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Abstract—Hydrogen-based multi-energy systems (MES) have
attracted growing attention in the context of low-carbon and sus-
tainable energy system transition due to their significant potential
in improving overall energy efficiency and facilitating renewable
utilization. However, it requires to address the optimal opera-
tion of the system under complex multi-energy flow couplings,
inherently nonlinear and spatially-temporally coupled system
dynamics and multiple sources of uncertainties. To address this
challenge, this paper first proposes a comprehensive operational
optimization model for hydrogen-based MES that fully captures
the nonlinear and coupled thermal, electrochemical and pressure
dynamics of electrolyzers, fuel cells, and hydrogen tanks. Then,
a novel self-predictive deep reinforcement learning method (SP-
DRL) is proposed to enable learning-based optimal operation of
hydrogen-based MES. Particularly, we learn a latent dynamic
model of the system and incorporate it into the DRL framework
to address the limitations of conventional DRL approaches for
complex systems. Extensive case studies based on real-world data
demonstrate that the proposed method significantly improves
conventional DRL approaches. In particular, the SP-DRL method
significantly enhances the convergence speed, training stability
and policy performance. Moreover, by the proposed SP-DRL
method, the external energy purchase costs of hydrogen-based
MES is reduced by about 11-32 % across all tested scenarios.

Index Terms—Maulti-energy systems (MES), Hydrogen energy,
Self-predictive Deep reinforcement learning (SP-DRL), Opera-
tional optimization of complex energy systems

I. INTRODUCTION

RIVEN by the dual pressure of environmental deteriora-

tion and fossil fuel depletion, global energy systems are
facing a profound low-carbon and sustainable transition [1].
Multi-energy systems (MES) that integrate diverse energy gen-
eration, conversion and storage devices to enable coordinated
multi-energy (i.e., electricity, heating and cooling) production
and consumption have been recognized as an important means
to advance the energy transition [2]. This is largely due to their
significant potential in enhancing overall energy efficiency and
facilitating the consumption of volatile and nondispatchable
renewable energy (i.e., wind and solar power). In this con-
text, hydrogen-based MES have attracted growing attention to
enable low-carbon or zero-carbon energy systems due to the
many unique advantages of hydrogen as an energy carrier [3—
5]. First and foremost, hydrogen has a wide range of sources,
including industrial by-products, fossil-fuel based reforming
and water electrolysis, making it particularly suitable as a
secondary energy carrier. In addition, its relatively low self-
discharge rate makes it well suited for large-scale and long-
duration energy storage, enabling cross-seasonal and cross-
regional shifting of intermittent renewable energy. Moreover,

hydrogen shows strong multi-energy integration capability as it
can be flexibly converted into different energy forms, including
electricity, heating and cooling. Owing to these advantages,
hydrogen has been recognized as an important energy carrier
to achieve China’s carbon neutrality target [6].

While hydrogen-based MES are promising to enable zero-
carbon or renewable-powered energy systems [7, 8], the
effective operation of such systems remains a key issue.
Specifically, an intelligent controller that can dynamically
regulate the operation of diverse energy generation, conversion
and storage devices to ensure consistent multi-energy supply-
demand balance while achieving the low-carbon and energy-
efficient target is essential. This issue is challenging due to the
following aspects. First, there exist tight temporal and spatial
couplings across the diverse energy generation, conversion and
storage devices. Besides, many of the energy devices show
intrinsic nonlinear and coupled operating characteristics due
to the multi-energy conversion process. Moreover, there exist
multiple sources of uncertainties, arising from both renewable
energy supply and the multi-energy demands.

In recent years, considerable efforts have been devoted to
addressing this challenge. For example, Liu et al. [9] studied
the optimal operation of hydrogen-based MES considering the
long-term operational economic benefits based on determinis-
tic programming. The works [10, 11] further studied the opti-
mal operation of the system considering multiple uncertainties
based on stochastic programming (SP). Fang et al. [12] studied
the operation of multiple hydrogen-based MES considering
energy transaction based on model predictive control (MPC)
methods. Chen et al. [13] investigated the optimal operation
of hydrogen-based MES in a building community considering
building thermal load flexibility by a two-layer MPC approach.
Sui el al. [14] studied the short-term scheduling strategy of
integrated electrichydrogen-Thermal systems that considers
the nonlinear and coupled operating dynamics of hydrogen
system by a mixed-integer second-order conic programming
(MISOCP) approach. The above works are mainly model-
based optimization approaches that rely on a computationally
tractable mathematical model to capture the system dynamics.
They obtain stage-wise operational decisions through solving
constrained optimization problems of minimizing energy or
operational cost while considering the device operating limits
and supply-demand balance constraints. While these methods
are advantageous in capturing the physical operating limits
and multi-energy supply-demand balances constraints, their
intractability and computational efficiency largely depend on
the complexity of mathematical models.



Driven by the proliferation of artificial intelligence (AI),
deep reinforcement learning (DRL) recently have raised ex-
tensive attention in energy system optimization due to its
capability of handling complex system dynamics and multiple
sources of uncertainties [15]. Specifically, DRL methods do
not rely on computationally efficient mathematical models of
energy systems, and they learn operational policies from the
trial-and-error of system operation. A growing body of work
has focused on DRL-based approaches for MES. For example,
Franzoso et al. [16] investigated the direct application of DRL
to MES and showed that it outperforms conventional rule-
based control policies. Dolatabali et al. [17] studied the com-
bination of DRL with CNN and LSTM for hydrogen-based
MES under uncertainty. Specifically, the method takes high-
resolution sky images and numerical meteorological data as
inputs to predict solar radiation, which was then incorporated
into the DRL framework to support informed decision-making.
Zhao et al. [18] studied DRL-based energy management
for household MES and demonstrated that it outperforms
prediction-based MPC under the multiple uncertainties. While
the above DRL methods depend on raw data to implicitly
capture the uncertainties, many recent works have incorporated
explicit uncertainty modeling into DRL framework to better
address the uncertainties. For example, Zhang et al. [19] stud-
ied the combination of deep learning based interval predictions
with DRL for hydrogen-based MES and demonstrated that
it significantly improved operational performance. Zhang et
al. [20] combined Bayesian probability distribution modeling
with DRL for multi-energy microgrids, and demonstrated that
it achieved near-optimal operating policy.

Despite the above research progress, the optimal operation
of hydrogen-based MES still has not yet been well addressed.
On one hand, existing works mainly relied on simplified linear
models to characterize the operating characteristics of hydro-
gen system, such as the electrolyzers, hydrogen tanks and fuel
cells [9, 11-13, 21]. In such works, the energy conversion effi-
ciencies of electrolyzers and fuel cells were assumed constant
over their entire operating ranges. Some works used piece-wise
linear functions to approximately capture the varying operating
efficiency of fuel cells [10, 16]. Both the linear and piece-wise
linear formulations are computationally attractive for model-
based optimization, however they are insufficient to capture the
complex nonlinear operating characteristics of hydrogen sys-
tems. The computed operating policies may deviate far from
the actual optimal point. Some works sufficiently considered
the nonlinear operating characteristics of hydrogen system but
face intensive computational complexity [14, 22]. Moreover,
most existing studies neglect the thermal, electrochemical, and
pressure dynamics of electrolyzers and fuel cells due to com-
putational complexity. However, these dynamics are closely
coupled with system operation and have a substantial impact
on device efficiency and overall system performance [23-
25]. It is therefore important to fully consider the nonlinear
and coupled operating dynamics to ensure effective, reliable
and energy-efficient operation of hydrogen-based MES. On
the other hand, while DRL are promising to handle the
complex system dynamics and multiple sources of uncertain-
ties [16, 17], existing works are mainly direct applications

of conventional DRL approaches. These methods fully rely
on operational data to implicitly capture the complex system
dynamics in the DRL pipeline. As a result, they often show
limited performance in convergence rate, sampling efficiency,
training stability and policy performance for complex energy
systems. In recent years, state representation learning and
latent dynamic model learning have attracted growing interest
to enhance the performance of DRL [26, 27]. The core idea
is to learn compact and informative state representations or
latent dynamic models of environments, thus facilitating ef-
fective DRL learning. State representation learning originates
from vision-based DRL where the observations are high-
dimensional images and required to be compressed into low-
dimensional and compact representations to enable effective
DRL learning [28, 29]. Latent dynamics learning focuses on
learning a transition model of the environment or system
in a latent space, which can then be used to guide and
improve DRL policy learning [30, 31]. These works proposed
promising directions to develop advanced DRL to addressing
the operational complexity of energy systems. However, their
practical implementation remains largely unexplored. Chal-
lenging issues include how a dynamic model can be learned
and how it can be incorporated into the DRL pipeline to
achieve effective policy learning.

Motivated by the above researches, this paper investigates
the operational optimization of a hydrogen-based MES under
uncertainty. Our main contributions are as follows.

« We proposed a comprehensive operational optimization
model for hydrogen-based MES that fully capture the
nonlinear and coupled thermal, electrochemical and pres-
sure dynamics of electrolyzers, fuel cells and hydrogen
tank to enable a reliable operation of the system.

« We further developed a self-predictive deep reinforcement
learning (SP-DRL) approach to enable effective learning-
based operation of hydrogen-based MES under uncer-
tainty. Particularly, the method proposes to learn a latent
dynamic model of the system and incorporate it into the
DRL framework to address the limitations of conventional
DRL approaches for complex systems.

« Extensive case studies based on real-world data demon-
strated the proposed method significantly improves con-
ventional DRL approaches in convergence speed, sam-
pling efficiency, training stability and policy perfor-
mance. Particularly, the external energy purchase cost
of hydrogen-based MES is reduced by about 11-32%
compared with existing DRL across all tested scenarios.

The rest of the paper is as follows. Section II introduces

the operational optimization model for hydrogen-based MES.
Section III introduces the SR-DRL method for hydrogen-based
MES. Section IV presents and analyze case studies. Section V
concludes this paper.

II. PROBLEM FORMULATION
A. Hydrogen-based MES

We consider a hydrogen-based MES deployed within a
building community as illustrated in Fig. 1. The MES in-
tegrates diverse energy generation, conversion and storage



devices to enable coordinated multi-energy (electricity, heating
and cooling) supply of the community. At the center of the
MES is a hydrogen system composed of an electrolyzer, a
compressor unit, a hydrogen tank, and a fuel cell. This system
manages hydrogen production, storage, utilization and more
importantly enable the multi-energy integration to enhance
system operational flexibility. Specifically, the electrolyzer can
convert electricity into hydrogen through water electrolysis,
and the fuel cell can convert hydrogen back into electricity
and heat. A heat recovery unit is coupled with the fuel cell
for capturing the heat, which then can be used to heat water in
the hot water tank or converted into cooling by the absorption
chiller (AC). In addition to hydrogen tank, the MES involves
an electrical storage, hot and chilled water tanks as energy
storage. The hot and chilled water tanks serve as thermal and
cooling energy storage to satisfy diverse forms of heating and
cooling demands. A solar thermal collector is also deployed
to harvest solar power for producing heat water.

This paper focuses on the optimal operation of the
hydrogen-based MES to achieve multi-energy supply-demand
balance with minimal external energy purchase cost from
the utility grid and hydrogen market. We consider a discrete
framework with a decision interval of At and each day is
equally divided into the set of time slots 7. A bottom-
up modeling framework is adopted, where the mathematical
formulations of individual components are first presented and
then the system-level optimization objective is introduced.
We use the alphabets P, g, q,v to represent electricity, heating,
cooling and hydrogen energy flows throughout the paper.
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Fig. 1: Hydrogen-based MES in a building community
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B. Energy Storage Devices

Electrical storage system (ESS): The ESS is lithium
batteries, whose operating dynamics and physical limits over
the scheduling horizon 7' are modeled as

terrsAt — Stess + (PIGSS,Chness,ch _ PZGSS,diS/ness,dis)At, (1a)
0 SP,CSS"Ch,P,eSS’diS < Pr?'nsasxv (lb)
Ptess,ch7Ptess,dis _ O7 (IC)
S LS LS, reT. (1d)

where t denotes the time. S7** [kWh] denotes the stored
electricity. P& PSS9 kW] are scheduled charging and

discharging power, with 1% neesdis denoting charging and

discharging efficiencies. Constraints (la)—(1d) are stored en-
ergy dynamics, power limits, non-simultaneous charging and
discharging operation, and the permissible operating range of
storage capacity.

Hot water tank: The hot water tank serves as thermal
energy storage (TES) to meet the diverse forms of heating
demands of building community. Its operating dynamics and
constraints are captured by [10, 11]

S5 = S (40 g s
0 S g;eS’Ch,g:eS"diS S gtmezx, (Zb)
;esA,ch’ :es,dis —0, (2¢)
S8, < S <SS, teT. @d

where S;*° [kWh] represents the stored heating energy in the
tank. g'", % [kW1] are injected and released heat power,
with ' and n's4is denoting the corresponding efficiencies.

Chilled Water Tank: The chilled water tank is used as
cooling energy storage (CES) for satisfying the diverse cooling
demand of building community. Its operating dynamics and

constraints are captured by [10, 11]

zcisAt — Stces + (qlces,chnces,ch _ qtces,diS/r'tes,dis)At7 (3a)
S, h d
0<q, "4 < giaxs (3b)
ch dis
tces,c tces is _ 0, (3¢)
Sﬁ?ﬁi < S?CS < Sf‘::m teT. (Sd)

where S [kWh] denotes the stored cooling energy.
feS’Ch, fes’dls [kW] are injected and released cooling power,
with neeseh peesdis denoting the efficiencies.

C. Hydrogen System

We adopt the gray-box model proposed in [23, 24] to
capture the nonlinear and coupled operating dynamics of a
hydrogen system formed by a Polymer Electrolyte Membrane
(PEM) electrolyzer, a Proton Exchange Membrane Fuel Cell
(PEMFC) and a high-pressure gas hydrogen storage tank.

Electrolyzer: The electrolyzer is a self-contained system
consisting of four stacks, each of which has an equal nominal
rated power. The stacks can be run at an overloaded power
for certain time period. To ensure reliable operation, stack
temperature is required to be maintained below a prescribed
upper limit. A cooling device with a programmed control logic
is often coupled with electrolyzer for thermal management.
For example, the cooling device is programmed to on and
off when stack temperature exceeds 50°C and drops below
40°C for maintaining a target stack temperature of 60°C [24].
The control inputs of the electrolyzer are injected DC power
P,e]y within the permissible range of [P;lliyn,Png] kW with a
nominal power of P:éﬁ kW. The energy conversion efficiency
of electrolyzer are influenced by the injected DC power and
stack temperature, exhibiting a nonlinear characteristic, which
can be captured by the piece-wise affine function [24]

el el el . el el el
2T y+ZO+Zlow(Pt y*Pno}lln) if Pmi}; <P, ySPno¥m

el el el . el el el
o1 y+ZO+Zhigh(Pt y*Pno}rln) if PHO}I,H <F Y Spmng

0 otherwise.
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where ¢ [m3/h] denotes the hydrogen production rate.
Edy and Ttely represent the injected DC power and stack
temperature. The power-dependent operating efficiency of the
electrolyzer is characterized by the model parameters zjoy and
Zhigh- In general, electrolyzers exhibit higher energy conversion
efficiency at lower DC power levels, and zj,, is typically
greater than zpigh.

The stack temperature Tfly of the electrolyzer is governed
by the internal heat generation rate Q'gen of hydrogen pro-
duction, heat dissipation rate Q). and the cooling power
Ocool supplied by the cooling device. The stack temperature
dynamics can be capture by a lumped-parameter model [24]

ely

de;t =K Qgen - K2Q10$S - K3 Qcool (5)

Further, the following discrete approximate model can be

adopted to capture the stack temperature dynamics of elec-
trolyzer [24]

ely

T = T, + P, +jo, ViE€T. 6)

where the effects of heat generation, loss and cooling devices
are encapsulated in model parameters jo, ji, j». Particularly,
the injected DC power P is involved to implicitly capture
the heat generation effects. To ensure reliable operation of
electrolyzer, the stack temperature is required to be maintained
below a upper limit Trig( (often 70°C)

0<TNY<TN, wreT. (7

max?

Though the electrolyzer has a nominal power, it can be
overloaded for certain time period without causing any adverse
effects. This behavior can be captured by an overload counter
for recording the number of time slots that the stack current
overloads [24]. Specifically, the first stack of the electrolyzer
can be used as an overload indicator as the injected DC power
is often allocated to it first. The corresponding allocated DC
power Pf’lly can be approximately captured by the following
PWL function [24]

ely ¢ pely ely ely
B | if Pmlin <P ? Pnom/l4,
Pel)’_ Pr?o)r/n/4 if P:0¥n/4<PIey SPr?O)t,'m (8)
1 — 1 . 1 1 1
T | BT/ if Powm < B < Py,
0 otherwise.

The resulting stack current can be captured by

T + hiow (B — Pty 1) if oy < PSY < P2

nom, | ) min t,1 =" nom,1’

el .

i =4 T ot huign (P —Pagn 1) 1F Pron, 1 <EY < P, ©)
0 otherwise.

where Plil)fn | [kW] denotes the nominal stack power. hg,hy,

Miow hnigh are model parameters, capturing effects of stack
temperature and DC power on stack current. A counter that
tracks overload behavior of the first stack can be defined as

C = max {O, C,el,yA, + (i — 2 'At} ’ (10a)
Ctely < Cely (10b)

max?

VieT.

where iﬁloym denotes the nominal stack current. C™** denotes
the upper limits of overload which is determined by the
permissible overload time period.

Hydrogen tank: Hydrogen produced by the electrolyzer can
be cleaned, purified and compressed by the compressor and
then stored in the hydrogen tank. When needed, the stored
hydrogen can be consumed by fuel cell to generate electricity
and heat. The reliable operation of hydrogen tank should
account for the tank capacity, tank temperature and pressure
limits, which can be modeled as [23]

S = 5P+ (v =™ ) poa, (11a)
— b < <oha (11b)
Sm <51 < S, (11c)

e < pPk < plank, (11d)
TRk = g T 4 g1 T, (11e)
p}ank — (b() _’_bthtank) . S?SS/Vtank7 vt eT. (11)

where S}a“k [kg] represents the stored hydrogen, pg [kg/m3]
denotes the hydrogen density, and V%@ denotes the vol-
ume of hydrogen tank under standard atmospheric pressure.
Tk Tamb and p@nk represent the tank temperate, ambient
temperature and tank pressure. Constraints (11a) character-
ize the stored hydrogen in the tank, which is determined
by production rate of electrolyzer vfly, consumption rate of
fuel cell vi°, and the net purchase in hydrogen market v}’uy.
The small non-negative constant o € [0,1] is to capture the
loss of produced hydrogen while through compressor. Con-
straints. (11b) model the transaction limits in hydrogen market.
Constraints (11c) capture lower and upper limits of hydrogen
that can be stored in the tank. In addition to those limits,
the reliable operation of hydrogen tank should account for its
pressure limits as modeled in (11d), which is determined by
the stored hydrogen and tank temperature as modeled in (11e)
and (11f).

Fuel cell: We consider a Proton Exchange Membrane Fuel
Cell (PEMFC) comprising two stacks with a total maximum
power of P in total. Fuel cell first converts hydrogen vi®
into stack current i, and then DC power Pf. This process

exhibits nonlinear characteristics and can be modeled as [23]

vie = ¢.if, (12a)
s1Pfe, if Pl < P <Py,

il = Q2P — PR+, if P < P <Pl (12b)
0, otherwise,

PE <PC<PE. VteT. (12¢)

where v [m? /h] denotes the rate of injected hydrogen into the
fuel cell. ¢ is an experimental constant accounting for purging
and Faradaic losses. The conversion of DC power to stack
current shows a nonlinear characteristics as captured by the
PWL function (12b) with (Ptfg,i{)‘;,) denoting the breakpoints
and s, s, as energy conversion efficiencies. Constraints (12c)
characterize the range of DC power output of the fuel cell.
While generating electricity, fuel cell also produces heat

which can be captured by heat recover unit [32]
& = Mo (1=1")/n" B €T. (13)

where T denotes the heat recovery efficiency and n'
represents the heat conversion efficiency of the fuel cell.



D. Energy Conversion Devices

Absorption Chiller (AC): AC can convert heat into cooling
energy. The produced cooling power is determined by the
injected heat g° and energy conversion efficiency n* of AC,
which can be modeled as

ac __ _ac ,.ac
q9 =& ‘N,

(14)
gl <g., teT.

where g denotes the injected heat to AC. ¢ is produced
cooling energy. g captures the operating limits of the AC.

Photovoltaic power (PV): Solar power generation is deter-
mined by the incident solar irradiance and panel area, which
is typically modeled as

npv Apv Qrad

where P*!a [kW] denotes the solar generation, jointly deter-
mined by the PV conversion efficiency nP¥, solar collection
area Apy [m?2], and incident solar radiation Q{ad [kW/m?].

Solar Thermal Connector: The solar thermal collector
absorbs solar radiation to heat water in hot water tank. The
injected heat energy can be modeled as

stc rad
=0 Asic Q y

where 1% denotes the thermal conversion efficiency, Ag. [m?]
is the collector area, and Q”ld [kW/m?] represents the incident
solar irradiance.

Psolar

VieT. (15)

solar

VieT. (16)

E. Multi-energy Supply-Demand Balance

The operation of the hydrogen-based MES should ensure the
multi-energy demands of the building community at each time
slot. This can be captured by the following balance equations

Pg JrPsolar JrPfc JrPess,dis _ Pess,ch JrPely + Q}ED (17a)
solar+ +g;e9 dis ;es ch+ aC+Q ’ (17b)
g +a " =g+ 0P, el (17¢)

where P® is net purchased electricity from the utility grid.
ED,QtHD, Q,CD are electricity, heating, and cooling demand
of building community.

F. Objective function

The objective is to minimize the external energy cost of the
hydrogen-based MES over the optimization horizon, which
can modeled as

AP—As
JCOSI_E{Z |: )

AP+ A
ipE 4 S
teT 2

P,ngl,hv?“y} At} (18)

where A and A’ are buying and selling price from the
utility grid. A" is hydrogen trading price (buying and selling).
The first two terms are electricity cost, and the third one
is hydrogen cost. E denotes expectation for capturing the
multiple uncertainties.

Overall, the optimal operation of the hydrogen-based MES
can be formulated as a stochastic optimization problem
minJege S.t. (1) —(17), subject to nonlinear coupled system
dynamics, various operational constraints and multiple sources
of uncertainties. This makes model-based optimization meth-
ods computationally challenging.

ITII. SELF-PREDICTIVE DEEP REINFORCEMENT LEARNING

To address the computational challenge, this paper develops
a deep reinforcement learning (DRL) based approach. Specif-
ically, historical data of market prices, renewable generation,
and multiple energy demands together with the proposed
mathematical model are used to train an DRL agent, which is
then deployed for real-time operation. It is worthy noting that
the mathematical model is only used as a simulator to acquire
interactive operational experience. However, the method does
not depend on an explicit mathematical model if a practical
system or a physics-based simulator is allowed to interact.

A. Markov Decision Process (MDP)

To develop a DRL-based approach, the problem is first re-
quired to be formulated as a Markov Decision Process (MDP).
An MDP is defined by a 5-tuple (S,A,P,r,7), where S, A, P,
r, and 7y denote the state space, action space, state transition
probability, reward function, and discount factor, respectively.
Based on the proposed mathematical model of the hydrogen-
based MES, we give the following MDP formulation.

State: For the hydrogen-based MES, we define the system
state at each time slot ¢ as

day, hour, A2, A5, AN, 0rd,

_ ess ctes cces chss ely ~ely ~tank
St = St ’St ’St 7St 7];‘ 7Ct a]; b

ED HHD ~HCD
t =t =t

where day € {1,2,m ,7} denotes the day of the weak and
hour € {1,2,---,24} denotes the hour. A°, A%, A" are electric-
ity and hydrogen market price. Qrad is incident solar radiation
for PV panels and solar thermal collectors. S5, S, S¢°, and
S?SS denote the energy levels of electrical, thermal, cooling,
and hydrogen storage respectively T, Y, Tk are state
variables of HESS. QFP, QHP QCP are multi-energy demand
of building commumty. Some studles 1nc0rporate hlstorlcal

information, e.g.. AP . A% 1, Ay kt’Qt ko Qs O
enhance learning performance ThlS is avoided as we do not
observe obvious performance gains.

Action: The action @, € A specifies the operating policies

of energy devices, which is defined as

_(,ess tes _css _hss buy
ar = (at 7at 7at 7at Clt

19)

(20)

where a®*,a'®* a® a* € [—1,1] denote the normalized charg-
ing and discharging operation of electrical storage, hot water,
chilled water and hydrogen tanks. a];uy € [-1,1] indicates
normalized hydrogen transaction in hydrogen market. It is
noted that not all device-level control variables are explicitly
included in the action as the others can be directly derived
through energy balance equations given the action (20).
While interacting or in real-time operation, the normalized
action should be converted into device-level operations. For the
energy storage devices, the actual charging and discharging,
considering physical limits can be determined by

Pess,ch _ Chp (aeqspeii ,ch 0 w)
t max > ) ness ChAt ) (21)
ess,dis ; ess ess,dis (Sebb Sﬁfn)ncss’dis

PSS =clip ( PSSAs (), At ’



t {{
tes,ch __ li tes _tes,ch 0 Stmax — 51
8t =chip| 4 gmdx ’ ’ T teschAas /)
ntes ChAt (22)
tes,di
tes,dis __ y: tes tes,dis (St Stnelfn) A
t - Chp Pmax 0 ’
At
ces,ch li ces ces,ch 0 ane:x - St‘:es
t =cC lp at max 9 nces’ChAt 9
‘ (23)
ces,dis : ces ces,dis (Sceq Sfriqrx)nceS7dls
< :cllp( a; x50, ),
At
h h buy
hss ,ch ss hss ch Smsasx St - Vi
Vi - Chp Viax ’0 )
At
hss buy hss (24)
hss,dis hss hss Jdis S +v Smm
vy =clip( — Vmax 5 0, —At ,

where clip(x,y,z) £ min (max(x,y),z) bounds x within [y,z].
hss,dis _ hss,ch
Vmax >Vmax denote the maximum charging and discharging
rate of the hydrogen tank. The clip operations ensure storage
devices not overcharged or overdischarged during operation.
The net purchased hydrogen in hydrogen market is

buy _ buy bu
Vi = a4 Vimax

(25)

The operation of other energy devices can be derived
from the system balance equations. Specifically, the generated
cooling power and consumed heating power of AC are

qt _ qfeﬂ ch+ ;:e% Jdis +Q1‘CD
=4q;°/n",

Following this, the operation of fuel cell can be sequentially
inferred through the coupled thermodynamic and electrochem-
ical dynamic equations:

(26)

ac (170) g (13)

g g Pfc (12b)
t ’

ife 29, yfe 27)

Given the purchased hydrogen v})uy, the consumed hydrogen

by fuel cell vi¢, the charging and discharging of hydrogen tank
hss ch hss dis ely

Vs , the produced hydrogen by electrolyzer v, ” can
be der1ved from
V?ss,ch 7v§1ss,d15 o- v;:ly Vlfc +V?Uy (28)

The operating status of electrolyzer is further determined as

4 6 8 9
v;:ly Q> ely Q ely (8) pely Q>

ely (10a)
P, — P[J I ”

T, Y (29)

Finally, the amount of purchased electricity P® can be
derived from the electricity balance equation (17a).

State transition: State transitions describe the evolution
of system states given the action. The transitions of time
components: day and hour are deterministic and follow the
calendar. The transitions of external states, including market
prices A A5 AP, solar radiation Q™! and energy demands

ED }{D, cD can be captured by historical data. The storage
states S7°, S}e“, Sees shss stack temperature 7 Y overload
counter C;” and tank temperature 7,*"% follow the system
dynamics described in Section II-B and II-C.

Reward: The operation of hydrogen-based MES is to mini-
mize the external energy cost. We define the reward as negative
energy cost at each time slot. Additionally, we incorporate the

operating limits of electrolyzer, fuel cell and hydrogen tank
that are hard to be enforced explicitly as penalty. This leads
to the following reward function

b N b S
= - [ e+ 2

PE+ l,hv?uy } At — A - penalty

e +[m -
+

+ [plamk p?“‘k} + |pe—

+ [Prchm_Pfc} + [Ptfc P[;Cdx}_'_

penalty = [Cely Tely}
+

max

tank
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where A > 0 is penalty factor for regulating the satisfaction of
constraints, which is often determined by experience.

Latent Dynamic Model
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State-action Encoder ¥ h
s
Zsa

Experience
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Fig. 2: The architecture of self-predictive DRL

B. Self-predictive DRL

To enable learning-based optimal operation of hydrogen-
based MES, this section proposes a self-predictive deep rein-
forcement learning (SP-DRL) approach. The key idea is to
explicitly learn a latent dynamic model of the system and
leverage it to enhance the DRL learning process. Specifically,
an auxiliary learning task is introduced into the conventional
DRL pipeline to capture the system transition dynamics in a
latent space. The learned dynamic model is then integrated into
the critic network to predict the next system states, effectively
guiding the action-value function learning.

This idea is directly motivated by the fact that action-
value function represented by the critic network is inherently
dependent on the system transition dynamics. Conventional
DRL approaches typically rely on the critic network to implic-
itly capture the system dynamics from operational data. For
complex systems or environments, the methods often suffer
from the slow and unstable critic learning due to the bootstrap-
ping effects. Since the performance of DRL is often largely
determined by the critic learning, this often undermines the
effectiveness of conventional DRL approaches. The proposed
SP-DRL addresses this issue by explicitly learning a dynamic
model of the system and incorporating it into the critic network
to effectively guide critic learning in complex environments.

The implementation of SP-DRL includes two main proce-
dures. One is to learn a latent dynamic model and the other



is to incorporate it into the DRL framework. The overall
architecture of the SP-DRL is presented in Fig. 2.

Learn a latent dynamic model: A latent dynamic model
can be viewed as a representation of original system dynamic
model in a latent space. The benefit of learning the dynamic
model in a latent space instead of original one is that it can
automatically filer out task-irrelevant distractions or noises
of original state space [33]. This paper employs a state-
encoder and a state-action encoder (P,¥) to capture the
underlying state transition dynamics in a latent space. The
state encoder maps araw system state s into a latent state
zs, Which is described as @ : § — Z,. The state—action
encoder maps the latent state and the action pair (zy,a)
into another latent state zz,, which can be described as
Y (S,Z) — Zs,. Collectively, they form a compact latent
dynamic modeling framework:

75 = D(s)
Tsa = lP(Zv,“)

The output latent state z5, can be interpreted as the predicted
next latent state . Let s’ denote the next state, the actual
next latent state is zy = @(s’). To ensure that (&, ¥) jointly
constitute a valid latent dynamic model, the predicted next
latent state should be consistent with the actual next latent
state, i.e.,

(30)

Zsa = 2¢,VS € S,a € A. 31)

Therefore, to obtain a latent dynamic model, we define the
training objective as

L(¢a lP) = IESlNP(-lS,a) ”Zm —Zy ||

, (32)
= IE:s’~l-”(-|s.,a) H'P(@(S),a) - (I)(S )H

Incorporate the latent dynamic model in DRL frame-
work: The latent dynamic model is able to predict the next
system state given the current state and action, which is
informative for critic learning. We therefore incorporate it
into the critic network. Compared with conventional DRL, we
make the following modifications of the critic network with
the proposed SP-DRL method.

DRL — SP—DRL
n(s) — 7m(z) (33)
Q(s,a) — Q(Saayznzsa)

where the current latent state z; and the predicted next latent
state z, can be derived from the learned latent dynamic model
(30). The proposed SP-DRL is a general framework and can be
combined with any existing DRL methods that admit an actor-
critic architecture, such as Deep Deterministic Policy Gradient
(DDPG) [34] and Twin Delayed Deep Deterministic Policy
Gradient (TD3) [35].

In SR-DRL, latent dynamic model learning and the actor-
critic training of DRL are decoupled and alternated. The
gradients of latent dynamic model can be computed as

V@L(q’,T)ZEs’NP(-h,a) [V@HW(‘D(S),Q) - ’¢(s/)’>< H} (34)
V‘I’L((P,T):ES’NP(-h,a) [V‘PHlP((P(S)va) - |(D(S/)|>< M

Algorithm 1 Training procedures of self-predictive DRL

1 Initialization: (1) Initialize actor network 7¢, 7%, critic
0°, Q‘”/, state encoder @, state-action encoder ¥; (2)
Initialize replay buffer D.

2: for episode =1 to Nepisode dO

3:  Reset environment and obtain initial state sq; initialize

random noise A}

4:  for time step r =0to T — 1 do

5 Select action: a; = 7% (s,) + .4/

6: Execute a; and get ry, s;11

7 Store transition (s;,d;,r;,S+1) in D

8 if |D| > Dpp then

0: Sample a mini-batch (s;,a;,7;,8.+1) ~ D

10 Update encoders according to (34)

11: Update critic according to (35) or (36)
12: Update actor according to (37)

13: Soft update target networks 0’, '

14: end if

15:  end for

16: end for

where |- |« denotes stop-gradient operation, which is used to
avoid the collapse of representation learning during training.

For actor and critic updates, we denote the actor and
target actor networks as 7t9,7r9,, the critic and target critic
networks as Q®,0®. By adopting the idea of conventional
DRP, the critic is trained to minimize the Bellman error and
the actor is updated to maximize the action-value function.
When combined with DDPG and TD3, the updates of critic
and actor networks can be described as

a) DDPG Critic Updates:

2
Lcritic(w) = E(.y,7u,,r,7.¥,+1)~D {(Qw (Staanzs;Zsa) _yt) ] s
/ /
Ve =Tt _|_wa (st-‘rl’ n® (St+1)azs’7zs'a’)7
W< 0—Tp Va)Lcritic(w)-
(35
b) TD3 Critic Updates:

. 2
Lcritic(wi) = E(sl A1t Spa1)~D [(Qw’ (Sz,ath,Zsa) *YI) } s
Yi= rt+ymini:1,2 Qw; (Sf+11 7.[9' (St+1)+gvzs’7zs’a,) ;

@; — 0 — Mo Vo, Leriic (@), i=1,2.

(36)
where € ~ clip(#(0,0),—c,c) is the clipped policy noise,
and Q¥ , 0% are double target critic networks with TD3.

¢) DDPG/TD3 Actor Updates::

{VBJ ~ Esop VaQw(Staat,Zx;Zsa)’a:ne(s) VGEB (S) )
0 < 04Nz Val.

(37)
where D represents the experience replay buffer. n¢ and n”
are critic and actor update stepsize.

The target actor and critic networks of DRL are often
updated at a much slow space for stable training. The widely
used soft update scheme is adopted in our framework. The
detailed implementation of the SR-DRL is summarized in
Algorithm 1. After finishing training, the trained DRL agents
can be deployed for the real-time operation of the hydrogen-
based MES. At each operating point, the operation of energy



devices can be obtained by the trained DRL agent with the
observed system state.

IV. CASE STUDIES

This section evaluates the proposed SP-DRL methods for
hydrogen-based MES. We first examine the convergence of
latent dynamic model learning. Next, we investigate the train-
ing performance of the SP-DRL agents. Finally, we assess the
operational performance of the trained agents deployed for
real-time operation of the hydrogen-based MES.

A. Simulation Setup

Real-world data is used to set up case studies. Multi-energy
demand profiles (electricity, heating, and cooling) of building
community, along with solar radiation, weather conditions
and the time-of-use (ToU) utility price are obtained from
the CityLearn dataset [36]. A hydrogen system comprising
a Siemens Silyzer 100 electrolyzer, a Swiss hydrogen fuel
cell, a compressor, and a pressurized hydrogen storage tank of
[24, 37] is adopted, with the configurations slightly adapted
to accommodate the multi-energy demands of the community.
The settings of other energy generation, conversion and storage
devices follow [10, 38]. To simplify discussions, hydrogen
market is omitted in our case studies. The penalty factors
of constraints are set to 1.0 by experience. We refer the
readers to our extended version [39] for the detailed system
configurations. We compare the proposed SP-DRL methods
against their conventional counterparts as follows.

« DDPG and SP-DDPG: Conventional DDPG and the pro-
posed self-predictive DDPG are trained on real-world data
for the hydrogen-based MES.

e TD3 and SP-TD3: Conventional TD3 and the proposed
self-predictive TD3 are trained on real-world data for the
hydrogen-based MES.

Three cases (Case 1, Case 2, and Case 3), corre-
sponding to different data periods, are considered. For each
case, the DRL agents are first trained on 20-day dataset and
subsequently tested on another 10-day dataset. For a fair
comparison, all DRL methods share identical model architec-
tures and training hyperparameters, except for the state and
state-action encoders with the SP-DRL methods. We refer
the readers to our extended version [39] for detailed model
architecture and training hyperparameters.

B. Latent Dynamic Model Learning

This sections evaluates the convergence of latent dynamic
model learning together with its predictive performance. In
terms of convergence, the training loss (32) of state and state-
action encoders during the training process of Case 1 is
first investigated. As shown in Fig. 3 (a), the training loss
decreases quickly towards zero, indicating the convergence of
latent dynamic model learning. After finishing the training,
we further examine the learned latent dynamic model for
predicting system states in latent space. Specifically, we use
the trained state and state-action encoders to predict the next
latent system states and compare them with the actual ones
on the 20-day training data. For each time step, we compute
the actual next latent state by zy = @(s") and the predicted

next latent state by zs; = Y(P(s),a). To handle the high-
dimensional latent system states, we randomly generate some
directional vectors uj,u;,u3 and use them to project the high-
dimensional latent states into one-dimensional ones by a mul-
tiplication operation. Fig. 3 (b)—(d) presents the projections of
actual next latent states zy and the predicted ones z;, across the
time. We observe that the two trajectories under the randomly
generated projection vectors coincide with each other across
the time. This indicates that the learned latent dynamic model
can well predict the next system state in latent space given the
current state and action. Similar convergence and predictive
performance of latent dynamic model are observed in Case
2 and Case 3. This demonstrates that the proposed state and
state-action encoder can effectively learn a dynamic model for
capturing the underlying system dynamics of the hydrogen-
based MES.
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Fig. 3: Convergence of latent dynamics learning and its
predictive capability.

C. Training Performance

This section investigates the training performance of the
proposed SP-DRL methods in comparison with their conven-
tional counterparts. First of all, the episode returns of the DRL
methods during the training process across the three cases are
investigated. As shown in Fig. 4, we observe that the SP-DRL
methods (SP-TD3 and SP-DDPG) consistently outperform
their conventional counterparts (TD3 and DDPG). Specifically,
SP-TD3 and SP-DDPG achieve faster convergence rate and
significantly higher final episode returns compared with the
conventional methods. Moreover, the SP-DRL methods exhibit
much more stable training behavior as reflected by the smooth
episode return trajectories.

The enhanced training performance of SP-DRL methods can
be attributed to the improved critic learning enabled by the
learned latent dynamic model. This can be perceived from
Fig. 5, which shows the normalized TD error of critic net-
works during the training process for Case 1. It is observed
that the TD error decreases much faster towards zero with
the SP-TD3 and SP-DDPG compared to their conventional
counterparts TD3 and DDPG. Beyond that, we observe obvious
fluctuations of TD errors with the TD3 and DDPG during the
training process. This is actually the cause of the unstable
episode returns with TD3 and DDPG observed in Fig. 4. These
results demonstrate that by learning a latent dynamic model to
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Fig. 4: The evolution of episode return during training under different methods.

explicitly predict the next system state for the critic network
can effectively enhance the critic learning, thereby enhancing
the performance of the DRL methods.
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Fig. 5: Normalized TD error of critic networks during the

training process under different DRL methods in Case 1.
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TABLE I: Performance of different DRL agents on training
and testing datasets

Training dataset Testing dataset

Cases Methods
Avg. Perf. Avg. Perf.
Cost [$] Imp.[%] Cost [$] Imp.[%]
TD3 398.68 - 551.73 -
Case 1 SP-TD3 320.16 19.7 470.05 14.8
DDPG 351.54 - 529.49 -
SP-DDPG 304.91 13.3 456.41 13.8
TD3 372.38 - 292.39 -
Case 2 SP-TD3 302.26 18.8 236.95 19.0
DDPG 315.92 - 253.83 -
SP-DDPG 266.12 15.8 225.66 111
TD3 405.29 - 248.08 -
SP-TD3 276.36 31.8 185.25 25.3
Case 3
DDPG 345.38 - 230.97 -
SP-DDPG 287.34 16.8 190.86 17.4

D. Operational Performance

This section evaluates the operational performance of
trained DRL agents deployed on the hydrogen-based MES.
For each of the trained DRL agents, we examine their induced
average daily energy cost on both the 20-day training dataset
and the 10-day testing dataset across the three cases and use
them as performance metrics. For each case, we evaluate the
performance improvement of the SP-DRL methods relative to
their conventional counterparts. TABLE I reports the obtained
results. For ease of comparison, we have highlighted the the
results of SP-DRL methods in bold. From the results, we
observe that the SP-DRL methods (SP-TD3 and SP-DDPG)

consistently provide considerably lower average daily energy
cost compared with their conventional counterparts (TD3 and
DDPG) across all tested cases. Specifically, for Case 1, the
average daily energy cost of hydrogen-based MES is reduced
by 19.7% (SP-TD3) and 13.3% (SP-DDPG) on the training
dataset, and by 14.8% (SP-TD3) and 13.8% (SP-DDPG) on
the testing dataset. Obvious performance improvement are
observed in Case 2 and Case 3. Overall, the SP-DRL
methods provide about 11-32% performance improvement
over conventional DRL methods across all tested cases. Be-
sides, it is worthy noting that each of the trained DRL agents
yields relatively close performance on the training and testing
datasets. This indicates the strong generalization capability and
stable performance of the trained DRL agents.
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Fig. 6: Distribution of the daily energy cost of hydrogen-based
MES under the different DRL agents on testing dataset.

The improved operational performance of SP-DRL methods
over the conventional DRL can be further perceived from
Fig. 6, which presents the distributions of daily energy cost
over the 10-day testing dataset across the three cases. It can be
observed that the SP-DRL methods (SP-TD3 and SP-DDPG)
achieve considerably lower daily energy cost compared with
the conventional DRL approaches (TD3 and DDPG) on all the
tested days.
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E. Operational Policies

This section evaluates the effectiveness of operational poli-
cies provided by the trained SP-DRL agents. We focus on
the hydrogen system, including the electrolyzer, fuel cell and
hydrogen as it represents a central component of the hydrogen-
based MES and exhibits complicated operating characteristics.
Fig. 7 presents the operational trajectories of the hydrogen
system in Case 1 over the first 5 days of the testing dataset.
Specifically, the electrolyzer current, hydrogen tank pressure,
electrolyzer temperature, electrolyzer DC power, fuel cell out-
put power and utility grid transactions under SP-DRL methods
(SP-TD3 and SP-DDPG) are presented. The results show that
all variables are controlled within their prescribed physical
limits throughout the period. Specifically, the hydrogen tank
pressure stays below the upper limit of 70 bar. The electrolyzer
temperature maintains close to the prescribed temperature of
60 °C. The electrolyzer injected DC power and fuel cell output
power remain below their respective upper bounds of 200 kW
and 160 kW. It is worth noting that the electrolyzer current
temporarily exceeds its nominal current 300 A. This is because
the electrolyzer is allowed to be overloaded for some period
without causing any adverse effects. In addition, we observe
that grid power purchases of the hydrogen-based MES mainly
occur during low-price periods, and some grid injections
are observed during high-price periods. This is reasonable
considering the external energy cost reduction objective. The
above results demonstrate that the DRL methods can provide
effective operational policies for hydrogen-based MES.

V. CONCLUSION

This paper studied the optimal operation of a hydrogen-
based multi-energy system (MES) comprising diverse energy
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Fig. 7: Operational profiles of the devices from the hydrogen energy storage system over 5 days under SP-TD3 and SP-DDPG.

generation, conversion, and storage devices to provide coor-
dinated electricity, heating, and cooling energy to a build-
ing community. We proposed a comprehensive operational
optimization model for the system that fully capture the
nonlinear and coupled thermal, electrochemical and pressure
dynamics of electrolyzers, fuel cells and hydrogen tank to
enable a reliable operation of the system. We further de-
veloped a self-predictive deep reinforcement learning (SP-
DRL) method to enable learning-based optimal operation of
the system. The method learned a latent dynamic model to
capture the underlying system dynamics to facilitate the critic
learning, thereby enhancing the DRL learning. Case studies
based on real-world data demonstrated that the proposed SP-
DRL method can significantly improve the convergence rate,
sampling efficiency, training stability and policy performance
compared with conventional DRL methods. The average daily
energy cost of hydrogen-based MES was reduced by about
11-32% across all tested scenarios.
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APPENDIX A. PARAMETERS

TABLE II: Energy system configuration and device parameters

Device Param. Value Units Param. Value Units
Sess,min 0 kKWh §ess,max 50 kWh
QQ h Q d
ESS Poe 20 kW P s 20 kW
sess 5 kWh nessch/dis 0.95 -
Stes,min 0 kKWh Sles,max 100 kWh
TES stes 10 kWh i 50 kW
;S;:)‘(ﬁs 50 kKW ntes,ch/dis 0.9 _
geesmin 20 kWh Soes,max 200 kWh
CES sees 20 kWh oo 40 kW
;tle;).‘dis 40 KW nces,ch/dis 0.9 _
1 1
. 5 kW Pods 200 kW
ely ely
Psom 100 kW o, 1 25 kW
21 1.618-107°  m3/[°C-s 20 1.490-1072  m3/s
Zlow 1.530-10* m3/[s- kW] Zhigh 1.195-10~* m3/[s- kW]
ely o ely o
EL Tmax 70 C init 20 C
Jo 3.958 °C Ji 0.551 -
2 0.430 °C/kWh ho 235.254 °C
hi 0.673 - Piow 0.987 A/KW
Bhigh 9.0 A/KW oy 300 A
sy 120 Ah o 0.697 -
Shss,min kg Shss,max 50 kg
hss k 3
Shss kg ytan 10 m
pg{‘é‘ bar plank 70 bar
HT M 30 m?/h s 30 m’ /h
phssch/dis 1.0 - Po 8.99-102 kg/m?
bo 11.5:10° m? /s by 4.16-10° m?/[°C-s?]
20 0.94 - g1 5.91-1072 -
Pl 160 kW ple 0 kW
Pg; 4797 kW Mie 0.3 -
FC nfe. 0.8 - it 122.80 A
s1 2.56 1/kV 55 3.31 1/kV
c 0.21 Nm?/C - - -
AC g 200 kW TNac 0.94 -
Apy 1500 m? Aste 400 m?2
PV e 0.762 - n*v 0.2 -
TABLE III: DRL and SR-DRL model and training parameters
Parameter Value Parameter Value
Optimizer Adam Epochs 2500
Batch size 1024 Buffer size 100
Discount rate 1.0 Learning rate 3% 1074

Soft update rate 0.01
State embedding [256,

256, 512]

Actor [512, 512, 512, action_dim]

State-action embedding

Critic

[256, 256, 512]
(512, 512, 1]
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