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ABSTRACT This article introduces a dynamic semiempirical model that predicts the degradation of a proton
exchange membrane fuel cell (PEMFC) by introducing time-based terms in the model. The concentration
voltage drop is calculated using a new statistical equation based on the load current and working time,
whereas the ohmic and activation voltage drops are updated using time-based equations borrowed from
the existing literature. Furthermore, the developed model calculates the membrane water content in the
PEMFC, which indicates the membrane hydration state and indirectly diagnoses the flooding and drying
faults. Moreover, the model parameters are optimized using a recently developed butterfly optimization
algorithm. The model is simple and has a short runtime; therefore, it is suitable for monitoring. Voltage
degradation under various loading currents was observed for long working hours. The obtained results
indicate a significant degradation in PEMFC performance. Therefore, the proposed model is also useful
for prognostics and fault diagnosis.

INDEX TERMS Fault diagnostics, optimization, PEMFC, prognostics, statistical analysis.

I. INTRODUCTION
Proton exchange membrane fuel cells (PEMFCs) are a
promising clean energy source with high energy density
and environmental nontoxicity [1]–[3]. The implementa-
tion of PEMFCs is primarily limited by their low dura-
bility. Generally, PEMFCs have a short-life span, ranging
from three years for stationary applications to 3000 h for
transportation applications [4], [5]. The causes of PEMFC
degradation are listed below.

(i) Membrane degradation is the outcome of chemical
degradation, which leads to the thinning of the mem-
brane and unwanted gas crossover. Membranes are
also degraded by mechanical stress, which can lead to
cracking and the formation of pinholes. Thermal stress
is induced by the high temperatures produced in the
PEMFC (above 200 ◦C).
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(ii) The ionomer in the catalyst layer undergoes degradation
during long-term operations, which eventually affects
the ionic conductivity of the PEMFC.

(iii) The gas diffusion layers become degraded bymany fac-
tors, most importantly owing to the water management
in the PEMFC system.

(iv) Even when the bipolar plates comprise stainless steel,
they can become corroded, with consequent degrada-
tion of the PEMFC. Carbon corrosion is caused by
the presence of water, which produces carbon surface
oxides.

(v) Platinum catalyst degradation occurs during voltage
cycling. A steady-state voltage of the PEMFC can slow
this process; however, voltage variations are unavoid-
able in real-time applications. PEMFCs used with
super-capacitors or batteries can mitigate this problem
to some extent [4], [6]–[12].

To improve the life expectancy of PEMFCs, many studies
have adopted improved materials and various monitoring and
control systems for PEMFCs. PEMFC health is managed by
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performance monitoring of the system, timely diagnosis of
faults, degradation assessments, estimation of the remaining
useful life, and control of the factors affecting the health of
the PEMFC system [13].

Recently, Elodie et al. [14] and Lechartier et al. [15]
reported an aging model for prognostics. They described
state-space equations for a dynamic electrical equivalent
PEMFC model that calculates the time-dependent volt-
age. The model was validated in long duration tests of
a PEMFC system. Another study [16] demonstrated data-
driven prognostics of the PEMFC using a constraint based
summation-wavelet extreme-learning machine algorithm.

Previous studies identified the early-stage degradation in
the PEMFC system and provided information on its remain-
ing useful life. Another model for estimating the degradation
in PEMFCs has also been discussed in [5], [13]. This model
uses an observer-based extended Kalman filter for estimating
the state of health (SOH) and degradation of the PEMFC. The
authors of [17] developed a prognostic algorithm based on a
neural network paradigm. The degradation model discussed
in [18] and [19] uses extreme-learning-machine and wavelet
transforms for predicting the SOH. The authors of [19] pro-
posed a data-fusion approach for forecasting the PEMFC
performance based on long-short-term-memory, a recurrent
neuron network, and the auto-regressive-integrated-moving-
average method. The authors of [20] presented a complete
empirical model of voltage degradation based on a linear
function of the load profile. However, a simple linear load
functionmay not be a good option for a complex PEMFC sys-
tem. The aforementioned modelling approaches are complex
and the models cannot be used for simultaneous fault diagno-
sis and prognostics because they cannotmonitor the hydration
state of the PEMFC. Besides, these models are used in signal
processing, empirical formulas, control-based approaches,
and artificial intelligence-based approaches. Although arti-
ficial intelligence-based approaches are accurate, their gen-
eralization to different types of PEMFC systems requires
many modifications. In addition, these models are diffi-
cult to update due to their extra data requirements and
complexity.

Similarly, the mechanistic model approach is complex
because the electrochemical equations of the PEMFC are
difficult to adopt for online purposes. In particular, they
require a significant amount of extraneous information from
the system and are computationally time intensive. Therefore,
PEMFC systems are commonly modeled using semiempiri-
cal equations, [21]–[23], which are now used in fault diagno-
sis techniques and prognostics. The semiempirical equations
of Zhou et al. [24] determine the age-variable parameters
using suitable curve-fitting functions. Their model equations
are extremely complex; however, simpler empirical equations
were proposed for their future work. A simple semiempir-
ical equation proposed by Jouin et al. [25] and Lu et al.
[26] predicts the voltage degradation of the PEMFC. The
model of Lu et al. [26] features semiempirical equations
derived from the load current, the pressure of the fuel gases,

the temperature of the PEMFC, and the operating time. The
voltage degradation in this model was accessed and validated,
and the model can monitor the health of PEMFC systems
online. However, the above-mentioned models cannot moni-
tor and calculate the membrane water content during online
monitoring. As noted by Naudy et al. [27], imbalance in
the membrane water content is a major cause of PEMFC
degradation. Naudy’s study also revealed that the atmospheric
temperature and relative humidity of the air majorly affect
PEMFC degradation. A recent semiempirical model pro-
posed by Khan et al. [28] considers the atmospheric con-
ditions while embedding the calculations of the membrane
water content. Their model is intended for flooding and
drying fault diagnosis and has several inherent advantages
(generic formulation, adaptability to different atmospheric
conditions, and variable number of fuel cells in the stack).
To handle extreme conditions (extremely high humidity,
extreme heat, and/or aridity), the constant parameters of the
model are presented in function form. In particular, the rela-
tive humidity of the air (RHair ) and the ambient temperature
(Tamb) are provided as functions.

The model presented herein makes the following key
contributions to the existing literature:
(i) The voltage degradation is predicted from the

PEMFC loading level and working hours (providing
a prognostic feature).

(ii) The accuracy improvement of the model is statisti-
cally analysed, and the time-dependent degradation of
the voltage equations is included in the concentration
voltage drop.

(iii) Flooding and drying faults are easily diagnosed by
comparing the membrane water content with threshold
limits (providing a fault diagnosis feature).

(iv) The model is less complex with less computational
burden than the existing methods and is suitable for
online purposes.

The voltage degradation and membrane water content in
the proposed semiempirical model are primarily based on
Lu et al. [26] and Khan et al. [28], respectively. The proposed
model was first validated on a Horizon 500W PEMFC. After
upgrading and validating the Horizon 500WPEMFC system,
the parameters were optimized using a recently developed
optimization technique known as the butterfly optimization
algorithm (BOA) [29], in which variations in the parame-
ters can be analyzed. The voltage degradation in the pro-
posed model was compared with the experimental results
in [24] under similar loading conditions. The model was
updated in a statistical regression analysis using Minitab R©

software. The concentration voltage drop was updated using
a new equation based on the time and loading current. With
this equation, the voltage degradation output by the model
matches that described by Zhou et al. [24]. The final pro-
posed semiempirical model performs fault diagnosis, health
monitoring, and estimation of the degradation voltage over
long durations while working on the PEMFC. The membrane
water content of the PEMFC system was calculated and
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FIGURE 1. PEMFC nonlinear current–voltage characteristics.

simulated inMatlab R©. The operating limits of the membrane
water content were within the operating limits described by
Khan et al. [28] (i.e., 7 to 11).

II. GENERAL PEMFC VOLTAGE MODEL
The PEMFC voltage responds nonlinearly to a linear load
change. It is described using complex electrochemical
equations that primarily depend upon the temperature (T )
and geometry of the PEMFC, the pressure of the gases
(i.e., hydrogen and oxygen (PH2 , PO2)), the load current (I ),
and the number of fuel cells (N ) in a stack. The general
equation of the PEMFC voltage is

Vout = Estack − Vact − Vohm − Vcon (1)

Here Vout and Estack are the output voltage and electromag-
netic field (EMF) of the PEMFC, respectively, Vact is the
activation voltage drop, Vohm is the ohmic voltage drop, and
Vcon is the concentration voltage drop. The current–voltage
characteristic of the PEMFC is given in Figure 1.

A. EMF OF STACK
The EMF of the stack is produced by a chemical reaction
from the PEMFC as the hydrogen and oxygen atoms react
in an exothermic reaction. The reaction produces electricity,
water, and heat. The EMF is also called an irreversible open
circuit voltage of the PEMFC. The produced EMF depends
on the pressure of the fuel gases and the temperature of the
PEMFC. The EMF of the PEMFC stack is calculated using
the following Nernst equation:

EMF=N

[
1.229−8.5×10−4 (T − 298)+

RT
2F

(
PH2P

0.5
O2

PH2O

)]
(2)

Here, R is the gas constant (8.3143 J.mol−1 K−1) and F is
the Faraday constant (96,487 C.mol−1). The temperature T
is expressed in Kelvin). The no-load voltage of the PEMFC
stack is lower than the EMF of the stack because internal
currents are generated by fuel gas crossover.

B. ACTIVATION VOLTAGE DROP
The activation voltage was first observed by Dicks and
Rand [11]. A drop in this voltage depends upon the reaction

speed and is given by Eq. (3). The over-voltage is not sig-
nificant unless the load current (I ) exceeds the exchange
current (Io).

Vact = A log
(
I
Io

)
(3)

where the Tafel slope A measures the reaction speed and
depends on the PEMF temperature. The exchange current
depends on both the PEMFC temperature and the geometry
of the PEMFC system. Different semiempirical models give
different activation voltages depending on their load current
and temperature function. After long-term operation, the acti-
vation voltage drops as the PEMFC ages. Zhou’s model [24]
reveals that the exchange current decreases over time.

C. OHMIC VOLTAGE DROP
The ohmic voltage drop Vohm of the PEMFC depends on
the internal resistance of the PEMFC, which depends on the
geometry of the PEMFC system (i.e., area of the fuel cell),
the temperature (T ), and the loading current (I ). In general,
the resistance of the PEMFC is divided into an ionic resis-
tance (Rion) and an electronic resistance (Re). The ohmic
resistance has been calculated by different formulas, but the
ohmic voltage drop is fundamentally calculated by Ohm’s
law. Zhou et al. [24] also mentioned that the ohmic resistance
increases over time, indicating that the ohmic voltage drop
increases with aging effects.

D. CONCENTRATION VOLTAGE DROP
The concentration voltage drops as the concentration of
hydrogen decreases during the PEMFC operation. The con-
centration change reduces the partial pressure of the gases.
The concentration reduction of the fuel gases depends on the
electric current that is drawn. The concentration changes of
the gases depend on the current, temperature, geometry of the
electrodes, and the limiting current of the PEMFC (IL). The
concentration voltage drop is calculated as

Vcon = −B
(
1−

I
IL

)
(4)

Here, B is the concentration voltage drop factor, which
depends on the temperature of the PEMFC. The gases and
limiting current [13]–[25] are also affected by the aging
phenomena in the PEMFC system. Jouin et al. [25] revealed
that the limiting current depends on the diffusion coefficient,
which is negligibly impacted by age as demonstrated by
Zhou et al. [24]. Therefore, the degradation effect of diffusion
on the concentration voltage can be neglected.

III. QLSA SEMIEMPIRICAL VOLTAGE MODEL OF PEMFC
The semiempirical model of Khan et al. [28] uses a quantum
lightning search algorithm (QLSA) for optimization. The
model equations start with the no-load voltage of the PEMFC,
which is less than the EMF of the stack and is given by

Vno−load = N [1.229− 8.5× 10−4 (T − 298)

+
RT
2F

ln
(
PH2P

0.5
O2

)
− (V int + VH2O)] (5)

VOLUME 9, 2021 10219



S. S. Khan et al.: Dynamic Semiempirical PEMFC Model for Prognostics and Fault Diagnosis

As reported in two separate studies by Khan et al. [21], [28],
the voltage drop (Vint+ PH2 ) is caused by the internal currents
and the pressure of the water (PH2O). The internal current is
considered to be constant in a single cell, VH2O denotes the
drop in the potential caused by PH2O, and Vint is the voltage
induced by the internal current. One of the primary voltage
drops is the activation voltage, expressed as

Vact,1 =
NRT
2αF

ln
(
I
Io

)
=

RT
2 αN F

ln
(
I
Io

)
if (I > Io) (6)

where Io is represented as

Io = B1 × F × exp
(
−1.229× B2 × F

RT

)
(7)

The exchange current Io in Eq. (7) is temperature-dependent
and α/N is the charge transfer coefficient, which measures
the reaction speed. Parameters B1 and B2 depend on the
symmetry of the PEMFC design. Vohm refers to the voltage
drop caused by the ohmic resistance of the PEMFC. The
ionic resistance is more complex because it depends not
only on the current and temperature of the PEMFC but also
on the water content of the PEMFC membrane. The ionic
resistance Rion requires the pressure of the liquid water PH2O
and the vapour pressure Pvap, which are calculated using
Eqs. (8)–(10). In Eq. (8), NA1 and NA2 are constant
parameters, which are optimized.

N × VH20 = NA1 × T × PH2 + NA2 − N × V int

N ×
(
VH20 − Vint

)
= N × AH20 × T× log

(
PH20

)
) (8)

PH20 = exp
(

VH20

T × AH20

)
(9)

log (Pvap) = 6.02724×10−3+4.38484×10−4 (T−273.15)

+ 1.39844× 10−5 (T−273.15)2

+ 2.71166× 10−7 (T−273.15)3

+ 2.57731× 10−9 (T−273.15)4

+ 2.82254× 10−11 (T − 273.15)5 (10)

Next, using the values of PH2O and Pvap calculated above,
the relative humidity ϕ of the PEMFC is calculated as

ϕ =
PH2O

Pvap
(11)

From the relative humidity ϕ, the water content of the
membrane λ is determined as

λ = 0.043+ 17.81ϕ − 39.85ϕ2 + 36ϕ3 (12)

Rion is then calculated using Eq. (13):

Rion = C1 × 0.0022

[
1+ 0.03I + 0.062

( T
303

)2
I2.5

]
(λ− 0.634− 3I ) exp

[
4.18

(
T−303
T

)]
(13)

where the value of the constant C1 depends on the PEMFC
membrane thickness. Note that C1 will vary with number

TABLE 1. Parameters of the QLSA Semiempirical Model and Their
Corresponding Symbols.

TABLE 2. Parameter Functions When the Ambient Temperature and
Relative Humidity Largely Deviate From Normal.

of cells in the stack. Although Re was supposed to be con-
stant to reduce the computational complexity, it also varies
with number of cells. Thus, the ohmic voltage drop Vohm is
expressed as

Vohm,1 = I (Rion + Re) (14)

The last voltage drop, i.e., the concentration voltage drop
Vcon, is finally calculated by Eq. (15):

Vcon,1 =
−NRT
2F

ln
(
1−

I
Ilim

)
(15)

The parameters to be optimized and their symbols are listed
in Table 1. The parameters vary in different PEMFCs, as men-
tioned by Khan et al. [28]. Some parameters can also be
described as functions under abnormal ambient conditions
(i.e., when the ambient temperature significantly varies from
298 K (25 ◦C) or the atmosphere is extremely dry or humid).
The equations of the parameters are listed in Table 2 [28].
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TABLE 3. Parameter Di and Ei Values [26].

A. OPTIMIZING THE PARAMETERS WITH THE BUTTERFLY
OPTIMIZATION ALGORITHM
A Horizon 500 W PEMFC was used in the experiments and
the parameters were optimized using the butterfly optimiza-
tion algorithm (BOA). The ambient changes were outside the
study scope and all experiments were performed at 298 K,
so the parameters were assigned constant values. The QLSA
model has several advantages. First, it directly incorporates
the ambient conditions and it can diagnose PEMFC flooding
and drying faults. Second, it is suitable for monitoring the
PEMFC hydration state online. It remains only to determine
the degradation effects.

The model of Lu et al. [26] considers the voltage degrada-
tion over time by introducing a time variable th to the PEMFC
voltage. The voltage drops Vact,m and Vohm,m are respectively
given by

Vact,m=
{
D1 × T + (−D2 × T + D3 + D4 × th)× T

× log
(
I+D5 × T 2

−D6 × T+D7+D8 × th
)}

+D9 × log (PO2 ) (16)

Vohm,m=
(
E1 × T 2

− E2 × T + E3 + E4 × th
)
× I (17)

The values of the parameters Ei and Di are listed
in Table 3.

The parameter th is given in hours. These parameters may
also vary in the Horizon 500 W PEMFC. The parameters Di
were optimized using the BOA. The time-based term E4× th
in Eq. (17) can be added to Eq. (14), which computes Vohm.
However, the time-based termsD4× th andD8× th in Eq. (16)
cannot be simply added to Eq. (6) (which computes Vact )
because D8 × t is in logarithmic form. Therefore, the param-
eters Di in Eq. (16) need to be optimized. The exceptions
were D4 and D8, whose values in the NEXA 1.2 kW PEMFC
system were set to those in the Horizon-500 W system. After
extracting all parameters in Eq. (16) (except for D4 and D8,
which remained unchanged), Eq. (16) depicts the modified
activation voltage Vact,m of the PEMFC system. In addition,

inserting E4×th in Eq. (14) gives

Vohm,m1 = I (Rion + Re + E4 × th) (18)

Themodified output voltageVout,1 in the QLSAmodel is then
given by

Vout,1 = Vno−load − Vact,m − Vohm,m1 − Vcon,1 (19)

The time-based parameters E4, D4, and D8 were assumed
constant because these parameters probably do not depend
on the PEMFC system. Rather, they depend on the working
duration of the PEMFC. The modified QLSA model enables
monitoring of the membrane water content λ; the equations
of Rion will not change.

IV. BUTTERFLY OPTIMIZATION ALGORITHM (BOA)
Arora and Singh [29] recently discussed a novel optimization
technique that mimics the behavior of butterflies searching
for food and a mating partner. The BOA provides better and
more efficient results than other optimization algorithms such
as the genetic algorithm, cuckoo search, monarch butterfly
optimization, and particle swarm optimization.
Butterflies have extremely sharp senses for seeking mating

partners and food. These strong senses primarily explain
their survival for over a million years. Butterflies’ sense of
smell is particularly important. Butterflies are attracted to the
fragrance of a flower, which is unique to a flower species.
In the BOA, the fragrance f depends on the physical stimulus
Is and a parameter a called the power exponent. The param-
eter a allows for a linear response, regular compression, and
expansion. The fragrance is calculated as

f = cIsa (20)

where c is the sensory modality and the values of a and c
are within the range [0, 1]. If a is unity, the fragrance is fully
absorbed by other butterflies, meaning that the fragrance is
emitted in an ideal environment. Conversely, when a is zero,
the fragrance emitted cannot be sensed by other butterflies.
The parameter c is crucial because it determines the speed
of convergence. The stimulus Is is based on the objective
function of the system to be optimized, which is the root mean
square. In this work, Vexp is the experimentally determined
voltage of the PEMFC. The root mean square error (RMSE)
is calculated as

RMSE =

√ ∑
(V out,1 − Vexp)

2

Total number of samples
(21)

Butterfly movements are influenced by the following factors:
(i) The fragrance emitted by the butterflies, which attracts

other butterflies.
(ii) Every butterfly moves randomly or toward the butterfly

emitting the most fragrance.
(iii) The objective function, which determines the stimulus

intensity Is of a butterfly.
Optimization is a three-phase process of initialization, iter-
ation, and finalization. In each run, the parameters are ini-
tialized. The initial population of the butterflies is set and
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TABLE 4. Implementation of the BOA Algorithm.

their positions are randomly generated in the search space
(i.e., the given ranges, fragrance, and fitness values are
calculated and stored).

Subsequently, during each iteration, all butterflies move to
a new position and their fitness values and fragrances are
calculated by Eqs. (20) and (21), respectively. The search
phase has two main steps: global search and local search.

During the global search, the movement is biased toward
the fittest butterfly, as shown in Eq. (22):

xi,t+1 = xi,t +
(
r2 × g∗ − xi,t

)
× fi (22)

Here, xi,t is the solution vector of the ith butterfly in iteration
t, g∗ is the current best solution in the current iteration, and
fi is the fragrance of the ith butterfly. r is a random number
between 0 and 1 inclusive.

The local search phase of the butterflies is governed by
Eq. (23):

xi,t+1 = xi,t +
(
r2 × xj,t − xi,t

)
× fi (23)

Here, xi,t and xj,t are the ith and jth butterflies in the solution
space, respectively. If xi,t and xj,t belong to the same swarm,
Eq. (23) describes a local random walk.

The last phase of the algorithm is terminated when the
best solution is found or when the maximum number of
iterations is achieved. In this study, the stopping criterion was
the maximum number of iterations. The basic structure of
the BOA is given in Table 4. The algorithm uses a switch
probability factor p which changes the search phase from a
global to a local search.

V. EXPERIMENTS
Experiments were performed on the Horizon-500W PEMFC
system, which has 36 fuel cells in the stack and a limiting
current (IL) of 42 A. The experimental setup consisted of a
pressure regulator, a DC electronic load, and a controller for
the PEMFC system.

FIGURE 2. Experimental setup of the Horizon 500-W PEMFC system.

Figure 2 is a schematic of the complete PEMFC system [1].
The experiments were performed for 3232 s (0.89 hr) at
Tamb = 25 ◦C (298 K). The load current was varied hap-
hazardly and the hydrogen pressure (PH2 ) was constantly
maintained at 0.55 atm. The air pressure was assumed to be
constant at 1 atm. The samples were obtained after 0.1 s. The
time courses of the voltage Vexp, current I , and temperature
T of the PEMFC are presented in Figure 3.

The ranges of the final optimized parameters are given
in Table 5.

VI. RESULTS AND DISCUSSION
Parameter optimization is the first primary step toward
obtaining the results. After 600 iterations, the optimization
results were deemed sufficient because the RMSE was below
0.5 for a sample size of approximately 32,000.

Figure 4 shows the optimization progress and a
comparison between the modeled and experimental volt-
ages. The final values of the parameters are provided in
Table 6.

The term α/N exerted the lowest impact and was indepen-
dent of the air relative humidity (RHair ). Therefore, neglect-
ing α/N will negligibly affect the model’s output under the
loading conditions.

The working period of the PEMFC has not been tested.
Here, the voltage variations over th were observed under
different load currents. The voltage effects over 400 hours
were first simulated under low currents. At 5 A (almost
11% of the limiting current), the recorded temperature was
299.52 K and the experimental voltage was 25.29 V. The
hydrogen pressure remained constant at 0.55 atm and the air
pressure was 1 atm. Zhou et al. [24] tested another PEMFC
system for 400 hours under a similar current. In the present
study, the voltage decreased by approximately 1.0 V over the
400-hour observation period.

Figure 5 shows the voltage variations over th under a
low current. In the model simulations, the voltage varied
by approximately 1.0 V. The degradation of the PEMFC
voltage was tested at 17 A (almost 40% of the limiting
current), where the PEMFC temperature was 308.93 K and
the experimental voltage was 21.06 V. The fuel gas pressures
were those at 5 A. Zhou et al. [24] monitored the voltage
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FIGURE 3. Experimental results of the Horizon 500 PEMFC: (a) voltage,
(b) current, and (c) temperature.

degradation for 400 hours at 17 A, and reported a drop of
approximately 2.25 V. However, in Figure 6, the drop was
only approximately 0.5 V.

Finally, the degradation of the PEMFC was tested at 25 A
(almost 60% of the limiting current). The temperature and
experimental voltage were 319.84 K and 17.8 V, respectively.
At a similar current, Zhou et al. [24] reported a voltage
degradation of slightly above 3.7 V after 400 hours. However,
Figure 7 reveals a voltage degradation of just under 0.5V after
400 hours in the proposed model.

Voltage degradation has many causes, as mentioned in
the Introduction. Therefore, a PEMFC cannot sustain its
output over 400 h of operation. The model presented by
Zhou et al. [24] applied the particle filter approach,
which introduces some obvious errors when fitting to the
experimental results.

TABLE 5. BOA-Optimized Parameter Ranges in the Proposed
Semiempirical Model.

FIGURE 4. (a) Comparison of the experimental and modeled voltages in
the Horizon 500-W PEMFC, and (b) fitnes optimization by BOA.

A. STATISTICAL REGRESSION ANALYSIS
The voltage degradation results at high current deviated from
the experimental results of Zhou et al. [24], as highlighted
in Table 7.

To improve the model, we performed statistical regression
analysis with the th and percentage current (Ip) as the main
covariates (see Table 8). For low currents (i.e., 5A (∼11% of
the limiting current)), the results were satisfactory; however,
the approach failed at higher currents (i.e., 17 A (40%) and
25 A (60%)).
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TABLE 6. Final Parameter Values After BOA Optimization.

FIGURE 5. Voltage monitored for 400 hours at 5 A (T = 299.52 K).

FIGURE 6. Voltage degradation in theHorizon 500-W simulate for
400 hours at 17 A (T = 308.93 K).

The voltage differences Vd between the experimen-
tally determined voltage degradation (described by
Zhou et al. [24]) and that determined using the proposed
model were determined at 100, 200, 300, and 400 h for
different output current percentages (Ip) (40% and 60%).
The residual plot and results of the normality test are shown
in Figure 8. The residuals were normal because the p-value
exceeded 0.05.

The final regression equation of Vd is given by Eq. (24).
The effects of th and Ip were insignificant ( p > 0.05);

FIGURE 7. Voltage degradation in theHorizon 500-W voltage degradation
simulated for 400 hours at 25 A (T = 319.84 K).

TABLE 7. Comparison of Voltage Degradations Obtained Using the
BOA-Optimized Proposed Model and the Approximate Experimental
Results of ZHOU [24].

TABLE 8. Analysis of Variance of the Transformed Response (Using the
Current and Working Hours of the PEMFC as Covariates).

however, the squared th term and its interactions were sig-
nificant. The hierarchy of the statistical regression design th,
and Ip must also be included:

Vd =


0.657− 0.0137Ip + 0.000018t2h
+ 0.000203thIp for Ip > 30%

0 for Ip < 30%

(24)

As the previous time-based degradation was not applied to the
concentration voltage, it was assumed that when the current
percentage (Ip) reached 30%, the voltage degradation of Vohm

10224 VOLUME 9, 2021



S. S. Khan et al.: Dynamic Semiempirical PEMFC Model for Prognostics and Fault Diagnosis

FIGURE 8. Residual plot and results of normality test.

FIGURE 9. Comparison of voltage degradations at different currents.

and Vact alone could not explain the observed degradation.
Therefore, Vd was added to Vcon,1, the time-based voltage
drop term for the concentration voltage. Bressel et al. [5] also
revealed that a time-based degradation term is necessary for
the concentration voltage.

The new concentration voltage Vcon,2 was determined as
follows:

Vcon,2 =
−NRT
2F

ln
(
1−

I
Ilim

)
+ Vd (25)

Figure 9 compares the voltage degradations at 5, 17, and
25 A using Vd in the proposed model. The results were
more satisfactory than the previous results at high currents
(c.f. Figure 9 and Figures 6 and 7).

B. MEMBRANE WATER CONTENT FOR FAULT DIAGNOSIS
The proposed model can diagnose flooding and drying faults.
The present experiment was performed under normal con-
ditions, when no flooding and drying faults can occur.
Khan et al. [28] suggested that the normal range ofmembrane
water contents λ is 7–11. The time-varying membrane water
content λ of the proposed model is plotted in Figure 10. The
experimental results in Figure 3 confirm that the membrane
water content remained within normal limits; hence, the pro-
posed model can diagnose faults with sufficient accuracy.

FIGURE 10. Membrane water content in the Horizon 500 W PEMFC.

If the membrane water content is below 7, the membrane
is excessively dry, and if it exceeds 11, a flooding fault has
occurred. Based on the techniques in [30] and [31], smart and
intelligent techniques for other PEMFC fault diagnoses must
be explored in future.

VII. CONCLUSION
This study proposed a semiempirical model with modified
activation, ohmic, and concentration voltage drops reflecting
the performance deterioration over time (hours). The novel
component of this work is the proposed concentration voltage
drop, which was calculated through a statistical regression
analysis. In the simulation study, the results of the pro-
posed voltage degradation model were apparently consistent
with the experimental degradation reported in the literature.
In particular, the degradation in PEMFC voltage was dis-
cussed at different load currents. The proposed semiempirical
model is useful for both fault diagnosis and prognostics,
and is especially advantageous for online monitoring and
abnormal diagnoses of membrane water content. The equa-
tions are relatively simple and computationally time-efficient.
Degradation is caused by many factors and the PEMFC expe-
riences many transients during long-term operation. Never-
theless, the degradation estimation model is a useful tool
for operators. The present model estimates the degradation
in PEMFCs operating under normal ambient conditions, but
the model parameters can be modified for abnormal ambient
conditions by incorporating the equations developed herein.
In future work, the model will be checked and validated
for the prognosis and diagnosis of other types of PEMFC
systems. Incorporating the area and membrane thickness of
the PEMFCwill generalize the parameters and realize a more
generic model. After some modifications, a model that is
applicable to most PEMFC systems without requiring any
optimization techniques is expected to become available in
future.
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