogen production plants confirm their practicability. Based on the
study in [47], the total capital investment of installing a large scale HTSE system is $703/kW. The HTSE system
configured for this simulation has a rated power of 76.4 MW, which translates to an investment of approximately
$53.7M. From the simulation results in this paper, an additional revenue of approximately $4M over 120 days can
be generated from hydrogen. With this additional revenue, such capital costs would be recuperated in less than
four years’ time.

While the implementation of TES in this work may be somewhat simplistic, there are several studies that
confirm its use with NPPs to enhance their flexibility [48], [49], [50]. In order to optimize the utilization of
a TES within a nuclear energy park, some adjustments can be implemented. For example, the stored thermal
power could potentially be utilized directly by the low pressure turbine system in the nuclear plant secondary
system. However, this process will yield a low level of efficiency. An additional use could involve the utilization of
supplementary heaters to reheat the steam from the TES and pass it directly to the high pressure turbine systems in
the secondary system to generate electricity. Furthermore, the thermal energy from TES could be used for several

other applications, including desalination or purification processes [51].

5. Conclusion and Future Work

This research proposes a modular co-simulation framework for a hydrogen-based nuclear-renewable integrated
energy system. The proposed TES combines hydrogen production and storage systems with nuclear and renewable

energy sources. An FMI/FMU-based simulator connected with OpenAI Gym and Ray/RLlib was created for the
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proposed framework operations, providing a fast and flexible computational environment for DRL-based optimiza-
tion studies. The modular nature of the proposed framework enhances its overall adaptability and scalability. The
PPO algorithm was used to optimize the power dispatching decisions in the TES to augment the flexibility of the
nuclear energy park based on grid demand and maximize the overall revenue of the proposed NR-IES. Additionally,
the DRL-based optimization framework circumvents the need for a complex mathematical optimization function
formulation for the IES. The results have also demonstrated that, in comparison to non-hydrogen IES, the proposed
hydrogen-based IES framework achieved approx. 10% revenue gain over 120 days. Overall, the proposed framework
can co-simulate several subsystem models within an integrated energy system with a high degree of fidelity while
maintaining adaptability and efficiency.

For future work, a pricing model based on a supply-demand curve when considering variable hydrogen demand
throughout the day will be explored. High-fidelity models, such as physics-based HTSE and PEM models, will be
employed to assist DRL training. An in-depth analysis of each subsystem will be performed to garner insight as
to how each component affects revenue maximization. The proposed methodology will explore DRL performance
for episodes with longer time horizons, such as one week, one month, etc., which presents more uncertainty to
handle. Finally, software representations of physical elements can be substituted for real-time hardware-in-the-loop

co-simulations.
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