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11 Abstract

12 The temporal changes of power and efficiency in a fuel cell (FC) stack can cause malperformance in the energy
13 management strategy (EMS) of a FC hybrid electric vehicle. Therefore, the online estimation of these physical
14 attributes is becoming an integral part of any EMS. This paper aims to utilize a two-step method to extract the
15 maximum power and efficiency points of a FC system online. In this respect, an online parameter estimation technique,
16 composed of smooth variable structure filter (SVSF) and Kalman filter (KF), is utilized in the first step to estimate the
17 parameters of a FC semi-empirical voltage model. KF generates statistically optimal estimates for a linear, well-
18 designed system model in the existence of Gaussian noise. However, these assumptions do not always hold in real
19 applications and can lead to unstable estimation. A practical solution to deal with these instabilities is to enforce
20  boundaries on the state estimates through SVSF which is based on sliding mode estimation concept. Hence, unlike the
21 other similar studies, this paper synthesizes the robustness of SVSF with the precision of KF to enhance the
22 characteristics estimation process of a FC stack. In the second step, the updated voltage model is utilized to extract

23 the efficiency and power curves of the real FC system. To corroborate the potential of the proposed approach, a
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thorough comparison with KF, as an attested estimation method, is performed. The experimental tests on a 500-W FC

stack indicate the superior performance of the SVSF-KF compared to that of KF.

Keywords: Energy management strategy, Kalman filter, Parameter estimation, Proton exchange membrane fuel cell,

Smooth variable structure filter

Introduction

Electrification of vehicles is considered a promising solution for decreasing a considerable amount of greenhouse gas
emissions caused by transportation sector worldwide [1]. In this regard, several organizations are stressing the
potential role of hydrogen with the hope deploying fuel cell hybrid electric vehicles (FCHEVs) in different
transportation modes [2, 3]. The powertrain of a FCHEV is typically composed of a proton exchange membrane
(PEM) fuel cell (FC), as the primary power source, and a battery pack and/or a supercapacitor (SC) bank, as the
secondary one. Since these sources have different energetic characteristics in terms of power and efficiency, an energy
management strategy (EMS) is needed to distribute the power between them [4]. The main objective of an EMS is to
meet the requested power while minimizing the hydrogen consumption and maximizing the lifetime of power sources.
Several EMSs, rule-based, optimization-based, and intelligent-based, have been proposed for FCHEVs, as discussed
in [5]. Most of these strategies show very close performance to optimal results. However, the time-varying
characteristics of the FC system (power and efficiency) are not usually considered in these strategies. Hence, the
excellent results are merely valid for a short period of time [6, 7]. In [8], the importance of considering FC aging in
the design of an EMS based on deep reinforcement learning is discussed. In [9], the authors illustrate that the ignorance
of updating FC power and efficiency can increase the hydrogen consumption up to 6.6%. In this regard, some efforts
have been made to enhance the idea of health adaptation while developing an EMS. Some studies propose the
integration of a degradation model to develop a decision-making strategy based on prognostic of the power sources
[10, 11]. However, modeling the degradation mechanism under automotive conditions is still an open problem in the
literature. Some works suggest the use of an extremum seeking technique based on perturb and observe [12, 13].
Nevertheless, the simultaneous identification of several operating points, which is required in an EMS, highly
increases the complexity of these algorithms. The discussed shortfalls have led to the emergence of a new paradigm
for formulating an adaptive EMS based on online characteristics estimation in the FC system. Fig.1 illustrates the

main notion behind this concept. From this figure, an online estimation technique is used to update a FC model in the
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Fig. 1. The process of online characteristics estimation and its inclusion into an EMS design. (Iz.: FC current, Tg.: FC temperature, py,: hydrogen
partial pressure, Vg¢: FC measured voltage, V-: FC estimated voltage, e: estimation error, ME: maximum efficiency point, Ppc: FC power, Pggs:
power of the energy storage system).

first step. Subsequently, the updated model is employed to extract the characteristic of the FC system. Finally, the
obtained FC characteristics are utilized to define the boundaries and cost function of an EMS.

Several studies have been conducted on the online estimation of a FC model. In [14], a polynomial function is used
to model the polarization behavior of a 1.3-kW PEMFC. The parameters of this model are estimated online by
recursive least square (RLS). RLS is also employed to identify the parameters of a polynomial function representing
the efficiency-vs.-power curve of a PEMFC stack in [15, 16] and hydrogen consumption-vs.-power of another stack
in [17]. In [18], adaptive RLS is utilized to define a safe operating zone for the FC system of an electric tram. However,
all the utilized FC models in [14-18] are purely empirical, derived by polynomial functions, without any insight into
the underlying phenomena. These models lack generality and might not be able to simulate the complete FC behavior
under different conditions. In [19], Ettihir et al. compare six semi-empirical FC models instead of using a polynomial
function. They finally select a current-dependent model, suggested by Squadrito et al. [20], to estimate the polarization
behavior of the FC. RLS and unscented Kalman filter (KF) are used to update the parameters of this model in [19,
21]. However, the performance of the utilized estimation techniques has not been compared. Moreover, the selected
model does not take the stack temperature into consideration, which has a great impact on the FC performance. In this
regard, in [22], the performance of RLS and KF estimation techniques are compared using Squadrito et al. and
Amphlett et al. semi-empirical models. The latter is a multi-input model that considers current, temperature, and
pressure to estimate the output voltage [23, 24]. This comparative study illustrates that the multi-input model
(Amphlett) is more accurate than the single-input one (Squadrito), and KF is marginally more precise than RLS. The
model proposed by Amphlett et al. has been validated for cold startup application in [25]. Moreover, it has become a
benchmark model for testing the performance of metaheuristic optimization algorithms [26-28]. In [29], recursive

maximum likelihood (RML) algorithm is compared with RLS to estimate the parameters of a PEMFC semi-empirical
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model. This paper shows that RML and RLS lead to almost similar results when additional noise is not added to the
measured data. In [30], a data fusion method based on covariance intersection and KF is developed to extract the
polarization and power curves of a FC system using four semi-empirical models. The main problem with this method
is that the less accurate models can influence the estimation of the more accurate ones.

Considering the above-discussed estimation techniques, KF has been the most reliable regarding the parameters’
estimation of a FC model. However, certain complexities in the FC system modeling can violate the main assumptions
of this filter (linearity, Gaussian noise, etc.) and lead to instabilities in the estimation. Therefore, some papers have
also considered the stability and robustness aspects. In [31], an estimation technique based on Lyapunov is put forward
to identify two parameters of a nonlinear model composed of activation and ohmic overvoltages. In [32], an adaptation
law using the Lyapunov method is developed to update the parameters of a FC semi-empirical model for extracting
the power and voltage characteristics. The same estimation method is applied in [33] to a FC first-order equivalent
circuit model (ECM) to track the remailing useful life of the stack through identifying the internal resistance online.
However, the developed estimators based on Lyapunov in [31-33] are unique for the given problems and cannot be
generalized for other models and estimation techniques. A new recursive filter, known as smooth variable structure
filter (SVSF), is proposed in [34] to deal with the model uncertainties in a broader range. This filter is based on sliding
mode and variable structure concepts and compels the state estimates to change around their true values within a
boundary. SVSF has been successfully utilized in different engineering problems. Moreover, it has been shown that
this filter can be more stable and robust to model uncertainties compared to KF [35]. In [36], RLS is used to estimate
the parameters of a battery model, and SVSF is employed for estimating the battery state of charge (SOC). In [37],
SVSF is used for reliable SOC and state of health estimation of healthy and aged Lithium polymer cells. The performed
experiments indicate that SVSF can estimate the SOC more accurately than extended KF in uncertain scenarios caused
by aging or unknown initial values. However, SVSF is still a sub-optimal algorithm compared to KF since it is not
that robust to measurement noises. Therefore, researchers have suggested combining these methods (SVSF-KF) to
reach a trade-off between KF accuracy and SVSF robustness [38]. In [39], cubature KF and SVSF are combined to
improve the robustness and accuracy in the estimation of the effective bulk modulus in an electro-hydrostatic actuator.
In [40], KF and SVSF algorithms are merged to develop a thorough fault detection strategy for robust attitude
estimation in a small unmanned aerial vehicle (UAV) with faulty gyroscope signals. In [41], concurrent localization

and mapping is performed for an autonomous underwater vehicle utilizing a combined SVSF and extended KF.
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This paper focuses on the first and second steps of the presented process in Fig. 1. In this regard, SVSF-KF
algorithm is proposed for the online power and efficiency characteristics estimation of a FC system. KF can result in
optimal estimation if all the underlying assumptions are respected. However, it is very sensitive to model uncertainties
which are ample in a FC system. SVSF is more stable and robust to model uncertainties but cannot handle a lot of
dynamics and measurement noise. Therefore, these two techniques can complement one another, considering the
robustness and accuracy. In particular, no study, to the best of the authors’ knowledge, has considered the use of this
hybrid filter in the FC characteristics estimation. Since FC has a multivariate nature, its modeling certainly goes under
some uncertainties. In this regard, the semi-empirical model proposed by Amphlett et al. is used for modeling the
voltage behavior of a FC stack. The parameters of this model are estimated online by SVSF-KF, and the power and
efficiency characteristics curves are extracted from the updated model. Experiments are carried out on a 500-W
Horizon FC to verify the performance of the proposed method. Furthermore, a comparative study is performed with
KF as a well-known estimator in this line of work. The remainder of this paper is organized as follows. Section II
explains the utilized model for the PEMFC under study. The online estimation techniques are detailed in section III.
Section IV illustrates the experimental setup and analyzes the obtained results. Finally, the conclusion is given in

section V.

Fuel cell modeling

Fundamentally, the shape of voltage versus current curve is formed by three important irreversibilities in a PEMFC
[42]: 1) activation losses: the sluggishness of the reactions happening on the surface of the electrodes which have a
nonlinear effect on the voltage; 2) ohmic losses: direct resistance to the flow of electrons and ions through the
electrodes and the electrolyte which is linearly proportional the drawn current; 3) concentration losses: the alteration
in the concentration of the reactants at the electrodes’ surface. The schematic polarization curve of a PEMFC,
including the three principal losses, is shown in Fig. 2. It should be noted that there is another voltage loss owing to
internal currents and fuel crossover in a FC system that is normally ignored while developing a semi-empirical model.
This loss is caused by a small amount of fuel passing across the electrolyte from the anode to the cathode and from
electron conduction along the electrolyte. The fuel loss and current are both small, and thus the net impact is normally

negligible [43].
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Fig. 2. Schematic polarization curve of a PEMFC cell.

The explained characteristics have led to the development of several semi-empirical models for describing the static

behavior of a PEMFC [20, 23, 24]. The general formulation of such models is expressed as:
Veen = Enernst + Vace + Vonmic + Veon (1

where Vecy is the cell voltage, Eyernse 1S the reversible cell potential, and V¢, Vopmic, and V.., are the activation,
ohmic, and concentration losses, respectively. In this study, the model introduced by Amphlett et al. [23, 24] is utilized
to estimate the voltage of an open cathode PEMFC stack. As described earlier, this model has been fruitfully used for
modeling various PEMFC stacks [22, 44]. FC technology has been considerably improved since this model was
introduced. However, the structure of this model is still applicable, given that a suitable parameterization is required

to tune the parameters. Considering the number of cells (N,.;), the voltage of the PEMFC stack (Vi) is given by:

Vec = NeeuVeen )

Enernst 1s calculated by:

Enernse = 1.229 — 0.85 X 1073 (Tpe — 298.15) + 4.3085 X 10~ 5T [In(Pys) + 0.5 n(Pyy)] A3)

where Trc is the stack temperature (K), Py, is the hydrogen partial pressure in anode side (N m™2), and Py, is the

oxygen partial pressure in the cathode side (N m~2). V,, is determined by:

Vace = &1+ & Tpe + §3Tpcn(Coz) + §aTrcln(lpc)
Po2 (4)

5.08X106 exp (—498/TFrc)

Coz =
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where é,(n=1..4) are the semi-empirical coefficients based on fluid mechanics, thermodynamics, and
electrochemistry, C,, is the oxygen concentration (mol cm™3), and I is the PEMFC operating current (A). Vopmic i

given by:
Vohmic = _IFC Rinternal = _IFC({I + (ZTFC + (31FC) (5)

where Ripterna; 1S the internal resistor (), and {,(n =1...3) are the parametric coefficients. Finally, V., is

calculated by:

Voon = Bln(1 — 2£S) (6)

Imax

where B is a parametric coefficient (V), and I,,,4, is the maximum current (A).

This paper aims to update the introduced voltage model online to extract the power and efficiency characteristics. In

this regard, the model needs to be written as a linear-in-parameter equation in the sense of unknown parameters (Vg =
Z?fl 0;x;, where 0; is the unknown parameters of the model and x; is the known values or regressors). Assuming
67 = [0y, ... ,0p,] and X" = [x;, ..., X,] leads to Vpc = X760, where " is the transpose of a vector. In this work, Vg,

Trc, and I are the three measurable states of the voltage model. To obtain the linear-in-parameter form of the voltage

model, using (1) to (6) results in:
Vec — Enernst = XTo (7
where

BT = [Eli 62! 63' 54' (1! (2! (3! B]

X" = [1,Tpe, Trcln(Co2), Treln(pc), ~Irc, —IrcTrc, _IFCZ]
The power of the FC system (Pg¢s) is calculated by subtracting the FC stack power (Pg.) from the consumed power

by the auxiliary systems (Pyyy):

Prcs = Ppe — Paux (3)
Prc = Vie X Ipc )
Ppux = Pran + Praie (10)
Pran = €1 Dgan” + €3 Dyan + €3 an
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Prawe = Wawe X Ivaive (12)

where Pfgy, is the power consumption of the cooling fan, ¢;, ¢,, ¢3 are empirical parameters, Dy, is the duty cycle of
the fan, Py 4. denotes the consumed power by the hydrogen valve, and Vy 4, and Iy, are the voltage and current
of the hydrogen valve respectively. The empirical parameters and the power consumption of the hydrogen valve are
obtained by experiments on the real system. The purge valve power consumption is ignored due to having a fixed
cyclic purging (every 10 s for a duration of 100 ms). Finally, the efficiency of the FC system (1]g¢s) can be calculated

based on its voltage [45], as:

— Prcs _ VFcsXIFc _ VFcs

Mres =5, = AHXEC T 1254
nF (13)
V _PFC_PAux_V _PAux
FCS — I — YFC I
FC FC

where Py, is the energy value of consumed hydrogen (W), Vs is the voltage of the FC system, AH is the hydrogen
higher/lower heating value (kJ/mol), n is the number of electrons transferred for each molecule of fuel (which is 2

for hydrogen-oxygen reaction), and F is the Faraday constant. Considering the hydrogen lower heating value (AH =

241Kk]J/mol) in i—: , 1.254 is achieved as the so-called thermoneutral potential.

Online parameter estimation algorithms

The areas of parameter and state estimation are highly important for the further development of PEMFC technology.
As discussed in the introduction section, several methods, such as RLS, KF, and Lyapunov-based estimation, have
been used for parameters estimation of PEMFC semi-empirical models. RLS minimizes a weighted linear least-
squares cost function by recursively determining the coefficients that are related to the deterministic input signals.
Therefore, the estimated state is solely updated by the available measurements. KF can update and estimate an
evolving state since it has two stages of operation: prediction and correction. In the prediction stage, a model of the
system is used to predict the evolution of the states even in the absence of measurement. In the correction stage, the
difference between the current prediction and the current observation is employed to refine the state estimate. As
reported in [22], KF can yield marginally better estimates in a FC system compared to RLS. However, both techniques
might result in unstable estimates while working in a real FC system. This is due to the fact that their assumptions,

Gaussianity of process and measurement covariances, could be violated. Therefore, the robustness aspect of the
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algorithm should be considered as well as the accuracy. In this regard, Lyapunov-based estimation has been suggested

which can guarantee stability in a particular system. That means by changing the FC model, the Lyapunov function

needs to be updated. However, it is not always easy to find a new function for this purpose. The above-discussed

aspects have turned the attention of this manuscript to the employment of SVSF which has been introduced as a robust

estimator in the literature. SVSF has an integral switching action to assure the convergence of estimation within the

vicinity of real values. The key performance benefits of the SVSF over the discussed estimation methods are as

follows:

The discussed filtering methods are developed based on the precise knowledge of the system’s model.
Nevertheless, substantial noise and uncertainties can arise in a real application. For instance, when the FC
system experiences degradation, fault conditions, or any performance drifts, the developed model is not
precise anymore, and this may afflict the performance of the discussed estimators. On the other hand, SVSF
maintains robustness and stability within a preset range for bounded uncertainties and noise levels. Hence,
SVSF is not reliant on a precise model under uncertain conditions.

The discussed techniques provide the error between measurement and estimation as a performance index.
Besides this, SVSF provides an index using the chattering signal [34], which can be related to the state of
health of the system. This feature is useful in health monitoring studies.

The nonlinear versions of the discussed estimators normally require local linearization of the nonlinear
function around a fixed point to estimate the nonlinear states of the model. This could diminish the optimality
and precision of the filter. However, SVSF carries out this nonlinear state estimation without any
approximation. It should be noted that for systems with nonlinear measurement models, SVSF also requires

local linearization, similar to other filters.

With all the favorable attributes of SVSF algorithm, it is still considered a suboptimal estimator. It is thus advantageous

to combine the robust performance of SVSF with accurate performance of KF, as suggested in [38-41].

Generally, a linear dynamic system and a measurement model are characterized by:

Xk+1 = Axk + Buk + Wi (14)

Zg+1 = HXpyq + Vg (15)
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where x is the state vector, k is the time index, A is the linear system transition matrix, B is the input gain matrix, u
is the input vector, w is the system noise vector, z is the measurement vector (system output), H is the linear
measurement matrix, and v is the measurement noise vector. In what follows, KF and the hybrid SVSF-KF methods

are explained for the parameter estimation of the model introduced in (14) and (15).
A. Kalman filter

KF is one of the most practiced filters for linear dynamic systems. It offers an optimal solution in the presence of
Gaussian white noise if all the fundamental assumptions hold [46]. It employs measurements that are linearly linked
to the system’s states/parameters and error covariance matrices to calculate the Kalman gain. This gain is applied to
the a priori state estimate to generate an updated estimate of the states. This predictor-corrector estimation process is

continued in an iterative manner. In this regard, a priori estimate based on the system definition is given by:
Resape = A + B (16)
where " denotes the estimated vector or values. The corresponding state error covariance matrix (P) is defined by:
Py = HPieH™ + Q (17)

where (Q is the noise covariance matrix of the system, and T is the transpose of some vector or matrix. The Kalman

gain (K) is determined by:
Ki+1 = P H [HPjeiq ) HT + Ry iq] ™ (18)

where R is the measurement noise covariance matrix. Using the calculated Kalman gain, the state estimate is updated

as:
Ririeer = Trqe + Kies1[Ziesr — HRirq k] (19)
Finally, a posteriori state error covariance matrix is determined by:

Pryijirr = [ — Kix 1 H]Preyaji (20)
where [ is an identity matrix.

B. Combined smooth variable structure and Kalman filter

10
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KF is developed based on the accurate knowledge of the system model and assumes measurement noises are white.
However, these assumptions do not always hold under real applications, especially when the system confronts aging,
fault conditions, or any other abnormalities. The violation of the assumptions can degrade the performance of KF
since the system model is not accurate anymore. SVSF is a fairly new predictor-corrector estimation method that
generates suboptimal but highly robust and stable estimates against modeling uncertainties and errors. The preserved
robustness and stability of SVSF are due to enforcing the state estimates to change within a boundary layer around the
true state trajectory. However, compared to KF, SVSF is still a sub-optimal filter which implies that there is a trade-
off between robustness to modeling uncertainties and estimation precision. In this regard, a combination method has
been proposed based on the definition of a time-varying boundary layer in [47] to preserve the SVSF robustness while
profiting from the exactness of KF. This method provides the basis for the combination of SVSF with extensions of
KF and even other existing estimation techniques. The SVSF-KF iterative estimation process is summarized in (21)

to (31). Similar to KF, the prediction step begins with the calculation of %1, and Py as follows.

Rirajk = ARy + Buy, (21)

Py1je = HPy HT + Qy (22)

Subsequently, a priori measurement error (e x11x) and the measurement error covariance matrix (Sy ;1) are

calculated as:

esk+1jk = Zk+1 — HEpapie (23)

Sk+1 = Hk+1Pk+1|kH£+1 + Rytq (24)

At this point, a time-varying smoothing boundary layer ()5, +1) is calculated and utilized to combine SVSF and

KF:
Yyprir1 = (A HPq i H Sidy) ™! (25)
where the bar notation signifies a diagonal matrix (A = diag(A)), and A is obtained by:

A= (leziric] +¥|ezu]) (26)

11
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where y is the convergence rate (0 < y < 1). By comparing the defined 1y p; .1 With a constant smoothing boundary

layer (¥con.), proposed by the designer, the update gain is defined as follows:

. T N1
{If YLkt = Weon: Kirr = H diag[A o sat(Yzan, e i) | (Corrie) 27)
If Yyr k1 < Yeon: Use Kalman gain defined in (18)

where H* is the Pseudoinverse of H, o denotes element-by-element multiplication, and the saturation function is

calculated as:

11 ez,k+1|k/l/)(70ns. =1
Saf(ll’&)ln_. ez,k+1|k) = ez,k+1|k/¢Cons.' -1< ez,k+1|k/¢€0ns. <1 (28)
-1, ez,k+1|k/lpCons. =-1

In fact, when the value of Y, in the standard SVSF gain is larger than the 1y ; 41, €stimation accuracy is decreased
owing to the difference between the constant layer and the upper layer. In this case, Kalman gain should be applied to
achieve a more precise result. However, when the Yy, 41 goes beyond the ¢, , it indicates the existence of
modeling uncertainty (which can result in a loss in estimation accuracy). In this case, the SVSF gain in (27) should be

employed to assure a stable estimate. After choosing the update gain, the updated state estimates (Xj41x+1), State error

covariance matrix (Py41|k+1), and the a posteriori measurement error (€, x41k+1) are defined by:

Tirtjirr = Terrpie + Kir1€zk411k 29
Prsrperr = (= Kipr ) Py 1 e (I = Kiggn )™ + K1 Ries 1 Ky (30)
€z k+1lk+1 = Zk+1 — H£k+1|k+1 (31)

Experiments and results analysis

An experimental test bench has been developed to corroborate the performance of the explained online estimation
methods. Hereunder, the utilized setup is explained first. Subsequently, the considered scenarios and the achieved

outcomes concerning the characteristics estimation are completely discussed.

A. Experimental setup

Fig. 3 demonstrates the developed setup for the purpose of this work. As is seen, a Horizon H-500 FC is utilized to

collect the required data for the estimation process. It is an air-cooled FC equipped with two axial fans to provide

12
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oxygen on the cathode side and control the stack temperature. This FC is self-humidified and works based on a dead-
ended anode (DEA) principle. In this regard, the dry hydrogen is continuously supplied by a hydrogen supply valve
in the anode inlet at a predefined pressure. The flow rate of hydrogen is between 0 and 6.5 [/min, depending on the
requested current from the stack. The voltage of the hydrogen valve (Vi 41e) 18 12 V, and the current of the hydrogen
valve (Iygpe) 18 0.72 A. A manual forward pressure regulator is employed to maintain the partial pressure of hydrogen
between 0.45 and 0.55 bar. A DEA system simplifies the FC balance of plant as a hydrogen recirculation loop (pump,
water separator, and humidifier) will not be needed. Furthermore, during the DEA operation, water backflow in the
anode around the membrane relatively leads to self-humidification. The anode outlet has a hydrogen purging valve to
remove the accumulated water in the catalyst and gas diffusion layers of anode. It also pushes out the nitrogen
dispersed from the cathode across the membrane. This valve is normally closed and conducts a cyclic purging (every
10 s for a duration of 100 ms) while the FC is under operation. An OMEGA flowmeter (FMA-A2309), calibrated for
hydrogen gas, is employed to measure the hydrogen flow. This flowmeter does not require any temperature, pressure,
or square root corrections since it has a capillary thermal technology to determine mass flow accurately. Table 1

provides the specifications of the explained FC system.

o ‘ :

\
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il

H-500 FC

/r T I
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b) Pressure Supply  500W

= H, Flow
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2 DC electronic load |——- Pole
L D T Computer
Hydrogen A — — Analog signal
tank ... |=——Control signal
i |=—Measured signal

__________ usB
rofler i ....connection
B il

‘ Information EMS
| extraction
‘rFC Tre, PFE)meas i
Fr mecs. E:) E> current
C VFC e_|dentification| | e
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i Power curves

Fig. 3. The experimental setup for testing the online estimation methods, a) testbench picture, b) connection diagram and flow chart code.
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310 TABLE I

311 SPECIFICATIONS OF THE HORIZON H-500 PEMFC
PEMEFC technical data

Type Open cathode

Number of cells 24

Hydrogen pressure 0.45-0.55 bar

Cathode pressure 1 bar

Ambient temperature 5°Cto 30°C

Maximum stack temperature 65 °C

Over current shut down 42 A

Hydrogen purity = 99.995% dry Hz

Size 130 mm X 268 mm X 122.5 mm

Cooling Air (integrated cooling fan)
312

313 As demonstrated in Fig. 3b, a National Instrument CompactRIO (NI cRIO-9022) is connected to the FC controller to
314 measure the current, temperature, and voltage signals for the estimation purposes. The ¢cRIO communicates with the
315 PC via an Ethernet connection. LabVIEW software is accessible in the PC. The data transfer between the cRIO and
316 the PC is done with a 10-Hz frequency. An 8514 BK Precision DC Electronic Load is used to draw a load profile from
317 the FC system. Fig. 4 shows the power consumption curve of the cooling fan obtained by measuring its voltage and
318 current in different duty cycles. The fitting parameters in (11) have been extracted from Fig. 4. It should be noted that
319 all the tests in this work have been done under the constant cooling fan duty cycle of 34%. If the FC stack temperature

320  reaches 60°C, the duty cycle will change to 100% to avoid over temperature shut down.

321
24 ¢
5 o
18} 0.001365 Df +0.1139 o
; an
< D, -0.9946 o
c 127 fan
8 o
o o
6 o
o
0.40--9 ‘ | - —
20 40 60 80 100
D, (%)
322 fan
323 Fig. 4. Consumed power by the cooling fan with respect to duty cycle.
324
325 The actual health state of the explained FC installed on the setup is unknown as it has been used in diverse projects.

326 Hence, to illuminate its actual operational characteristics, the experimental polarization, power, and efficiency curves
327 ofthis FC are shown in Fig. 5. These characteristics will be employed as the reference curves to assess the performance

328 of the developed adaptive estimator. The measured voltage/power points have been obtained by drawing constant
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current from the FC system in different levels. It should be noted that the characteristics curves have been extracted
at ambient temperature of 15°C with the humidity level of 60%. According to Fig. 5a, the utilized FC can reach a
maximum power of 582 W at 42 A. The maximum recommended current to be drawn from this FC is 42 A, and the
low voltage shut down is 12 V. The efficiency curve of the FC system in the mentioned ambient conditions is presented
in Fig. 5b. From this figure, this FC has gained a maximum efficiency of 55% at around 143 W considering the
hydrogen lower heating value. The efficiency curve has been obtained using (13) and considering the auxiliary system
power loss explained in (8) to (12). It should be borne in mind that the relation between efficiency and voltage in a
PEMFC depends on whether the system or the stack is considered. From Fig. 5, initially, the FC stack voltage has the
maximum value while the corresponding efficiency of the FC system is zero. However, the relation between the
voltage of the FC system (Vz¢s) and the efficiency of the FC system (nz¢s) is direct, as shown in (13). Fig. 5b also
demonstrates a defined safe operation zone for a FC system which is located between the power corresponding to the
maximum efficiency (Prcs—max—gfy.) and the maximum power of the FC system (Prcs—pmqayx). This zone has been

utilized in several studies for designing an EMS [14, 15, 48, 49]. In fact, operation within this zone leads to the increase

500
400
300 o
[T
o
200
100

0 10 20 30 40

—EED,
:nFCS-Max 55%

: FC Safe Operation Zone

20 1
|
10 IPFCS-Max-Eﬁ. PFCS—MaX
0 o : 9
0 200 400 600
P FCS (W)

Fig. 5. The reference characteristics of the used PEMFC; a) polarization and power curves obtained by measured data (Pgcs_pqx: maximum
power of the FC system), and b) efficiency curve calculated by measured voltage (pcs_pax: maximum efficiency of the FC system) along with
the representation of the FC safe operation zone.
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of the FC lifetime and fuel economy. This is mainly due to the fact that by sticking to this zone, FC system is prevented
from working in open circuit voltage and low-power regions. Moreover, high-power operation zone is only used when
the EMS needs to meet very high-power demand. Therefore, the FC system will operate around its maximum

efficiency point most of the time.

B. Results and discussion

A dynamic current profile, as shown in Fig. 6a, is applied to the FC stack to evaluate the performance of the proposed
combined SVSF-KF for online characteristics estimation of the Horizon FC. This dynamic profile along with its
corresponded voltage and temperature are recorded for comparison purposes. As is seen, the current profile is 620 s,
which leads to 6200 measured data points by having a frequency of 10 Hz for performing the measurement. This
dynamic profile covers the minimum and maximum operating current of the FC stack and can provide a good
excitation to the system for conducting the online estimation. Fig. 6b represents the estimation of FC stack voltage by
KF, and Fig. 6¢ illustrates the same estimation by the proposed SVSF-KF. From these figures, both adaptive filters
are able to estimate the stack voltage with very high accuracy. Fig. 7 compares the estimated output voltage by SVSF-
KF and KF. Fig. 7a demonstrates the parity plot of the estimated stack voltage by each of the techniques. From this
figure, a high density of the estimated voltage points by both techniques is placed on the reference line and dispersed
very close to it. This parity plot justifies the satisfactory performance of the proposed hybrid method (SVSF-KF) in
terms of voltage estimation as it has reached similar and, on some occasions, better results than KF. Fig. 7b also

Vmeasured—Vestimated

indicates the absolute percentage error (APE: | X 100) and the mean absolute percentage error

Vmeasured

(MAPE: %Z?:l Vmeasured)Vestimated ) |) for each of the methods. According to this figure, SVSF-KF has achieved

Vmeasured()

the MAPE of 0.0169 while KF has reached the MAPE of 0.0202. It is worth noting that the estimation mismatch
around 22 V of measured voltage in Fig. 7a, which corresponds to the jump in the beginning of voltage estimation in
Fig. 7b, is due to the initialization of the unknown parameters. This behavior swiftly disappears after the convergence
of the algorithms. Since both estimation techniques have been tested with the same initial unknown model parameters,
they have experienced the same jump in the beginning of estimation process. Overall, it can be said from Fig. 7 that
both estimation methods have a very good level of precision for estimating the voltage. In fact, this is due to the fact

that at each point, they just try to minimize the error between estimated and measured voltage.
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Fig. 6. Online voltage estimation by the utilized adaptive filters; a) applied current the FC stack (solid line in black) and the corresponding measured
stack temperature (solid line in red), b) comparison of measured voltage with the estimated one by KF, ¢) comparison of measured voltage with the

estimated one by SVSF-KF.
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Fig. 7. Comparison of the voltage estimation by the deployed methods; a) Parity plot of voltage estimation by both techniques, b) the achieved
absolute percentage error (APE) and mean absolute percentage error (MAPE) of estimated voltage by KF and SVSF-KF.

However, for the purpose of this work, it is highly important to check whether the updated semi-empirical voltage
model is able to accurately estimate the power and efficiency characteristics in the whole operating range of the FC
stack. In fact, maximum power is normally among the considered constraints of the system and maximum efficient
power is used in the formulation of the cost function in an energy management application. The EMS can be prevented
from malfunction by updating the values of maximum power and efficiency. To this end, the updated model by the

estimation methods have been used to generate the power and estimation curves. Fig. 8 presents the extracted

17



388

389

390

391

392

393

394

395
396

397
398

399

400

401

402

403

404

405

characteristics from the updated model. From this figure, it is observed that the updated model by both adaptive filters
is capable of estimating precise polarization, power, and efficiency curves. These curves have been extracted by using
the obtained parameters at 280 s. To obtain the maximum power and efficiency points at each moment, these two
curves need to be plotted at each instant. Then, the maximum value can be easily detected at each curve. Regarding
the precision of the estimated characteristics in Fig. 8, no specific conclusion can be still made. Since these curves
belong to just one moment, they can change in the next or the previous moment. Therefore, the estimation of maximum

power and efficiency points at each instant should come under scrutiny.

a) oa | O Measured data ' "_0
| KF P> © 1500
29 l = = S\/SF-KF =
(§

Reference Efficiency
Estimated by KF
= = -Estimated by SVSF-KF

0 200 400 600
Prcs (W)

Fig. 8. The estimated characteristics of the PEMFC stack at 280 s; a) polarization and power curves, and b) efficiency curve.

Fig. 9a and Fig. 9b represent the maximum power point tracking and the estimation error by both methods. To obtain
Fig. 9a, the estimated power curve of the FC model has been plotted at each timestep, and the maximum value has
then been extracted from it. This figure illustrates the required time to obtain the targeted characteristics from the
model. The considered reference maximum power is 582 W according to the illustrated experimental power curve in
Fig. 5a. Since the performed test is not very long, this value is not expected to change due to degradation. According
to Fig. 9a, there is a big jump in the beginning of maximum power point estimation leading to considerable error.

SVSF-KF almost converges after around 80 s while KF keeps the jumpy behavior up to around 250 s. From this point
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(250 s) on, both methods almost show similar behavior. This behavior explains the reason for similarity of the
extracted characteristics at 280 s in Fig. 8. From Fig. 9b, the achieved MAPE by SVSF-KF is almost 1.5 % less than
that of KF. It is worth reminding that the APE and MAPE of KF and SVSF-KF have been calculated with respect to

their performance compared to reference maximum power (582 W).
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Fig. 9. Maximum power point tracking during the whole profile; a) estimation of maximum power point at each moment, and b) maximum
power point estimation error considering Ppc_pqx = 582 W as the reference point.

Fig. 10a illustrates the estimation of the maximum efficiency point. Moreover, the estimation error is shown in Fig.
10b. During this estimation process, the error has been calculated with regard to the reference maximum efficiency
(55%). From this figure, it is also observed that there is a big error in the beginning of the estimation process and after
that the error decreases to less than three percent for both methods. Overall, the achieved MAPE by SVSF-KF is
almost 0.6 % less than the one obtained by KF. From Fig. 9 and Fig. 10, it can be stated that the estimation of maximum
power is more challenging than maximum efficiency. This is due to the fact that the changes in the FC power are
much sharper than the efficiency. It should be noted that the big jump in the beginning of voltage, maximum efficiency,
and maximum power estimations is due to the initialization of unknown model parameters, which is the same in both
algorithms. Another worth noting aspect is that if the performance of the algorithms is compared from 250 s to 600 s
(that means after the convergence of KF), it is realized that both techniques lead to almost similar results (Maximum
power estimation: MAPEgr:2.09, MAPEg sp_gr:2, Maximum efficiency estimation: MAPEgp:1.01,
MAPEysp_gr: 1). Assuming a perfectly known model, both algorithms will reach nearly the same results even in a
longer test as SVSF-KF uses the same gain as KF to update the estimates in normal conditions. In uncertain conditions,
ituses its own particular gain which is more robust than Kalman gain. In fact, this is the principal reason for combining

these filters.
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Fig. 10. Maximum efficiency point tracking during the whole profile; a) estimation of maximum efficiency point at each moment, and b)
maximum efficiency point estimation error considering Np¢c_yqx = 55% as the reference point.

Conclusion

Since a FC stack has time-varying maximum power and efficiency points, their online estimate is vital in energy
management of FCHEVs. KF is known as an optimal estimator if all the necessary assumptions, like normal
distribution of all uncertainties, hold. However, these assumptions can be easily violated in a FC stack that is a multi-
physical system. One of the well-established solutions to enhance the estimation robustness in this case is to impose
limits on the targeted parameters. This can be conveniently accomplished by using SVSF that is based on principle of
sliding mode estimation. Thus, this paper puts forward a new estimation method composed of SVSF and KF to
estimate the characteristics of a FC stack online. To this end, a semi-empirical FC model, proposed by Amphlett et
al., is utilized to determine the output voltage of a 500-W FC stack. The parameters of the utilized model are tuned
online by the combined SVSF-KF algorithm. Then, the updated model is employed to extract the power and efficiency
curves of the stack at each moment. The performance of this method is compared with KF, which is an attested method
in the literature. The obtained experimental results, using a developed test bench with a 500-W open cathode Horizon
FC stack, indicate that the combined SVSF-KF has superior performance compared to KF in terms of accuracy in
voltage, maximum power, and maximum efficiency estimation. Regarding the voltage estimation, the MAPE has
decreased from 0.0202 (attained by KF) to 0.0169 (attained by SVSF-KF), marking 16.3 % of error reduction. In case
of power and efficiency, the MAPE values have declined from 5.7845 and 2.8361 (obtained by KF) to 4.2772 and
2.2205 (obtained by SVSF-KF) respectively, indicating 26 % and 21.7 % of improvement in the estimation accuracy.
The presented work in this manuscript provides the basis for designing an adaptive EMS for a FCHEV. In future, the
proposed combined filter should be combined with an EMS to estimate the FC characteristics in real-time. This

integration enhances the efficiency and robustness of the EMS when the FC characteristics go under temporal changes.
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459 Nomenclature

460 APE Absolute percentage error

461 cRIO CompactRIO

462 DEA Dead-ended anode

463 ECM Equivalent circuit model

464  EMS Energy management strategy
465 FC Fuel cell

466 FCHEV Fuel cell hybrid electric vehicles
467 KF Kalman filter

468 MAPE Mean absolute percentage error
469 NI National Instrument

470 PEM Proton exchange membrane
471 QP Quadratic programming

472 RLS Recursive least square

473 RML Recursive maximum likelihood
474 SC Supercapacitor

475 SOC State of charge

476 SVSF Smooth variable structure filter

477 SVSF-KF Combined smooth variable structure and Kalman filters
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478 UAV Unmanned aerial vehicle

479  Symbols

480 T Transpose of a vector
481 A Diagonal matrix of A
482 Co> Oxygen concentration (mol cm™3)

483 Dggn Duty cycle of the fan (%)
484 Enernse  Reversible cell potential (V)
485 HT Pseudoinverse of H

486 Irc PEMFC operating current (A)

487  Iyawe Hydrogen valve current (A)

488  ILnax Maximum current (A)

489 Neen Number of cells

490 P Consumed power by the auxiliary systems (W)
491 Prc FC stack power (W)

492 Prcs Power of the FC system (W)

493 Prcs—max Maximum power of the FC system

494 Py, Energy value of consumed hydrogen (W)
495 Py, Hydrogen partial pressure in anode side (N m~?2)
496 Py, Oxygen partial pressure in the cathode side (N m™~?)

497 Pyaive Consumed power by hydrogen valve (W)

498 Pran Power consumption of the cooling fan (W)

499 Rinternai  Internal resistor (£2)

500 Sk+1 Measurement error covariance matrix
501 Trc Stack temperature (K)
502 Vee Voltage of the PEMFC stack (V)

503 Veen Cell voltage (V)
504 Watve Hydrogen valve voltage (V)
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