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Abstract

High temperature proton exchange membrane electrolyzer cells (HT-PEMECS) show
faster reaction kinetics than the low temperature PEMECs (LT-PEMECs) and are suitable for
utilizing waste heat from the industry. However, dynamic modeling and control of HT-
PEMECs are still lacking, which is critical for integrating the HT-PEMECSs with fluctuating
renewable power. In this study, hierarchical models are developed to investigate the transient
behavior of the HT-PEMEC system with hydrogen recirculation. It is observed that the
maximum efficiency point of the reference power can be reached by cooperatively adjusting
the current density and anode inlet gas flow rate, and the application of artificial neural
networks can accurately predict the operating conditions at the points of maximum efficiency.

Moreover, the proposed cooperative model predictive control strategy not only improves the
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efficiency (about 1.2% ) during dynamic processes but also avoids the problem of reactant

starvation. This study provides useful information to understand the dynamic behaviors of HT-

PEMEC:s driven by excess renewable power.

Keywords: Hierarchical system model; Multiphysics analysis; Hydrogen recirculation

system; System identification; Cooperative model predictive control.

Nomenclature

Abbreviation

HT-PEMEC High temperature proton exchange membrane electrolyzer cell
MSE Mean square error
CMPC Cooperative model predictive control
MPC Model predictive control
SOA Seeker optimization algorithm
RMSE Root mean square error
ANN Anrtificial neural network
LHV Low heating value
Roman
B, Permeability coefficient, m?
Cp Heat capacity at constant pressure, Jsmol2eK™!
Eqqt Activation energy, J*mol*




Effective diffusivity of species i, m?es*

psl’ Knudsen diffusion coefficient of i, m?es™

hekd Molecular diffusion coefficient of i, m2es

[ Operating current density, A*m

Vyernst Equilibrium Nernst potential, V

F Faraday constant, 96485 C*mol*

EE,Z Standard equilibrium potential for hydrogen oxidization, V
io Exchange current density, A*m

N; Flux of mass transport, kgem=3es?

Vi Mole fraction of component i

n Number of electrons transferred per electrochemical reaction
P(%Z Local Oy partial pressures, Pa

Pf,z Local H> partial pressures, Pa

P},ZO Local H2O partial pressures, Pa

R Gas constant, 8.314 JemolteK?

u Velocity field, m3es?

T Temperature, K

She Heat exchange area of heat exchanger, m?

hpe Convection coefficient of heat exchanger, kW m2 K1




1. Introduction

The large-scale application of renewable energy is a promising way to tackle greenhouse
gas emissions and energy shortages, while the intermittency and uncertainty of renewable
energy pose a challenge to the stability of the grid [1-4]. Furthermore, hydrogen energy is
regarded as an effective solution to mitigate energy fluctuations due to its cleanliness and high
theoretical heating value. Collaborative operation of the fuel cell and electrolyzer cell enables
efficient conversion between electricity and electrochemical energy [5, 6].

Currently, the proton exchange membrane electrolyzer cells (PEMECS) are very suitable
for grid energy management due to their high current density, excellent dynamic performance,
high efficiency and fast start/stop compared to alkaline electrolyzers, which are mainly
attributed to the more compact structure and avoidance of electrolyte cycles [7-11]. In recent
years, the development of membranes enables PEMECs to operate at higher temperatures
(120°G-180°C), which increases the electrochemical reaction kinetics and decreases the
electrical energy demand [12-14]. Compared with high temperature solid oxide electrolyzer
cells (SOECs) working at about 800°C, HT-PEMECs do not require very high temperature
thermal energy. Thus, HT-PEMEC can make use of a wider range of industrial waste heat
electrolytic hydrogen production. Besides, to ensure the dynamic performance and long-life
operation of HT-PEMEC, dynamic behavior analysis and control strategy design are necessary.

HT-PEMECs are widely studied due to the advantages mentioned above. Jin et al. [15]
used a one-step method to synthesize 4-acetylpyridine and para-terphenyl/biphenyl into a high
performance membrane, which was detected with high electrical conductivity of 0.102 S cm™®
at 180 °C and excellent stability. Hansen et al. [16] developed an Aquivion™ membrane and
tested it for electrolysis reaction at 130 °Cand ambient pressure. It was found that the tantalum
coating shows adequate corrosion resistance and electrical conductivity at high current

densities, and hot pressing operations before cell assembly can enhance cell performance. Dong



et al. [17] found that introducing porous structures into high temperature proton exchange
membranes effectively improves proton conductivity, however, excessive porosity may lead to
degraded cell performance due to high permeability.

Besides experimental studies, cell-level and system-level simulation studies have also
been extensively carried out. Garbe et al. [18] used a combination of numerical calculation and
electrolysis experiments to propose that the conversion efficiency of high temperature
operating (120 °C, 50 um membrane) is 14% higher than the usual operating (60 °C, 180 um
membrane) at 3 A cm?. Gunay et al. [19] used machine learning and principal component
analysis to predict the polarization curves of different electrode materials, and the root mean
square error (RMSE) was only 0.18. Ruiz et al. [20] used the finite volume method to analyze
the effect of three different flow channels (Parallel, serpentine and multiple serpentines) on
hydrogen production, and found that multiple serpentines flow channel has a significant
advantage for electrolysis performance and temperature gradient. Zhang et al. [21] used the
finite element method to investigate the effects of the co-flow channel and counter-flow
channel on the multiphysics field of the electrolyzer cell, showing that the counter-flow channel
has lower temperatures and higher temperature gradients. Bonanno et al. [22] conducted an
energy and exergy analysis of a high temperature proton exchange membrane electrolyzer cell
and found that it exhibited higher exergy efficiency at the self-heating maintained state.
Toghyani et al. [23] used numerical calculations to study the effects of temperature, cathode
pressure, membrane thickness and gas diffusion layer thickness on the efficiency and
exergoeconomic analysis of electrolyzer, which found that high temperature, high pressure and
thin membrane significantly reduced the exergy cost. Nafchi et al. [24] analyzed the effect of
operating conditions on system performance, combining the electrolyzer with photovoltaic and
thermal storage systems, and observed that increased pressure and membrane thickness

significantly reduce system efficiency.



In summary, current simulation work has focused on the effects of flow channel design
and operating parameters on the HT-PEMEC, however transient performance, which is critical
to the application of electrolyzer cells for energy management, has rarely been investigated. In
this study, in order to achieve high accuracy and fast simulation, the hierarchical model is
developed to explore the dynamic performance of the hydrogen recirculation system, which
combines the multiphysics model to describe electrolyzer with lumped parameter models to
describe sub-systems. Dynamic performance of the electrolyzer cell can be accurately
described as well as avoiding the huge computational costs associated with system models
described by the finite element method. On this basis, model-based control strategies are
designed to achieve fast and efficient transient processes and avoid reactant starvation problems.
This study can provide a reference for the system integration and control research of hydrogen

recirculation structures.

2. Hydrogen recirculation system structure

Steam produced by the evaporator is preheated, passes through the heat exchanger and
heater, and finally is fed into the anode. Moreover, the cathode uses part of the
electrochemically generated hydrogen as a carrier gas, instead of using steam. Compared with
steam as the carrier gas, hydrogen recirculation systems significantly reduce the thermal energy
requirements although they slightly increase the electrical energy requirements due to the
increased Nernst voltage, which improves the overall system efficiency [25]. The detailed HT-

PEMEC system structure is shown in Fig. 1a.
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Fig. 1. (a) Hydrogen recirculation HT-PEMEC system structure; (b) Schematic diagram
of HT-PEMEC.

3. Model development
3.1 Computational domain and assumptions

The multiphysics model based on the finite element method is widely used in the study of
electrolyzer cells and fuel cells due to its accuracy, however, the method requires high
computational resources and hence is not suitable for study at a system level, especially for
studying the dynamic behavior of a system. Therefore, the hierarchical model of hydrogen
recirculation system utilizes finite element methods to calculate electrochemical reactions, gas
diffusion, proton/electron transport, and heat transfer of electrolyzer. Apart from that, other
components use lumped parameter models to simplify the system calculation processes.

The computational domain of HT-PEMEC, which includes the gas channel, gas diffusion

layer, catalyst layer and proton exchange membrane, is shown in Fig. 1b. Moreover, the
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electrochemical reactions of the anode and cathode are respectively shown as follows.
Anode: 2H,0— 02+ 4H™+ 4¢ Q)
Cathode: 2H"+2e— H> 2
The main assumptions are listed below: (1) Laminar flow is considered in the gas channel;
(2) The membrane is impermeable to all gases; (3) The gas diffusion layer and the catalyst
layer are isotropic porous media; (4) The catalyst is uniformly distributed in the catalyst layer
[26, 27].
3.2 Governing equations
The applied voltage of the electrolyzer cell can be calculated as the sum of the Nernst
potential (open circuit potential: OCP) and the overpotentials as [28, 29].

1
L pL \y
P, (Pg,)2

RT
Veeu = E7(*)e + o5F In [ pL t Nact T Norm (3)
H,0

Here P}, Pj,,and Pj;,, denote the local partial pressures of the different gases rather

than at the electrode surface, hence the concentration losses are included in Eq. (3). E2 +

2F

1
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] represents OCP.  EZ, is the reversible potential of the electrolysis reaction

under standard gas partial pressures, which represents the minimum potential demand and can
be further expressed as Eqg. (4) [30].

ES, =1.229 — 0.9 x 1073(T — 298) (4)

Activated overpotentials (n,.;) are mainly associated with the microstructure and material

of the electrode, which reflects the energy barrier of the electrochemical reaction, and can be

calculated using the Buttler-Volmer equation [31].

= i fop (2225) — xp (20201 ®
io = ¥ exp(— =) (6)

Here E,.. represents the activation energy of the electrolysis reaction, « isthe charge
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transfer coefficient. n is the number of transferred electrons.
Ohmic overpotential reflects the resistance of the transfer of protons and electrons, and
can be calculated by Ohm's law. The diffusion of gases in the gas channel and the porous

electrode can be described by the extended Fick model [32].

1 (Boy;P )
N=-+ (% vP — DTV (y,P)) (=1.2.....n) (7)
-1
eff _ € 1 1
0 =2(5+ ) ®

Here DS’/ is the total effective diffusion coefficient. D7/ and D/’ are related to
molecular diffusion and Knudsen diffusion, respectively. The mass conservation of gases can
be expressed as Eq. (9-10).

v(-pf'vc,) = R 9)

Ru,0 = =Ru, = —2Rq, = ﬁ (10)

Here R; and C; denote the mass source term and molar concentration of the gases,
respectively. i is current density (A m2).
Flow field of gaseous components can be calculated using the Navier-Stokes equation

with the Darcy term [33].

p% +puVu=-Vp+V [,u(Vu + (Vu)T) — %,uVu] - (12)

By
Temperature distribution of the electrolyzer cell can be described by the heat balance
equation [34].
pCpu @ VT + V(—2VT) = Q (12)
Aett = (1 — )X + €Ag (13)
Here Ac¢ represents the effective thermal conductivity, A; and A, correspond to the
solid thermal conductivity and the gas thermal conductivity. Q represents the heat source term,

which includes the generated thermal energy (Qg.,,) and consumed thermal energy (Q¢,») due
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to the overpotential and electrolysis reactions, respectively.

Qgen = Eppr X i
{ (14)

Qeon = TAS X —

Here E,.,. represents the overpotential, including activation overpotential and ohmic

overpotential. The overall overpotential measures the difference between the working voltage
and the Nernst potential.

The steam supply subsystem can be described as a first-order system with a delay as

follows [37].

1
tconS+1

G(s) =

e~tas (15)

Here t.,, Iisthe time constant, t; is delay coefficient.

The lumped model of the heat exchanger can be expressed as Eqgs. (16-18) [38].

dT ai . . . i .
Ncga dgt = Ninhin — Nouthoue + X Qi = off,in (16)
dThe :
PsVsCs d_: =2 Qer (17)
Qtr = Shehhe(Tga.i — The) (18)

Here Tg,; is the temperature of the high temperature off-gas and the low temperature
inlet gas, Ty. IS the heat exchanger temperature.
Evaporator and heater can be considered as inputs of thermal energy [39].
Qneat = Ngas(hr — hr,) (19)
Here hr and hy, indicate the enthalpy of the gases respectively at the operating and
ambient temperatures.

The energy efficiency of HT-PEMEC system can be expressed as the ratio of generated

electrochemical energy to the sum of the input electrical and thermal energy [40].

LHVy, XNy,

Nen = (20)

Qelectric"’chermal

The HT-PEMEC model is solved using the finite element method, detailed information
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about model validation and mesh independence can be found in the Refs [35, 36]. The anode
and cathode outer boundaries were set as operating current density and zero potential,
respectively. Inlet gas flow rates and temperatures were set at the anode and cathode inlets, and
pressure conditions were set at the outlet. The top and bottom of the cell are set to be insulation.
At each time step, the operating conditions (current density, inlet gas flow rate and inlet gas
temperature) are solved by MATLAB and entered into COMSOL. Subsequently, the
electrochemical model, mass transport, and heat transfer are solved by the MUMPS solver of

the COMSOL, which utilizes the fully coupled method with constant newton nonlinearity.

Table 1. Geometric and physical parameters are applied in the model.

Parameter value unit
Channel height 1 mm
Channel width 1 mm
Channel length 50 mm
Gas diffusion layer thickness 0.38 mm
Membrane thickness 0.1 mm
Catalyst layer thickness 0.05 mm
Operating pressure 1 bar
Operating temperature 403.15 K
GDL permeability 1.18x10 [50] m?
Catalyst layer permeability 2.36x1012 [50] m?
GDL porosity 0.4 [21]
Porosity of catalyst layer 0.3 [21]
Proton conductivity of electrolyte 20 [51] Smt
Anode exchange current density 104[29] Acm?



Cathode exchange current density 0.1[29] Acm?

Number of cells 30
Heat exchanger heat capacity 0.62 [37] k] kg! K1
Convection coefficient of heat
0.1 kKW m2 K1
exchanger
Hydrogen recirculation ratio 0.2
MPC predicted time domain length 10 [52]
MPC control time domain length 3[52]
MPC control weighting factor 0.05 [52]
Violation constraint penalty weight 1
Steam utilization of SOA-PID 0.8
SOA weight factor w, 0.999 [53]
SOA weight factor w, 0.001 [53]

4. Cooperative control strategy

The anode steam flow rate and current density are used as control parameters in the
hydrogen recirculation system, and Fig. 2 shows the control structure of the hydrogen
recirculation system. Neural network is trained to quickly and accurately predict the anode inlet
steam flow rate by using the optimal operating conditions at different power consumptions.
Subsequently, the predicted anode inlet gas flow rate is used as a feedforward control to
regulate the steam supply subsystem, thereby avoiding the effects of system fluctuations on the
steam supply subsystem. On the other hand, the hierarchical model is developed by combining
the multiphysics model and lumped parameter model, while multiphysics models are not
suitable for control strategy design. Therefore, the relationship between the current density and

the power density consumed is obtained by the system identification method. Moreover, the
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multiphysics model is utilized to analyze the effect of the change rate of current density on the
dynamic behavior of the steam molar fraction in the anode catalyst layer, which avoids the
problem of reactant starvation during dynamic processes. Finally, the identified model and
constraint ( maximum current density change rate ) are imported into the model prediction
controller to predict the dynamic behavior of the power density consumption and to control the

HT-PEMEC system to track the reference power density consumption.

Optimal operating conditions

Y

Reference power

A 4

Neural Network Feedforward control

v Anode steam flow rate

| Steam supply |I >
Model Predictive . Current
Electronic load r
Control

F Y

HT-PEMEC Power consumption
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Fig .2. Cooperative control strategy structure for hydrogen recirculation system

4.1 Neural network predicts maximum efficiency point

In practice, the current and anode inlet gas flow rate are typically adjusted to control the
working state of the electrolyzer system. It has been found by steady-state parameter analysis
that the current density and anode inlet flow rate corresponding to each reference power can be
cooperatively controlled to make the electrolyzer system work at the maximum efficiency
points. Compared to voltage control schemes, current control schemes can directly reflect the
extent of electrochemical reactions and thus avoid excessive overshoot, making the dynamic
process easier to regulate [35]. As shown in Fig. 3c, the efficiency showed a trend of increasing

first and then decreasing, and the current density corresponding to the maximum efficiency
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point increases with the increase of the anode inlet flow rate. Further, most of the reactants are
not utilized resulting in low efficiency at low current densities, thus efficiency increases with
increasing current density. However, at high current densities, the overpotential loss is also
high, resulting in low efficiency [41]. Moreover, dynamic switching between maximum
efficiency points is essential for efficient operation [37-38]. Therefore, it is crucial that the
maximum efficiency point corresponding to the reference power density is quickly and
accurately predicted to provide information for the control strategy during the dynamic process.
Artificial neural networks (ANN) are applied to predict the anode inlet gas flow rate
corresponding to the maximum efficiency of reference power consumption due to its high
accuracy and low computational cost.

The levenberg-marquardt method was applied to train the ANN, and the regressed R
values for training and validation of the anode inlet flow rate are shown in Fig. 3a and Fig. 3b.
Moreover, the mean squared errors of training and validation are 2.25e¢® and 2.34e’,
respectively. It is observed that the ANN can accurately predict the anode inlet flow rate

corresponding to the maximum efficiency point.
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Fig. 3. (a) Training of artificial neural network to predict the anode gas inlet flow rate
corresponding to the maximum efficiency point; (b) Validation of artificial neural network to
predict the anode gas inlet flow rate corresponding to the maximum efficiency point; (c) Effect

of anode gas flow rate on maximum efficiency point.

4.2 Limitation on the change rate of current density

During the dynamic process, fast electrochemical reactions and relatively slow gas
transport may cause reactant starvation problems. Current density can directly reflect the
degree of electrochemical reactions, therefore, the change rate of current density should be
limited to prevent reactant starvation caused by severe electrochemical reaction fluctuations.

The initial operating point (500 A m2, 0.0009 mol s) and the final steady-state operating
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point (6500 A m?2, 0.0045 mol s?) are set to investigate the transient behavior of reactant
concentrations in the catalyst layer. To study the effect of different current density change rates
on the reactant concentration in the catalyst layer during the transient process, the current
density is set to different slope adjustment schemes while the anode inlet gas flow rate was
adjusted by the same step adjustment scheme. Fig. 4a shows different current density change
rates during the transient process, and Fig. 4b shows the transient behavior of steam molar
fraction in the anode catalyst layer. It can be observed that when the current density changes
drastically, the transient response of the steam molar fraction appears undershoot, which may
cause the problem of reactant starvation during the transient process. Undershoot is triggered
due to the drastic electrochemical reaction consuming a large amount of steam, while steam
diffuses relatively slowly in the electrode, which may cause the catalyst to be oxidized at low
steam concentration conditions. Therefore, the current density change rate should be limited to
avoid the undershoot, and the maximum current density change rate was set to 2000 A m2s?

in this dynamic study.
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Fig. 4. (a) Current density changes during the dynamic process. (b) Transient response

of the steam molar fraction in the anode catalyst layer.
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4.3 System model identification

Multiphysics models are generally suitable for analyzing the multiphysics distribution and
dynamic response of HT-PEMEC [42, 43], however, they are not suitable for the design of
control strategies due to the inconvenience of obtaining state equations and transfer functions.
Moreover, transfer functions and state equations are crucial for the design of complex control
strategies, thus the system identification approach is employed to obtain the transfer functions
of HT-PEMEC [44].

The input and output of the system identification are set as current density (A m) and
consumption power density (W m2), respectively, to obtain the relationship between them.
Transient behavior between stochastic aperiodic steady-state operating conditions is acquired
to enable the measured data to sufficiently reflect the dynamics of the HT-PEMEC system [45].
Moreover, the time interval allows the transient behavior to reach a steady state to obtain time-
dependent parameters. To verify the accuracy of the identified model, two groups of data were
obtained from the HT-PEMEC system, one group was utilized to identify the transfer function
model, and the other group was used to verify the accuracy of the identified model. The two
sets of data were sampled with an interval of 0.001 s and a duration of 700 s, and the
identification data and verification data are presented in Fig. 5a and Fig. 5b.

The structure of the transfer function can usually be expressed as Egs. (21-22).

M(s)
N(s)

Y(s) = U(s) + E(s) (21)

{M(s) = bos™+ bis™ 1+ bys™ 2+ -+ bpy_1S + by,
N(s) = aps™ + a;s" 1+ a,s™ 2 + -+ a,_45+a,

(22)
Where U(s), Y(s) and E(s) denote the Laplace transform of the input, output and noise,
respectively. N(s) and M(s) represent the denominator and numerator polynomials, which

define the relationship between the output and the input. Fit and mean squared error (MSE) are

used to assess the accuracy of the identified model and they can be expressed as Eqgs. (23-24).
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Fit = (1 _ H) (23)

MSE = ~ 3, (y — 9)? (24)

Where y represents the multiphysics system model output, y denotes the identified
model output, and y represents the average of y. N represents the amount of total data and j
denotes the jth data. The relationship between the power consumption and current density is
identified using System ldentification Toolbox™ of Matlab, and the identified model can be

described as Eq. 25.

178953+120500052+1630000s—1726

Y(s) =
() $4+2987s3+65070052+8809005+0.5681

U(s) (25)

The identified model outputs are compared with the HT-PEMEC system model for
validation, which are shown in Fig. 5¢ and Fig. 5d using the identification data and validation
data, respectively. Moreover, the results of Fit and MSE are presented in Table 2 and it can be
found that the transfer function can adequately represent the dynamic behavior between the

power consumption and the current density.
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Fig. 5. (a) The varying current density data are used to identify the system model. (b)
The varying current density data are used to validate the identified model. (c) Comparison of
the identified model output with the identified data. (d) Comparison of the identified model

output with the validation data.

Table 2. Identification model evaluation index.

Indicator Identification data Validation data
Fit 92.89 % 91.63%
MSE 21.74 26.99

4.4 Model predictive control

Model predictive control (MPC) strategy is an optimization control method that has been
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widely used in the control design of dynamic systems [46, 47]. The workflow of the model

predictive control strategy is shown in Fig. 6. At each time step, the MPC controller predicts

the dynamic behavior of the HT-PEMEC system based on the identified system model and

solves the optimization problem (Eq.22) according to the given maximum change rate of

current density. The sequence of current density control actions is calculated by solving the

optimization problem. However, only the first current density control action is applied to the

MPC controller and subsequent control actions are ignored, in which the above cyclic process

is repeated at each time step. Therefore, the model predictive control strategy enhances the

dynamic performance of the HT-PEMEC system through real-time prediction and optimization.
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Fig. 6. Model predictive control strategy framework.

The optimization problem is solved by calculating the minimum value of the optimization

equation, which is expressed as Eq. 26. Moreover, the optimization equation includes three

parts: reference power tracking (/s ), current density variation suppression (/s ), and

constraint violation penalty (J.o,)-

(

Jtra = Zlivzpl{Pre(k +j) - Ppr(k +j)}2
]sup = szil{upr(k +j- 1) — upr(k +j- 2)}2

] =Jtra +]sup + Jeon

— 2
]con - Agk

(26)

Where N, is the predicted time domain length, P.. is the reference power, B, is the

predicted power consumption, N is the control time domain length, p represent the
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weighting factor, u,, denote the optimized current density input, A is the violation constraint
penalty weight, &, is the slack factor.
4.5 Reference control strategy

For comparison with the proposed cooperative model predictive control strategy, the PID
control strategy with constant steam utilization was optimized and adopted in the hydrogen
recirculation system. However, the parameter optimization of the PID controller is critical for
enhancing the dynamic performance of the PEMEC system, therefore the seeker optimization
algorithm (SOA) is used to determine the control parameters of the PID controller [48]. The
structure of the SOA-PID control strategy is illustrated in Fig. 7, which shows that the control
parameters of the PID controller are determined by the seeker optimization algorithm, whereas

the anode steam flow rate is obtained by the fixed steam utilization.

— . »| Fixed steam excess ratio
Seeker optimization
algorithm
v Anode steam flow rate
Control parameters —
v | Steam supply | >
Reference power HT-PEMEC | Power consumption
PID Control e ] Current
» >I Electronic load | >

Fig. 7. SOA-PID control strategy framework

The control parameter optimization process of the seeker optimization algorithm is shown
as follows.

(1) Initialize the position of each seeker, i.e., randomly generate the location information
matrix;

(2) The adaptability of each seeker is calculated according to Eq. 27.

In order to obtain satisfactory dynamic performance, the time integral of the absolute
value of the error is used as the objective function to find the minimum value. Moreover, the

squared term of the control output is introduced to prevent excessive control actions.
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F = Y4 (wile()] + wou?(1)) (27)
Where e(t) is the error, u(t) is control output, w, and w, represent weighting factor.
(3) The current position of each seeker is compared with the historical best position, and
if the current position has a smaller objective function, the current position is taken as the
historical best position. Subsequently, the next position is found by calculating the direction
and step size, the detailed calculation process is described in Ref [49].
(4) If the end condition is not satisfied (maximum number of iterations and the specified

minimum value of objective function), return to step 2.

5. Results and analysis

HT-PEMEC is a promising candidate for renewable energy storage, and excellent dynamic
performance is critical for real-time energy management. However, fastly electrochemical
reactions and slow gas diffusion processes may cause reactant starvation problems during
dynamic processes. Therefore, safe, fast and efficient dynamic control strategies are essential
for energy management and the long-life operation of the electrolyzer cell system. The
cooperative model predictive control (CMPC) strategy is compared with SOA-PID to study
dynamic response and reactant starvation problems.
5.1 Increased step response

To investigate the dynamic performance, cooperative model predictive control strategy
and SOA-PID control strategy are used for a step response of 9000 W m to 11000 W m, and
the sampling interval is set to 0.001s. The dynamic process of the power consumption is shown
in Fig. 8a, and the cooperative model predictive control and SOA-PID control strategies reach
steady state almost simultaneously. Compared to the SOA-PID control strategy, the power
consumption change rate of the cooperative model predictive control strategy is relatively slow

due to the limitation of the maximum current density change rate at the initial stage, and then
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reaches steady state after a small overshoot. The cooperative model predictive control is an
online optimization control strategy that predicts the dynamic behavior of the electrolyzer
system to minimize the objective function (J) within the constraint of the maximum current
density change rate, while the dynamic performance depends on the accuracy of the model
estimation. However, the SOA-PID control strategy optimizes the output of the current density
only based on the error between the reference power consumption and the actual power
consumption. Therefore, as shown in Fig 8b, the current density change rate of the cooperative
model predictive control is relatively small to suppress the sudden decrease of reactants during
the dynamic process, after which a small overshoot is generated mainly due to the error between
the model identification and the actual model.

The mass transfer process is slow compared to the electrochemical reaction, and drastic
electrochemical changes may cause oxidation of the catalyst and degradation of the system
performance during the dynamic process. Cooperative model predictive control not only uses
the constraint of maximum current density change rate to suppress the reactant starvation
problem, but also uses the neural network to calculate the inlet gas flow rate corresponding to
the maximum efficiency point of power consumption in real-time and avoid the impact of
power fluctuation on the inlet gas flow rate by feed-forward control. As shown in Fig. 8c, the
cooperative model predictive control strategy can suppress the downward trend of the steam
molar fraction at the catalytic layer during the dynamic process. However, the catalyst layer
steam molar fraction of the SOA-PID control strategy shows an obvious downward trend, and
the downward trend is more pronounced in the step from 9000 W m2 to 12000 W m2, SOA-
PID control strategy adjusts the current density according to the error between the reference
power consumption and the actual power consumption leading to drastic changes in the current
density at the initial stage, and the feedback control causes the reactants not to be supplied in

time exacerbating the tendency of the reactant molar fraction downward. Therefore, compared
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to the SOA-PID control strategy, the cooperative model strategy control

reactant starvation problem during the dynamic process.
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Fig. 8. (a) Power consumption transient response ; (b) Current density transient

response; (¢) Steam molar fraction transient response; (d) Energy efficiency transient

response;(e) Operating temperature transient response.

In contrast to the constant steam utilization in the SOA-PID control strategy, artificial

neural networks are used to calculate the inlet gas flow rate corresponding to maximum
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efficiency of the reference power consumption in the cooperative model predictive control
strategy, which makes the electrolyzer system reach the optimal operating condition and higher
energy efficiency in the transient process. As shown in Fig. 8d, during the transient response,
the rapid electrochemical reaction causes a slight increase in efficiency, however, the time lag
of the elevated thermal energy demand due to the steam supply subsystem leads to a subsequent
drop and finally a slow rise owing to the increased temperature (Fig. 8e).
5.2 Decreased step response

Cooperative model predictive control strategy and SOA-PID control strategy are
compared during the transient step response 9000 W m to 7000 W m. As shown in Fig. 9a
and Fig. 9b, the cooperative model predictive control strategy is still constrained by the
maximum change rate of current density during the dynamic process of the decreased step,
hence the power consumption response is slow in the initial phase and then reaches steady state
after a negligible overshoot. Furthermore, smaller and smoother power consumption overshoot
is observed during the reduced step process, meaning that model identification provides a more
accurate estimate of the reduced step dynamic behavior. As shown in Fig. 9c, compared to the
cooperative model predictive control strategy, the catalyst layer steam molar fraction shows a
significant upward trend as well as being more pronounced during the larger decreased step
( from 9000 W m™2 to 6000 W m™2) at the SOA-PID control strategy, which implies a sudden
decrease in fuel utilization and efficiency. Cooperative model predictive control utilizes an
artificial neural network to calculate the inlet gas flow rate corresponding to the maximum
efficiency of reference power consumption, thus making it more efficient during the dynamic
process of the decreased step. In a typical response from 9000 W m=2 to 7000 W m, the
cooperative model predictive control strategy is approximately 1.2% more efficient compared
to the SOA-PID control strategy and is shown in Fig. 9d. During the dynamic process, the fastly

decreasing electrochemical reaction causes a slight decrease in efficiency, however, the time
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lag of the reduced thermal energy demand due to the steam supply subsystem leads to a

subsequent rise and finally a slow drop owing to the decreased temperature (Fig. 9e).
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Conclusion

In this study, the hydrogen recirculation system of HT-PEMEC is developed to avoid the
introduction of additional steam at the cathode, which significantly reduces the thermal energy
demand and improves energy efficiency. Moreover, the hierarchical model is utilized to study
the transient behavior of the hydrogen recirculation system, which uses a multiphysics model
to describe the electrolyzer cell as well as the sub-systems described by lumped parameter
models. The application of the hierarchical model offers accurate transient behavior and avoids
excessive computational costs. Additionally, compared to SOA-PID, the proposed cooperative
model predictive control can not only provide higher efficiency but also prevent the reactant
starvation problem. This study provides useful information to understand the dynamic behavior
and control strategy design of HT-PEMEC.

The cooperative model predictive control strategy not only uses an artificial neural
network to calculate the anode inlet gas flow rate corresponding to the maximum efficiency of
the reference power consumption, but also constrains the maximum change rate of current
density to avoid reactant starvation problems. However, the performance of the cooperative
model predictive controller is dependent on the accuracy of the model estimation and the
relationship between the input and output of the multiphysics model is not conveniently
available, hence system identification is used to predict the dynamic behavior of the HT-
PEMEC. Compared with the SOA-PID control strategy, the cooperative model predictive
control strategy offers better dynamic performance and avoids the starvation problem of
reactants as well as improves energy efficiency in dynamic processes. During the step response
from 9000 W m? to 7000 W m?, the cooperative model predictive control strategy is
approximately 1.2% more efficient compared to the SOA-PID control strategy.

The cooperative model predictive control strategy can be applied to other electrolyzer cell

systems to optimize dynamic processes. Furthermore, the response and optimization of thermal
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stresses should also be considered in subsequent research work.
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