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Abstract

Economic factors along with legislation and policies to counter harmful pollution apply specifically to maritime drive research for
improved power generation and energy storage. Proton exchange membrane fuel cells are considered among the most promising
options for marine applications. Switching converters are the most common interfaces between fuel cells and all types of load in
order to provide a stable regulated voltage. In this paper, a method using artificial neural networks (ANNs) is developed to control
the dynamics and response of a fuel cell connected with a DC boost converter. Its capability to adapt to different loading
conditions is established. Furthermore, a cycle-mean, black-box model for the switching device is also proposed. The model
is centred about an ANN, too, and can achieve considerably faster simulation times making it much more suitable for power

management applications.
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1 Introduction

Environmental and economic factors, together with higher
efficiency and reliability, drive the research for improved ma-
rine power generation. Marine systems could benefit greatly
from the adoption of electrical drives on power systems in
replacement of fossil-fuelled engines. Hydrogen is considered
a valuable option and a good alternative to traditional fossil
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fuel resources, with fuel cells being a mature technology and
used in many specific areas (Amamou et al. 2016). Fuel cells
are modular by nature which gives an additional degree of
freedom in the system design while their high efficiency leads
to a more flexible fuel usage improving the overall autonomy.
On the other hand, as with land-based transportation systems,
technical barriers related to size, volume, thermal control, sys-
tem complexity, etc. still need to be addressed satisfactorily.
Among the currently available fuel cell technologies, proton
exchange membrane fuel cells (PEMFC) are considered one
of the most promising options for marine applications
(Table 1) for low to intermediate power levels (up to 50 kW)
combining high efficiency, rapid start-up and quick response
to load changes.

Fuel cells produce electrical current by reversing the elec-
trolysis process. The output voltage heavily depends on the
operating conditions and hence comes with variable amplitude
(Larminie and Dicks 2003a, b). Therefore, most fuel cells
need to be interfaced with power loads by means of voltage
regulators. Conditioning of the converter output is not trivial
due to nonlinearities and discontinuities. DC regulators use a
pulse-width modulation (PWM) signal to generate the output
signal. Different methods exist in literature to control the pow-
er output of a switching converter. In this study, an artificial
neural network (ANN) scheme is investigated (Cheng et al.
2016).
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Table 1 Marine power plants

options (US Department of Fuel Efficiency (%)

Energy, “Alternative energy

sources for non-highway trans- Steam turbine with reheat steam Residual 32-36

portation”, 1980) Low-speed diesel Residual 3941
Steam turbine with heat pressure, high-temperature reheat Residual 35-39
Adiabatic diesel Diesel 49
Heat balance, engine Diesel 43
Heavy-duty gas turbine, combined cycle Residual 3640
Closed-cycle combustion turbine Residual 4041
Phosphoric acid Naphtha 41
Molten carbonate Distillate 50
Alkaline Hydrogen 60
PEMFC Hydrogen 60

For the scope of this works, a PEMFC is interfaced with a
resistive load (or consumer) using a DC voltage regulator.

Figure 1 shows a typical example of a fuel cell, power
converter and load configuration.

1.1 Literature Review

Broadly speaking, fuel cells are mainly modelled using three
approaches: analytical (or chemical), electrical and empirical.
Analytical modelling is founded on the electrochemical reac-
tions governing the fuel cell. It is widely used despite its lim-
itations with respect to computation time and input
parameters.

This type of model requires detailed and in-deep knowl-
edge of the geometrical characteristics of the device such as
transfer coefficients, internal humidity level and catalyst and
layer thickness. Hence, they are suitable for electrochemical
analysis and fine tuning of the aforementioned parameters
(Chwei-Sen et al. 2000; Gebreselassie, 1994; Boscaino et al.
2013; Genduso and Miceli 2011; Hongtan and Zhou 2003;
OHayre et al. 2016; Qiuli et al. 2006; Min Joong et al. 2005).

In power management applications, the behaviour of the
fuel cell is embedded in a broader system. Therefore, equiva-
lent circuit models are adopted where the fuel cell is represent-
ed by electrical circuit elements (Larminie and Dicks 2003a,

Fuel cell DC/DC Converter Load

__{ -

i i i

Control unit

Figure 1 Schematic of the proposed system

b; Runtz and Lyster 2005). In empirical modelling, the elec-
trochemical device is treated as a black box. The accuracy of
this modelling technique, since mostly based on data fitting,
depends on measurement performance, data filtering, model-
ling techniques, etc. (Chakraborty et al. 2012; Haji 2011,
Bonanno et al. 2010; Di Dio et al. 2008; Ramos-Paja et al.
2010; Boscaino et al. 2008a, b; Boscaino et al. 2010; Barelli
et al. 2011). Only few ANN implementations are found in
literature (Kong and Khambadkone 2009; Tremblay et al.
2009). In this work, two different implementations of the same
fuel cell are attempted. First, a model based on the one de-
scribed in (Tremblay et al. 2009) is developed which com-
bines the features of chemical, empiric and electrical models.
In the second part of the manuscript, a self-learning, featuring
fast-implementation ANN analogue of a fuel cell is presented.

Modelling of DC-DC converters, as found in literature, in
mainly based on two techniques: the state-space averaging
method and the circuit-averaging method (Maksimovic et al.
2001; Girish and Mohan 2001; Ben-Yaakov and Adar 1994,
Kovar et al. 2009; Ren et al. 2000; Liu and Sen 1994; Wu and
Chen 1998; Davoudi and Jatskevich 2006; Davoudi et al.
2006; Yang et al. 2012; Mahmood and Natarajan 2008;
Galotto et al. 2009; Gatto et al. 2010; Gong et al. 2010;
Gorecki and Zarebski 2006). These methods do not account
for system non-idealities arising mostly from the semiconduc-
tor devices and parasitic components (Taghvaee et al. 2013).
In this work, a state-space modelling approach using a dynam-
ic simulator software (Matlab) is adopted in order to address
two tasks: controlling the dynamics of the power converter
and collect training data for a later ANN cycle-to-cycle equiv-
alent, with this last point which is among the novelties of this
work.

Controlling of switching DC-DC converters is achieved
using different methods: digital control methods (Feng et al.
2007; Corradini et al. 2009), traditional PI and PID control-
lers, FIR (finite impulse response) filter method and IIR
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(infinite impulse response) (Kurokawa et al. 2010a, b;
Kurokawa et al. 2011). However, a prediction based method,
such an ANN approach, has been presented with very satis-
factory results (Bishop, 2006; Kurokawa et al. 2010a, b).
Drawing upon these results, a similar approach is attempted
in this work.

1.2 Marine Application for Fuel Cell Technology

A concise example of the applicability of fuel cell technology
to marine applications is electric propulsion unmanned vehi-
cles using PMDC and waterjet (Xiros et al. 2009). Fuel cells
are capable of enabling dc motors used to produce thrust for
unmanned surface boats. Adaptive and efficient control by
means of artificial neural networks of both the fuel cell and
conditioning units permits efficient power management of the
system minimizing the risk of propulsion power loss while the
vessel is operating.

A second example involving an energy-harvesting applica-
tion can be found in (Tsakyridis et al. 2016). Kinetic energy of
moving water masses is harvest using underwater or tidal
turbines and it has been later converted into chemical by elec-
trolyzing units. The hydrogen produced is then available to
both external users and to the systems’ fuel cell units. The
control scheme proposed in this work fully describes the fuel
cell operation used to sustain autonomous operations of the
power harvesting architecture.

Moreover, fuel cell technology may be suitable for marine
vehicles with intelligent control (Wang et al. 2019a, b).

Finally, an overview of the most noticeable maritime fuel
cell application research projects is given below (van Biert
etal. 2016):

e C(Class 212, 1980-1998, Howaldtswerke-Deutsche Werft
(Sattler 2000; McConnell 2010)

* SSFC, 1997-2003, Office of Naval Research (Allen et al.
1998; Privette et al. 2002; Boumne et al. 2001)

+ DESIRE, 2001-2004, Naval Ship, Energy Research
Centre Nld (Krummrich et al. 2006)

« FCSHIP, 2002-2004, Norwegian Shipowners’
Association (Alkaner and Zhou 2006)

*  FellowSHIP, 2003-2013, DNV Research and Innovation
(Ludvigsen and Ovrum 2012; Fuel Cells Bull 2012)

* FELICITAS, 20052008, Frauenhofer Institute (Tse et al.
2011)

« MC-WAP, 20052011, CATENA (Specchia et al. 2008,
Bensaid et al. 2009)

e ZEMSHIP, 2006-2010, ATG Alster Touristik Gmbh
(Schneider et al. 2010; Vogler)

+ METHAPU, 2006-2009, Wartsila Corporation (Diaz-de
Baldasano et al. 2014; Strazza et al. 2010)

*  Nemo H2, 2008-2011, Fuel Cell Boat BV (McConnell
2010)
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* SchIBZ, 2009-2016, ThyssenKrupp marine systems
(Leites et al. 2012; M.C. Diaz-de Baldasano et al. 2014)
+ PaXell 2009-2016, Meyer Wertft (http://www.e4ships.de)

2 Fuel Cell

The fundamental operating principle of a fuel cell is based on
a reverse electrolysis process where hydrogen and oxygen are
recombined together to form water (Larminie and Dicks
2003a, b).

In other words, hydrogen is reacting according to
(Larminie and Dicks 2003a, b):

2H, + O,—2H,0 + electrical energy

and an electrical current is produced.

A PEMEFC, as presented and modelled in this work, con-
sists of an anode, a membrane and a cathode arranged between
two bipolar current collector plates.

The hydrogen reaction takes place on the anode while the
oxygen reaction on the cathode. The governing chemical
equations are:

H,—2H" + 2¢~
and
0, +2H" 4+ 2¢”—H,0

An equivalent block diagram of the simulated fuel cell is
shown in Figure 2 (Tremblay et al. 2009).

The controlled voltage source E is described by (Tremblay
et al. 2009):

» 1
E = E,~NAln (’L> e (1)
/44
3
Thus,
Vfc = E_Rinternalifc (2)

where E, is the open-circuit voltage (V); N the number of
cells; A the Tafel slope (V); 1 o the exchange current (A);
T 4 the response time (at 95% of the final value) (s); Rinternal
the internal resistance (€2); / ¢ the fuel cell current (A); and
V g the fuel cell voltage (V).

The open-circuit voltage E ., the exchange currenti o and
the Tafel slope A are calculated using the set of equations
given below:

Eo. = K.E, (3)

. _ZFk(PHZ-‘rPoz) AG
- 2 P0) o (20) @
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Figure 2 Fuel cell equivalent circuit diagram (Tremblay et al. 2009)

RT
A=——
zaF

(5)

where F is 96485 A/s/mol; z the number of moving electrons
(z=2); E , the Nernst voltage (V); a the charge transfer coef-
ficient; P y, the partial pressure of hydrogen inside the stack
(atm); P o5 the partial pressure of oxygen inside the stack
(atm); k the Boltzmann’s constant (1.38 x 1072 J/K); & the
Planck’s constant (6.626 x 10>* J/s); AG the activation ener-
gy barrier (J); T the temperature of operation (K); and K, the
voltage constant at nominal condition of operation.
Furthermore, the rates of conversion needed from the mod-

el are given by (Tremblay et al. 2009):
60000 RT i s,

Uy — Liye 6
JH2 ZFPfueIVquIX% ( )
60000 RT i,
Urin=r7—"- 7
oz 2ZF’PairVairyo/o ( )

These quantities express the utilization of hydrogen and
oxygen respectively which is key for calculating partial pres-
sures inside the cell:

Py = (1=U y112)x%P gy (8)
Poy = (1=U ;02 )y%P 4ic 9)
Pio = (w+2%U s02) Pair (10)

The Nernst voltage can be now calculated (Genduso and
Miceli 2011):

-44.43 RT
F +Z—Fln(PH2P%§) (11)

E, = 1.229 + (T-298)

where P g is the absolute supply pressure of fuel (atm); P i,
the absolute supply pressure of air (atm); V ¢ the fuel flow

rate (I/min); V 4, the air flow rate (I/min); x the percentage of
hydrogen in the fuel (%); y the percentage of oxygen in the
oxidant (%); P yu, the partial pressure of water hydrogen
(atm); P o, the partial pressure of oxygen (atm); P y»0o the
partial pressure of water vapour (atm); and W the percentage
of water vapour in the oxidant (%).

2.1 Hydrogen, Oxygen and Air Consumption

At standard temperature and pressure (STP), 273.15 K and
100 kPa, the Avogadro number N,, 6.0221023, expresses
the number of molecules in the container in 1 mol of sub-
stance. For each kilomolar of hydrogen that reacts, a total of
two electrons are released and the produced electric charge is
equal to 192.970 C (2Nae). 1 kmol of hydrogen gas occupies
22.41 1 which corresponds to an electric current of 192.970 A.
Thus, to produce 1 A, the minimum required volumetric flow
rate of hydrogen at STP is equal to:

22410

192970 ~7 ml/min

The fuel cell’s chemical reaction dictates a 2:1 ratio for
hydrogen/oxygen volumetric and water proportion. This ratio
is equivalent to 4.76 for the mass flow rate. Given that air in
standard conditions contains 21% oxygen and 79% nitrogen
by volume, the air volumetric flow rate ratio to react with the
same amount of hydrogen rises to 34.

We have seen that the rate of hydrogen, oxygen and air
usage is a function of the cell current and the number of cells:

N ) ) )

Hy =% mols? =1.05x 108 n I kgs™ (12)
4F

. L gen -1 -8 -1

0, =—"—mols =829x10°nlkgs (13)
4F

Air Consumption = 3.57 x 107 n I kg s (14)

Table 2 summarizes all the equations needed to model the
fuel cell system.

3 DC Boost Converter

DC converters have been widely used since the advent of
semiconductors and power electronics. These devices are
commonly adopted to accomplish voltage regulation tasks
for a multitude of applications: from renewable energy power
plants to military, medical and transportation systems (Mohan
and Robbins 2003).

A non-regulated DC voltage input is converted into a reg-
ulated DC output, regardless of operational conditions.
Switching devices, such as power MOSFETs are used in this
end. For a given input voltage, the average output voltage is

@ Springer
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Table 2 Fuel cell modelling equations

Parameter

Equation

Minimum amount of hydrogen required for the reaction
Controlled voltage source £
Fuel cell voltage
Open-circuit voltage
Exchange current

Tafel slope

Hydrogen rate of conversion
Oxygen rate of conversion
Hydrogen partial pressure
Oxygen partial pressure
Water partial pressure

Nernst voltage

Hy=1.05x 10801
E = E_.—NAln ('—f) !

-0 S—T;“Jrl

V ge= E- R,intemali,fc

EfOC = KcEn
. ZFk(Pm+Po2) - AG
to = Rh exp (%)
_ RT
A= zaF
U __ 60000 RT i_g,
-fH2 = ZFP iV %

U 60000 RT i_y
/02 = FP_V_iv%
P yp=(~- U_/Hz)x % P_fyel

P opo=(1- U_/OZ)y%P_air
P ipo=w+2y % U _j02) P_air
Ey = 1229 4 (T-298) =42 + &L in(P_, P_Y3)

regulated by controlling the duty cycle of the semiconductor
(Mohan and Robbins 2003).

Boost converters are extensively used to step-up an
unregulated input voltage to a stable output. A typical
circuit diagram of a DC boost converter includes a power
MOSFET, an inductance L, a capacitance C and a diode
as shown in Figure 3. When power MOSFET is turned
on (0<t<t,y,), the diode does not conduct; thus, the
output port is disconnected from the input port and the
inductor accumulates the energy provided by the voltage
input. On the other hand, when the power MOSFET is
turned off (¢ o, <t<T ), the output port can absorb
power from the inductance and the input source. A DC
boost converter has two operating modes: continuous
conduction mode (CCM) and discontinuous conduction
mode (DCM). We assume a CCM for the converter in-
vestigated in this work (Mohan and Robbins 2003).

3.1 Continuous Conduction Mode

While in this mode, the inductor current is always on, i.e.
i 1(»>0. The average energy stored over a switching cycle
of period T  in the inductor L is therefore zero at steady state.
In result, the average change in inductor current is zero; thus
(Figure 4), the following is obtained (Mohan and Robbins
2003):

T

L7 1
fo7iL(t) = ng Vondi + 202, (Ve Vod =0 (15)

VinTon + (Vin_Vc)(Toff) =0 (16)
. T.

Ve _ Ts _ 1 p (17)

V—[n T—oﬁ”

@ Springer

(18)

V—out

where i_; is the inductor current; V ;, the input voltage; V o
the output voltage; V . the capacitor voltage; 7' ; the switching
period; T , the transistor ON time; T o the transistor off
time; and D the duty cycle.

>
o+ v, + +
Vin = -—|[: V. == v, (1) § R
iIII i' (,) i\!lll
L i)
as v, - -
i1)
Vin= Pe == M SR
m i(‘ll|
L (0
/T
R - +
i(1)
Vin= Ve —C v (1) % R
illl l

Figure 3 DC boost converter topology (top). Steady-state equivalents
using ideal elements for 0<¢<t ., (middle) and ¢ ,,<t<T g (bottom)
(Mohan and Robbins 2003)
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in out

aﬂ';

0 T T t
Figure 4 CCM inductor voltage (top). CCM inductor current (bottom)
(Mohan and Robbins 2003)

Assuming a lossless device:

Py =P _ou (19)
V—inl—in = V—outl—out (20)
I OU

1-—f = (1-D) (21)

where P j, is the input power; P o the output power; [ ;, the
input current; and / , the output current.

4 Artificial Neural Network

An artificial neural network (ANN) is an adaptive, often non-
linear system that learns to perform a function (an input-output
map) from data. To calibrate (or train) a net, an input and the
corresponding desired or target response set at the output need
to be presented to the untrained ANN (Galushkin 2007).
Broadly speaking, there are three main types of ANN based
on the learning approach:

* supervised learning type

« reinforcement learning type

« self-organizing (unsupervised learning) type

Figure 5 shows a fundamental representation of an ANN
structured in three layers:

« the input layer, where there is no real processing done, is
essentially a “fan-out” layer where the input vector is distrib-
uted to the hidden layer.

« the hidden layer, being the computational core of the
ANN

+ the output layer, which combines all the “votes” of the
hidden layer

The general mathematical expression that describes an
ANN is (Galushkin 2007):

y=(u,f(xw, + b)) +b (22)

where x is the input vector; y, the output vector; f, activation
function; u, weight matrix between hidden and output layer;
w, weight matrix between input and hidden layer; and b,
biases.

First, the input x is multiplied by the weight w ,,. Second,
the weighted input xw,, is added to the scalar bias b to form the
net input n. The bias is similar to a weight, except that it has a
constant input of 1. Finally, the net input is passed through the
transfer function f, which produces the output y. The names
given to these three processes are the weight function, the net
input function and the transfer function. The quantities w,, and
b are both adjustable. The central idea here is that such param-
eters can be adjusted so that the network exhibits the desired
behaviour. Thus, one can train the network to accomplish a
particular task by adjusting the weight or bias parameters.

By expanding Eq. (22) to a more detailed, elemental form
(Galushkin 2007):

b4
h-j = f(Z W—jix—i> (23)
i=0
Input Hidden Output
layer layer layer

Input 1
Input 2

Input 3 Ouput

Input 4

——
i
Input 3

Bias

'-\'l o— W,

N

b
>
X, O—s wy /

Weights

Activate
function Output
Inputs {X, o 4

Figure 5 ANN architecture diagram
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Yok = % (uigh ) (24)

J=0

where p is the number of input nodes; M, the number of
hidden nodes; and K, the number of output nodes.

The activation function fis commonly chosen to be one of
the following:

 the logistic sigmoid function (Figure 6), commonly abbre-
viated as logsig

+ the hyperbolic tangent function (Figure 6), commonly ab-
breviated as tansig

(26)

4.1 Change in Error Due to Output Layer Weights
(Self-Learning System) (Galushkin, 2007)

According to the least mean square (LMS) algorithm, the out-
put error is given by:

K

Y (davs)

1
E—x: E (27)

The partial derivative with respect to the output layer
weights uy; is given by.

OE_, OE_ Oy
Ou_y; Oy Ou_y
1.04)
0 1.0
0.8 4
0.5
-20 -1.0 1.0 2.0
.5
-2.0 -1.0 1.0 2.0 -1.0-

Figure 6 Logistic sigmoid function (left). Hyperbolic tangent function
(right)

@ Springer

By substituting (24) and (27) into (28):

(G

OE_,

- 29
Bu_kj By_k au_kj ( )
OFE_, M
Py = Vsdi)f & é (u_wh_p)h_,

= (y_—k*d_k)y_k(l_y_;,)h_j (30)
OE_

X = Sy 31
au_kj YN (31)
where
Wi = Va-d)y-x(1=y) (32)

The last equation represents the back-propagating error re-
lated to the hidden layer output.

Wity = w"ld + Awj; (33)

Ji
where 7 and p are positive-valued scalar gains (also called
learning constants), typically relatively small values (7, p <
1) are used. The learning constants adjust the learning rate and
govern convergence properties of the backpropagation train-
ing process.

4.2 Weight Adjustments (Self-Learning System)
(Galushkin, 2007)

Minimizing the output error requires calibration of all weights
in the opposite direction of the error gradient each time a
training input-output vector is presented to the network under-
going training.

Output and hidden layer weights are adjusted according to
the following rules:

Auyj = naa = —ndyih; (34)
upsy = udd + Aukj (35)
Awji =—p gj; = —pdh x; (36)
wit = Old + Awj; (37)

where n and p are positive-valued scalar gains or learning
constants, relatively small (1, < 1).
5 Steady-State Operation

Simulation studies are crucial in power electronics to essen-
tially predict the behaviour of the device before any hardware
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implementation. General requirements, design specifications
together with control strategies, can be iteratively tested using
computer simulations.

5.1 Fuel Cell Generic Model

An outline of the fuel cell model employed was given in
previous sections, primarily based on (Tremblay 2009). The
aforementioned implementation however uses some input pa-
rameters, commonly found in most manufacturers’ datasheet.

These parameters are summarized below and remain con-
stant over each simulation time step:

*  Current and voltage at the operating point: / pom, V nom

* Current and voltage at the maximum operating point:
[Jnax’ Vimin

*  Open-circuit voltage: E

* Voltageat1 A: V

* Nominal operating temperature: 7 in Kelvin

*  Number of cells in series: N

¢ Nominal composition of fuel and oxidant: X nom, ¥ nom
(%)

* Nominal oxidant pressure at stack input: P ;. (atm)

* Charge coefficient: a

* Nominal stack efficiency: 7 ¢ (%)

5.1.1 Configuration of Fuel Cell Parameters

For the scope of this work, a commercial off-the-shelf (COTS)
6-kW PEMFC is considered (Tremblay 2009).

The parameters given as inputs to the model are summa-
rized in Table 3.

5.2 Fuel Cell Model Validation
The polarization curves of both simulated and experimental

data (as per datasheet), for the commercial 6-kW PEMFC
considered are overimposed in Figure 7. Experimental data

Table 3 Model constant

input parameters for Parameter Value

6 kW PEMFC

(Tremblay 2009) I voms V_nom 1333 A,45V
I _max» V_min 225A,37V
E o0, V4 65V,63V
T 338 K
N 65
X_noms V_nom 99.999%, 21.1%
P 1 atm
a 0.6
n_efr 55%

Fuel cell V-IV alidation
70 r
— Experimental

65 | - = Simulation

Voltage (V)

35 : :
0 50 100 150 200 250

Current (A)

Figure 7 Experimental and simulated data for a 6 kW COT PEMFC (1.5-
atm fuel pressure, 50-lpm fuel flow, 300-lpm air flow)

are represented with a solid line while the dashed line shows
the simulated results. The ohmic region (50 to 225 A), a linear
gradual drop in voltage attributed to the ohmic resistance in
the cell and the depletion of the reactive gas at the catalyst
surface, exhibits similar behaviour in both cases; hence, the
two curves coincide. The activation region (0 to 50 A) how-
ever, a sharp voltage drop attributed to the type of catalyst and
the catalyst surface, does not exactly match the experimental
curve due to the nonlinearity of the activation voltage.
Additionally, the polarization curve of the PEMFC for a spe-
cific volumetric fuel flow rate is obtained (the air flow is
bounded by the stoichiometry of the reaction) and shown in
Figure 8.

Fuel cell V-I charcteristic for variable fuelflow

Fuel Flow=50 Ipm
70 ¢ Fuel Flow=57 Ipm
Fuel Flow=64 Ipm
Fuel Flow=71 Ipm
Fuel Flow=78 Ipm
Fuel Flow=85 Ipm
Fuel Flow=92 Ipm
Fuel Flow=99 Ipm
Fuel Flow=106 lpm
Fuel Flow=113 Ipm
—+— Fuel Flow=120 Ipm

—
*\j

o9 % ¢4+ 0

Voltage (V)
wn
W

Air flow:3.95*Fuel flow Ipm
40 + Fuel pressure:1.5 bar

35 L 1 1 1 )

0 50 100 150 200 250
Current (A)

Figure 8 Simulation results of fuel cell -V characteristic for variable fuel
flow
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5.3 DC/DC Boost Converter Switching Model

Converter efficiency and cost are the main requirements driv-
ing its topology design. Before modelling the system, several
design assumptions and calculations need to be explained,
especially pertaining to the L and C elements. The following
design is neither bound to nor optimized for specific -V
curves; thus, it is expected to operate with a variety of PEM
fuel cells.

5.3.1 Inductor Selection

The critical inductance is defined as the inductance at the
boundary edge between continuous and discontinuous modes.
The input current at the boundary between CCM and DCM is
equal to the inductance current and on average:
1 V—in
.—in =i :_—T—on 38
i =57 (38)
Using Eq. (17), we can simplify (38) as:

T—S V—out

- D(1-D) (39)

Lin =

And the output current is calculated as:

T—S V—Oll[

owt = ——2 D(1-D)? 40
iout 5 P(-D) (40)

By substituting

V—ou
R joaa = 7 : (41)
—out
The minimum inductance required is given by:
RimaxDmin 1_Dmin :
Lin = L ( ) (42)

2fs

5.3.2 Capacitance Selection

The ripple voltage at the output is given by the equation:

AQ  1,.DT,
AVout = T = ZT (43)
where AQ is the change in the capacitor charge.
Dividing (41) by V o, we obtain:
AVOMf ]OMIDTS
= 44
Vout V()utC ( )

To limit the peak-to-peak output voltage ripple to some
desired value, the minimum capacitance required is given by:
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\4 ou D_mwc
C_min = = (45)
VfcpprLminf,S

where V ., is the peak-to-peak output voltage ripple.

5.3.3 Selection of the Semiconductor Device (MOSFET (Mohan
and Robbins 2003))

The power MOSFET must handle the worst case where the
current input to the DC converter is maximum, thus:

I MOSFETmax = [fcmax + AIfcmax (46)

where I MosrETmax 18 the MOSFET maximum current; /_gemax
the fuel cell maximum current; and A/ g,y the fuel cell max-
imum overcurrent.

Other important considerations in selecting the diode be-
sides its ability to block the required off-state voltage stress
and have sufficient peak and average current handling capa-
bility are fast-switching characteristics, low reverse recovery
and low forward voltage drop.

5.3.4 Diode Selection

Similar to the semiconductor, the worst-case scenario regard-
ing peak current occurs for low voltage input and high output
load. The boost diode reverse voltage rating is limited to the
output voltage.

Calculations pertaining to the important design operational
parameters are tabulated below for the system in the test case
considered:

P,=P;=6kW
P oy =09P ; =54kW

]outmax = Pout =54A
Vout

Ioutmin = S%IOutmax =2T7A
\%

RLmax = —oul‘ = 37 Ohm
outmin
Vou

Rimin = 7 M — 1.850hm
outmax

V.
Dyin = -2 — 03
Vout

V .

D o = 1—22N0m _ (.55

V_out

Vinmin
Dpox = 1-———=0.63

out
R 1 maxD—min(1-Dmin)*

L—min = Lmax r;u}( mm) = 0.54 mH
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V —outD -max

C—min =3 o _ 7
V—cppR—mef -S

= 3891 pF

Table 3 summarizes the main operational parameters for
the considered converter.

5.3.5 Model Implementation

Modelling of power electronic converters presents many chal-
lenges: the nonlinearity of solid-state switches, too long simula-
tion times due to the presence of time constants which differ by
several orders of magnitude and inaccuracies in the models of
semiconductor devices are some among them. The power switch,
for the scope of this work, is treated as an ideal two states (on-off)
component. In order to meet the requirements introduced by the
high switching frequency, very small time steps are needed,
making the model computationally demanding. For this particu-
lar reason, the model is run for only a short period of time. The
aim of this particular simulation is to validate the model against
the converter behaviour and generate sets of data useful to for
ANN training.

The voltage output is a function of input voltage, duty cycle
and external load:

V_ow = f(V_imDaR) (47)

Figure 9 shows the open-loop DC-DC boost converter out-
put voltage and inductor current for a constant duty ratio equal
to 0.55, an input voltage of 45 V, under different load cases:
28Q2(0-25),2002(245),100Q2(4-65),5(6-85),2.5Q (8-
10 s) and 2 2 (10-12 s).

From the results depicted above, it is clear how the output
voltage does not reach the expected value of 100 V, but ex-
hibits a + 10% variation. The output signal however shows a
good degree of stability. During start-up, there is a high over-
shoot in the output voltage and inductor current. This current
increases as we increase the load. The unsatisfactory voltage

DE Converter
- ~ 96.14
s lgg —Voltage output 2 96,12
%! P
g’ 120 g) :)(). 10
S 100\—*-“‘_\__‘_ 3 e
80
0 5 10 15
1(s)
= 150
= Inductor current )
£ 100 | <
o —_— e
2 50 - E
— U
0 5 10 15

1(s)

Figure 9 Output of open-loop DC boost converter: voltage output (top
left), voltage ripple (top right), inductor current (bottom left), inductor
current ripple (bottom right)

level response along with the relatively long settling time
clearly demonstrates the need for a controller.

5.4 ANN configuration for DC/DC boost converter
control

The ANN designed to approximate the DC/DC boost convert-
er and control its duty cycle is configured essentially based on
the architecture shown in Figure 5. The workflow for any of
these networks has the following steps:

* Collect data

e  Create the network

* Configure the network

+ Initialize the weights and biases
e Train the network

» Validate the network

» Use the network

Essentially, the two ANNs address different problems by
executing different tasks:

+ Control, by generating a control input signal such that the
dynamic system output follows a desired trajectory

* Function approximation, where a set of training data is
generated from a complex function and the ANN esti-
mates the output of the function

The controlling ANN is a feed-forward network organized in
layers: an input layer, a hidden layer and an output layer. The size
of each layer is defined by the number of neurons, e.g. 3-5-1 is an
ANN composed of 3 layers. The input layer has 3 neurons and
the hidden layer 5 neurons while the output layer 1 neuron. The
input neurons correspond to the number of inputs according to
the system design, while the hidden layer size is a trade-off
between simplicity and accuracy. The output neuron generated
the control signal.

In this work, the hidden layer size is set to a range from 7 to 14
neurons. The final neuron number is 9 defined as a function of
output error and simplicity. Training is accomplished using the
neural network toolbox provided by Matlab MathWorks (The
MathWorks, Inc.). The weight and bias values are updated ac-
cording to Levenberg-Marquardt optimization. It minimizes a
combination of squared errors and weights and then determines
the correct combination so as to produce a network that general-
izes well. The process is called Bayesian regularization.

5.4.1 Generation of ANN Data
The training data set for the ANN corresponds to the input

voltage, the output voltage the external load and the duty
cycle. In order to generate this data, a total of 512 runs were
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conducted for varying input voltages, duty cycles and external
load according to Table 4.

5.4.2 ANN Data Parameterization and Separation for Training
and Validation

The data presented to the ANN network for training and
validation are a NeR3 xn matrix with n=512 and a
MeR1 xm with m=512. Each column represents a data
set, for a total of 512 data sets fed to the ANN for
training.

An example of the final data arrangement is as follows:

Vi Vin

N= V_out- . V_out

v_load~ .. V_load
M= (D ... D)

5.4.3 ANN Implementation and Training

The ANN was implemented and trained using the Matlab
Neural Network Toolbox Mathworks (The MathWorks,
Inc.). A number of different ANNs were tested in order to
conclude the best combination of simplicity and network per-
formance, with the hidden layer ranging from a minimum of 7
neurons to a maximum of 14 neurons. The selected training
algorithm is the Levenberg-Marquardt; 70% of the data is
used for training, 15% for validation, and the remaining
15% for testing.

Figures 10, 11, 12, 13, 14, 15, 16 and 17 show the ANN
performance for different network sizes (7—14) with regard to
the converter output. The dashed line represents the perfect
result: outputs = targets. The solid line represents the best-fit
linear regression line between trained net outputs and targets.
The R value is a correlation indicator between outputs and
targets. If R =1, there is an exact linear relationship between
outputs and targets. If R = 0, then there is no linear relationship
between outputs and targets (Choi et al. 2004). All cases show
a good approximation of the converter output by the ANN.

Table 4 DC/DC boost

converter simulation Parameter Value
parameters
Input voltage (V) 30-70
Output voltage (V) 100
Frequency (kHz) 5
Ripple voltage <1%
Duty cycle 0.35-0.63
Inductance (mH) 1
Capacitance (mF) 15
Load (2) 1.85-30
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Thus, the final network is of type 3-9-1, being a combination
of performance and simplicity.

Figures 18, 19, 20, 21, 22, 23, 24 and 25 show the
ANN performance for different network sizes (7-14)
with regard to duty cycle. All cases indicate a good fit,
with the scatter manifesting the data points exhibiting a
poor fit.

6 Dynamic System Operation

In this section, the full system behaviour under dynamic
conditions is studied. The standalone subsystems are
connected together according to Figure 1, where the
output fuel cell voltage is fed to a DC converter, in
order to sustain a stable bus voltage for a resistive load
(consumer).
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Initially, an open-loop simulation is performed where no
feedback control is present.

Next, the trained ANN is presented to the switching model
of the DC-DC converter. The ANN is controlling the duty
cycle, reacting to load changes and any voltage variation at
the converter input.

Finally, the switching model of the DC-DC converter
has been substituted by an ANN cycle-to-cycle equiva-
lent. Control is applied in this case as well.

The final model, however, is based upon several
assumptions:

* The gases are assumed ideal.
» The stack is fed with hydrogen and air.
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» The stack is equipped with a cooling system which main-
tains the temperature at the cathode and anode exits stable
and equal to the stack temperature.

» The stack is equipped with a water management system to
maintain the humidity inside the cell at an appropriate
level at any load.

* The cell voltage drops are due to reaction kinetics and
charge transport as most fuel cells do not operate in the
mass transport region.

*  Pressure drops across flow channels are negligible.

* The cell resistance is constant at any condition of

operation.

» Storing conditions of fuel and oxidant are not taken into
account.

* Semiconductor devices are assumed to act as ideal
switches.

The following variables are recorded during all simulation
cases:

* Hydrogen flow rate

* Fuel cell voltage

* Fuel cell current

*  Fuel cell power output

* Load power demand

* Load voltage/converter output voltage
* Load current/converter output current
* Fuel cell efficiency

* Converter inductor current and ripple

» Converter output voltage and ripple

The resistive load changes every couple of seconds.
Assuming a DC bus of 100 V the demand is equal to:

e 358 W for28 Q)
e 500 W for 20 Q
e 1000 W for 10 ©2
e 2000 W for5 Q)
e 4000 W for2.5 Q)
e 5000 W for2 Q

6.1 Open-Loop Simulation

In this case, no control is applied to the system. The results are
shown in Figures 26, 27 and 28. Figure 26 graphically sum-
marizes the relation between the fuel cell hydrogen flow rate
and current, for different load demands, as a function of time.
The fuel cell current increases linearly with the load power
demand and the fuel cell output voltage according to the equa-
tion:
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Figure 26 Fuel cell hydrogen flow (top) and current for different load
demands (bottom)
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Figure 27 DC/DC converter response: voltage output (top left), voltage
input (top right), duty cycle (bottom left) and error between output and
target voltage (bottom right)

P _10ad = P_tc>V _i0ad _toad = V_ted _te>1 g

V _toadd
— _load+ _load (48)
foc

where P 14,418 the load power demand; P . the fuel cell power
output; V 1544 the load voltage; 1 144 the load current; V ¢ the
fuel cell voltage output; and / ¢ the fuel cell current output.
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Figure 28 Load power demand (top left), fuel cell power output (top
right) and power deficit between demand and generation (bottom)
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Hydrogen flow responds to this variation following Eq.
(12) reaching a maximum value of roughly 50 lpm. The fuel
cell response can be optimized by employing control tech-
niques on the hydrogen flow rate based on the desired current.

Figure 27 shows the dynamic response of the DC converter
to input voltage and load variations. The duty cycle is kept
constant and equal to 0.55 to allow open-loop operation. It is
clear how the output voltage never reaches a constant target
value but stays constantly above 100 V. The need for a stable
and constant DC bus voltage highlights the need for control to
be applied on duty cycle side.

The graphs in Figure 28 show the fuel cell power output
and the load power demand. The fuel cell power is tied to the
demand. As the load power demand rises, monotonically with
the load current and by extension the fuel cell current (Eq. 48)
and hydrogen flow (Eq. 12), the fuel cell reaches its nominal
equilibrium point. One could argue that optimization on the
hydrogen flow by means of control will result in higher cell
efficiencies, even for low power demand.

6.2 Neural Network Control of Switching DC-DC Boost
Converter

The control strategy is based on the neural controller. A
previous analysis has shown that the number of hidden
layers does not have a serious impact on the controller
behaviour and effectiveness. Thus, as a function of output
error and simplicity, a 3-9-1 architecture is chosen. The
controller ANN task is to generate a correct value for the
converter duty cycle, such that the output is stable and as
close as possible to the desired target of 100 V. The re-
sults are shown in Figures 29, 30, 31, 32 and 33.
Figure 29 shows the hydrogen flowing towards the fuel
cell and its current. These figures seem to be slightly
under the respective values corresponding to the previous
simulated open-loop case (Figure 27). This is expected
since no means of control are applied to the hydrogen
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Figure 29 Fuel cell hydrogen flow (top) and current for different load
demands (bottom)
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Figure 30 DC converter
response: voltage output (top
left), voltage input (top right),
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Figure 31 DC/DC converter output voltage ripple for various load
demand values

distribution system. Figure 30 depicts the converter re-
sponse with respect to the voltage output (top left), volt-
age input (top right), duty cycle (bottom left) and error
between output and target voltage (bottom right). It is
clear how the controller ANN reacts to variable loads
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Figure 32 Load power demand (top left), fuel cell power output (top
right) and power deficit between demand and generation (bottom)

be applied on a fuel cell. This value changes from system
to system, affecting the reactant utilization and eventually
impacting on the device lifetime. Figure 33 compares the
inductor current ripple applied during the open-loop

DC converter
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Figure 33 DC/DC converter inductor current with closed-loop control
(top), inductor current ripple with closed-loop control (bottom left) and
inductor current ripple in open-loop configuration (bottom right)
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simulations and the ANN-controlled converter. The con-
trolled device shows a lower magnitude value.

6.3 Neural Network Control of ANN DC/DC Boost
Converter Cycle-to-Cycle Equivalent

As discussed earlier, the simulation of switching devices
is computationally demanding. In this section, the
switching model of the DC converter is replaced by its
ANN cycle-mean equivalent, the architecture of which is
of type 3-13-1. Results are shown in Figures 34, 35 and
36. Transient phenomena cannot be modelled by the ANN
equivalent; thus, this model is only useful for system op-
timization simulation rather than in the transient analysis
of converter devices. During the first 6 s of the simula-
tion, the ANN cycle-mean equivalent exhibits a greater
disparity from the DC bus target voltage when compared
with the switching model. Past this point, the switching
model is more precise. This behaviour can be improved
by further training of the ANN simulating the DC-DC
converter in order to obtain improved results. The
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Figure 34 Fuel cell hydrogen flow (top) and current for different load
demands (bottom)
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Figure 35 DC-DC converter response: voltage output (top left), voltage
input (top right), duty cycle (bottom left) and error between output and
target voltage (bottom right)
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Figure 36 Load power demand (top left), fuel cell power output (top
right) and power deficit between demand and generation (bottom)

inability to model transient phenomena along with a
greater voltage excursion, from target values, is the price
to pay for faster simulation times.

7 Conclusions

In this paper, a suite of models for a coupled system including
a PEMFC and a DC-DC converter have been developed.
Extensive and detailed simulations have been carried out to
show how the models are used to characterize the fuel cell’s I-
V curves and the converter output voltage and control signals,
specifically for steady-state operation. Using the models de-
veloped and the simulation results, an ANN controller has
been configured and tuned for the coupled DC source system
consisting of a fuel cell, and a DC-DC converter. In this work,
the DC source system was tuned to supply a purely resistive
load; however, in the future, more complicated loads will be
considered as well. The model is flexible and accurate; spe-
cifically, it is able to adapt to different operating conditions,
thus suitable for dynamic simulations. The ANN controller
compensates satisfactorily for changes in power source input
or output.

In literature, oftentimes conventional PI controllers are
tuned to regulate DC converter behaviour and supply the de-
sired output voltage level. The results are often compared with
neural network control techniques. Both methods are reliable
in order to obtain a constant output voltage and system stabil-
ity. However, the ANN-based controller shows a faster set-
tling time while the terminal voltage overshoot is kept to a
minimum. Furthermore, the adjustment and tuning of ANN
are more straightforward and enables to build in adaptive and
constantly improving regulation schemes. The output voltage
error of the system presented in this work is ranging from a
minimum of 2% to a maximum of 4%. Performance can be
further improved however by allowing the ANN to train with
increasing volumes of data sets. Similar systems have been
presented in literature; however, the majority addresses the
question of optimal control using non-variable voltage inputs
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to the system. In this respect, it is also of interest to mention
the noticeable damping performance of the neural controller
which provides for substantial stability margin regardless of
how severe the disturbance at the regulator input (fuel cell) or
output (load) or joint may be. Additionally, one should notice
that the power levels with which this work deals with are
considerably higher than the ones commonly encountered in
literature.

Last but not the least, a novel approach towards a compu-
tationally less demanding architecture suitable for fast simu-
lations was presented. An ANN cycle-mean equivalent model
was developed and integrated into the system; such model
sufficiently substitutes for the full detailed, yet computation-
ally severely demanding, switching model of the DC-DC con-
verter. The extensive use of appropriately trained ANNS re-
sults in a much faster simulation while accuracy of the pro-
duced results in terms of output voltage level, and overshoot,
current and voltage ripple is essentially not compromised.
Future work includes the extension of the method to reactive
and nonlinear loads as well as incorporating real-time adaptive
features in the controller by employing further big data tech-
niques and Al or computational intelligence, e.g. neuro-fuzzy
schemes.
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