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Abstract — Fuel cell (FC) is a promising alternative energy source in a wide range of applications. Due to the
unsatisfactory durability performance, FC has not yet been widely used. Prognostics and health management
(PHM) has been demonstrated to be an effective solution to enhance the FC durability performance by
predicting FC degradation characteristics and adopting health condition based control and maintenance. As
the primary task of PHM, prognostics seeks to estimate the remaining useful life (RUL) of FC as early and
accurately as possible. However, when FC faces dynamic operating conditions, its degradation characteristics
are often hidden in the complex system dynamic behaviors, which makes prognostics challenging. To address
this issue, a hybrid prognostics approach is proposed in this paper. Specifically, the health indicator (HI) of FC
is extracted using a degradation behavior model and sliding-window model identification method.
Subsequently, a symbolic-based long short-term memory networks (LSTM) is used to predict the HI
degradation trend and estimate the RUL. The experimental and simulation results show that the proposed
model is able to describe the dynamic behavior of the FC stack voltage and the extracted HI show a significant
degradation trend. Moreover, HI prediction and RUL estimation performance can be improved by deploying
the proposed symbolic-based LSTM prognostics model. The proposed approach provides a prognostic horizon

approaching 50% of the FC life-cycle, and the average relative accuracy of estimated RUL is close to 90%.

Keywords — Degenerative behavior model; Symbolic-based long short-term memory networks; Proton

exchange membrane fuel cell; Dynamic operating conditions; Prognostic horizon
1 Introduction

Fuel cells (FC) convert chemical energy directly into electrical energy with proven efficiency of 60% to 80% [1,2].
In addition, when hydrogen is used as the FC fuel, zero onboard emissions can be achieved as only water is generated in
FC working processes. Among different FC types, proton exchange membrane fuel cells (PEMFC) is the most widely
used one thanks to its advantages, such as compact system architecture, high power density, relatively low
start-up/running temperatures. These advantages make PEMFC one of the most promising alternatives for internal
combustion engines in transportation applications. In terms of actual commercial applications, PEMFC does dominate.
In 2020, PEMFC shipments exceed 53,600 units and 1,030 MW, which account respectively 65% and nearly 80% of
the global total [3]. However, it cannot be ignored that the durability performance of PEMFC in most applications is



still far from the target values [3-6]. In particular, in transportation applications, FC often has to face complex operating
conditions, which leads to low FC durability. For instance, the durability goal of PEMFC for long-haul trucks is 25,000
hours, but in reality, it is less than half of this goal in most practical cases [3-5].

Among different solutions, prognostics and health management (PHM) aims to improve the remaining useful life
(RUL) of the PEMFC by providing appropriate maintenance recommendations to defer or reduce failures. In other
terms, PHM is able to continuously monitor and detect FC systems, prognosticate the future State of health (SoH), and
draw up timely control decisions to achieve the end of FC mission [17]. As the main task of PHM, prognostics attempts
to estimate the RUL of FC systems as early and accurately as possible. The PHM of PEMFC is divided into three
phases: "Observe", "Analyze", and "Act" [10,18]. Prognostics is the last step of "Analyze", which is based on the
comprehensive analysis of system knowledge and historical data, and it also determines the performance of operational
control and maintenance decisions in "Act". Therefore Prognostics is crucial for PHM.

In general, prognostics focuses on analyzing the characteristics associated with degenerative behavior, namely health
indicators (HI). A common practice for selecting HI under constant load/operating conditions is to utilize the stack
voltage. In fact, as demonstrated in [7-12], the stack voltage is suitable for prognostics of constant load FC. Other than
stack voltage, other variables can be considered as HI in load-varying applications. In [13], Bressel et al. propose to use
the resistance and limiting current as HI and estimate the proposed HI trend using Extended Kalman Filter and static
FC model. The HI extraction and prediction method is demonstrated to be suitable for combined heat and power
applications with slow dynamics.

In 2020 alone, more than 75% of new FC shipments are used for transportation applications [3]. In these application
scenarios, the FC stack voltage is not only affected by FC degradation level, but also dependent on time-varying
operating conditions and highly dynamic loads. Using the stack voltage directly as the HI is no longer effective in the
case. On the other hand, in transportation applications, the dynamic operating conditions and load changes are often
operator-dependent and stochastic. This makes the estimation of the internal parameters, such as resistance, more
complex and complicated. To handle the dynamic operating conditions of an FC in a transportation application, in
[16,17], the authors Jouin et al. discussed the possibility of power and cumulative energy as HI based on the
polarization curves model. However, cumulative energy often carries the nuisance of error accumulation. Lechartier et
al, as in [17], proposed a model based on polarization curves and electrochemical impedance spectroscopy (EIS) for
prognostics and the model owns the ability to restore the behavior of FC. Nevertheless, when deployed in practice, EIS
has to be deployed when the FC is shutdown or operated with constant current for minutes, which will affect its
generalization. In [15], a black-box linear parameter-varying model is used for modeling the FC dynamics, and
extracting the virtual voltage as HI. However, the generalization capability of the proposed method is constrained by
the black-box model. Therefore, extracting HI is fraught with challenges when deploying prognostics for PEMFC
under complex operating conditions and dynamic loads.

Based on an extracted HI series, the process of estimating RUL in prognostics can be classified into three categories:
data-driven, model-driven, and hybrid approaches [6]. Pure model-driven approaches are often accompanied by strong

assumptions specific to FC technical parameters, which affect their generalization ability. Data-driven [7,8,11,12,14]



and hybrid approaches [9,10,14,16,17,29] have been receiving more attention. In the data-driven prognostics category,
long and short-term memory networks (LSTM), in deep-learning framework, possess powerful time series prediction
capabilities, and the PEMFC prognostics based on the LSTM framework have received much attention in recent years
[7,8,12]. However, the raw LSTM, called Vanilla-LSTM, strongly relies on the historical data (training set) and the
precise prediction of the data beyond the training data range is considered as a hard task [19]. This leads to its inability
to predict the degradation trend of HI in the long term.

The paper aims at proposing a hybrid prognostics approach to overcome the above issues. Specifically, to extract the
HI in dynamic and complex operating conditions, a modified FC polarization curve function is built. Based on the
function, HI can then be extracted with sliding-window model identification technique. Following that, to mitigate the
challenge of reliable long-term prediction and improve the performance of the LSTM-based prognostics, a symbolic
representation-based LSTM is developed to predict the HI evolution trend and realize RUL estimation. The proposed
hybrid prognostics approach is validated using actual FC aging experimental data acquired in dynamic operating
conditions.

To summarize, the contributions of this paper are twofold:

e An HI extraction method based on modified polarization function is proposed to extract reliable HI in
dynamic operating conditions.
e A symbolic representation-based LSTM prognostics method is proposed to improve the HI long-term
prediction and RUL evaluation performance.
The rest of the paper is organized as follows. The hybrid approach, including the HI extraction method and prognostics
method, is presented in Section 2 The aging experiment setting and experimental data are described in Section 3 The
evaluation results, including the HI extraction and prognostics, are reported in Section 4 Section 5 concludes the
paper.
2 Symbolic-based hybrid prognostics approach

2.1  FC degradation behavior model

The factors affecting FC stack degradation are complex and are coupled with operating conditions [20]. The
polarization curve is often used to characterize FC steady-state performance and thus can be used for quantifying FC
degradation level. However, the FC voltage dynamic behaviors cannot be treated properly in classic polarization
function. In the paper, a modified polarization function is proposed to overcome this shortcoming and make the
polarization curve suitable for the use in dynamic operating conditions. In polarization function, FC stack voltage is

expressed as [21]

Estack = "Veeu = Eocv — Eact = Eonm — Etrans (1)
where Eg;qc 1S the stack voltage, E, ., is the stack open-circuit voltage (OCV), n is the number of cells integrated in
the stack, and V,; is the voltage of a single cell. Three main types of voltage losses affect OCV during FC operation,
namely, Activation Losses (E,.:), Ohmic Losses (E,pm), and Mass Transport or Concentration Losses (Ergns)-

Equations (2)-(4) quantify specifically the three voltage losses mentioned above.
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In equations (2)-(4),

R is Molar gas constant (8.3145 J/mol/K);

F is Faraday constant (96485 C/mol);

a is the charge transfer coefficient;

T is the stack thermodynamic temperature (K);

i is the stack current density (A/cm?);

i10ss is the crossover current density (A/cm?);

iy is the exchange current density (A/cm’);

Tine 18 the stack equivalent internal area-specific resistance (Qcm®);
B is a concentration constant (V);

i), is limiting current density (A/cm?).
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Fig. 1. The ohmic overpotential of FC, (a) correlation between various internal resistance and voltage loss; (b) equivalent circuit of internal resistance.

The internal resistance can be further decomposed into three parts, as

Tint =Te t1i+1. =19+ 1, &)
where 7, is the electrode resistance as shown in Fig. 1 (a), the electrode resistance comes from the electrode material;

1; is the ionic resistance comes from the proton exchange membrane; 1 is the equivalent static resistance, which
consists of 7, and r; combined; 7, is the contact resistance, which is caused mainly by the gap existing between the
exchange membrane and the electrode when they are affixed. The layer of charge on or near the electrode—membrane
interface is a store of electrical charge and energy, and as such behaves like an electrical capacitor [21]. One way of
modeling this is by using an equivalent circuit, with the charge double layer represented by an electrical capacitor (C.).
Fig. 1 (b) shows the equivalent circuit of the resistance within the FC.

According to Kirchhoff's law and Ohm's law, the circuit in Fig. 1 (b) can be represented as

thm = Toi + EC

dE
e = ot ()
E. = rc(i - ic)



where E, and i, are the voltage and current density of the contact capacitor C,, respectively. We can further obtain

dth

di
Tm =(ry+71)i+ rorCCCa (7)

The Laplace transform of equation (7) yields equation (8), which is further organized to obtain equation (9), and the

thm + TCCC

individual variables are calculated by equation (10).

thm(s)[l + (rcCc)S] = I(S)[(T'O + rc) + (rOTcCc)S] (8)
_ thm(s) _ (rOrcCc)S + (TO + rc) _biS + D2
G = = mCs+1  pestil ©)
To = P1/P3
rC :fz - pl/p3 (10)
Tint = P2

Cc =p3/lp2 — (p1/p3)]

where G(s) is the system transfer function, E,p,, (s) is the output voltage, I(s) is the input current density, s is the
complex variable, and p,, p,, and p5 are the system parameters to be estimated. So far, the degradation behavior model
is formed by equations (1)-(5) and (10) together. In this model, R and F are known constants; T, i and E;qqp are
inputs; and the remaining parameters are outputs. In the outputs, E,., and i;,ss are identified as constants, and the
others will be candidate HI.

Remark: The equivalent circuit above, especially the contact capacitor, is considered to be a comprehensive

equivalent for the dynamic physical processes of the fuel cell.

2.2 Sliding-window health indicator extraction
To achieve FC prognostics, a sliding-window health indicator extraction method is proposed. The method can be

divided into three steps: sliding window procedure, parameter identification and HI selection.
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Fig. 2. Sliding-window HI extraction procedure, (a) historical data sliding-window separation; (b) parameters identification and HI selection.

As in Fig. 2(a), historical data are separated into N segments by sliding a data window. The window size L,, and
single sliding length L are set according to the characteristics of the input historical data. The performance degradation
level is considered to be unvaried in a data segment [20,21]. The window size can be set to the hourly level. Meanwhile
the sliding length can be set to a positive value smaller than the window size. For each data segment, the
Levenberg-Marquardt algorithm [27] and the simplified refined instrumental variable method for continuous-time
systems (SRIVC) [28] are used to identify the parameters. Specially, E,.,, and i;,¢s are identified within first segment.

Then, the segments and the identified E,,, and i;,4¢ are sequentially fed to the behavior model to identify the other



parameters. Finally, HI is selected by degradation characteristics analyzing. Typically, the appropriate HI exhibits

significant trends and physicochemical interpretability.

2.3 Symbolic-based LSTM

The classic LSTM trained on historical time series data has limitations, such as high sensitivity to hyperparameters
and the inability to break the numerical scale in the prediction stage [19]. LSTM based on symbolic representation can
effectively cope with the above issues. By dimensionality reduction of time series, linear trends are extracted and
maintained while accelerating the LSTM training.

2.3.1 Symbolic-based time series conversion

The time series conversion method used in this paper, called adaptive Brownian bridge-based aggregation (ABBA),
allows the representation and reconstruction of a time series. ABBA uses increments in time and value coordinates to
capture data trends in time series without preprocessing [22]. The implementation of the representation consists of two
stages: compression and digitization.

The core of compression is to divide the M-dimensional time series X = (x1, X5, "+, Xy) € RM into n segments
Q = (Q1,0Q4,:*,Q;,) € R™. Then the compression is achieved by approximating X with straight polygonal chain. To
do this, ABBA selects n 4+ 1 breakpoints (fil =X <X, < <X, = xM) in X. The i,, is the time index
corresponding to the m-th (m = 1,2,---,n + 1) breakpoint. So the j-th (j = 1,2,::-,n) segment can be written as
Q; = ()?ij,)?ijﬂ, ---,)?l-j N 1). In this segment, time direction increment and numerical direction increment are len; =

lj+1 — ij and in¢; = J?ijﬂ - J?l-]. respectively. Further, the squared Euclidean distance of the values in Q; from the

polygonal chain is bounded by (lenj - 1) - tol?, as

ljt1 o
i—i;
=~ . . ] _ . L . 2
E X, + ing lon, x; < (len; — 1) - tol (11)
i=ij actual

linear approximation  value

From the inequation, the compression rate which is represented by len; can be regulated by setting the tolerance
parameter tol. Usually, this value ranges from 0.05 to 0.5 and a large tol indicates a coarser compression process [22].

Subsequently, the appropriate time and value increments form a tuple D; = (lenj, incj). Thus, the time series X is
represented by n-dimensional tuples-set D as

X = (x1,%,+,xy) = D = [(leny, incy), (leny, incy), -+, (len,, inc,)]  (12)
Before implementing digitization, each tuple needs to be standardized and scaled. Specifically, the scaling factors wy,,

and w;, are introduced, which represent the length and incremental weights, respectively. Both can take values

between 0 and 1 and satisfy w;en, + @ine = 1. The scaled set of tuples D can be calculated by

— len, incy len, inc, len, incy,
D — w — Wi P w — W; [— “es w —W; . (13)
len o »Winc ’ len »Winc i i len o » Winc o

len inc len Oinc len inc

where 0y, and gy, are the standard deviation of the segment lengths and the segment increments, respectively.

The first step of digitization is to further assign D to k clusters S = (S, S5, -+, S)) by minimizing the within-cluster

sum of squares (WCSS)



WCSS = arg mlnz Z |D; — Mz|| (14)

D€ES
L =1D,es;

where, the arg min,cg f(x) represent arguments x for which f(x) attains its smallest value. The ||:||?> denotes the
Euclidean norm, and g, is the center of the I-th (I = 1,2,--, k) cluster S;. Further, as in equation (15), k letter symbols
can be used to represent each cluster separately. In practical deployments, the value of k can be specified manually, as

will be discussed in detail in the subsequent numerical example.

5 = S — (51’52'...’51() = (a, b, C’-..) (15)
k symbols

The second step of the digitization is to use the letters in S to replace the tuples in the corresponding clusters in D so

that a string A can be obtained:

D=A=(a,aq,,a,) (16)
where a; € S. So far ABBA converts an M-dimensional time series into an n-letter one. The digitalized data maintains
meaningful information in the original time series and is more lightweight, which is beneficial for the rapid deployment
of a neural network in the following step. On the other hand, in contrast to the representation, the reconstruction means
that ABBA converts symbolic string back to a time series. Reconstruction can be considered as the inverse process of
representation and applies a similar mathematical approach [22].

A numerical example is shown in Fig. 3, using ABBA to represent a historical HI time series. tol = 0.1 is set in the
compression phase and ABBA divides the time series into 21 segments. Subsequently, W;ep, = Wiy = 0.5, i.e., the
segment lengths and segment increments are weighted equally. Two clusters (k = 2) are used in Fig. 3 (a), and the
obtained symbols are represented as "abbbbbbbbbbbbbbabbbbb". Then, three clusters (k = 3) are used in Fig. 3 (b),
and the obtained symbols are represented as "cdedededdedededcdeded". Fig. 3 (c) shows the process of ABBA

implementation when k = 3, where the generated training set is used for the neural network described in subsection
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Fig. 3. Symbolic representation of the time series,
(a) setting to k=2 (2 symbols), the time series representation is "abbbbbbbbbbbbbbabbbbb";
(b) setting to k=3 (3 symbols), the time series representation is "cdedededdedededcdeded";
(c) the implementation of ABBA at k = 3.



2.3.2 ABBA-LSTM

The LSTM is a modified recurrent neural network (RNN) that effectively solves the gradient vanishing and gradient
exploding issues of RNN [23,24]. The subtlety of the LSTM is that it can assist in maintaining and updating the activity
of neurons through an intrinsic chain of state transfers. As in the left part of Fig. 4, in the hidden unit of a Vanilla-LSTM
(raw LSTM), there exist input gate (i, € R™), forget gate (f; € R"), and output gate (0, € R") consisting of a sigmoid
function (o), in addition to an internal state unit (¢, € R") consisting of tanh function. These can be deployed by
equations (17)-(20), where h denotes the number of hidden units in an LSTM layer. The output vector (h, € R") and
the unit state (c; € R"), which are continuously passed between each hidden unit, are represented by equations (21)
and (22), respectively. It is with the collaboration of h; and c; that a special chain is formed between the individual

hidden units. The mathematical realization of a LSTM unit can be summarized as

fe = o(Wpx +Uphe_q + by) (17)
iy = o(Wix¢+Uihe—q + by) (18)
o = o(Wox¢+Ushi—1 + by) (19)
¢; = tanh(W x;+U hi_1 + b.) (20)
e =frocr1+ired (21)

ht = o, o tanh(c;) (22)

where x, € R¥ represents the k-dimensional input, and We, Wi, Wy, W, € R"*¥ represent the weight matrices of the
forget gate, the input gate, the output gate and the internal state unit, respectively. Ur, U;, U,, U, € R™k represent the
recurrent connection matrices in the forget gate, the input gate, the output gate and the internal state unit, respectively.
The operator o represents the Hadamard product of the elements.

However, Vanilla-LSTM trained based on the historical values of the data can hardly predict results beyond the value
range of training set [ 19]. This constrains the direct use of Vanilla-LSTM for some specific applications, especially for
prognostics where the predicted data are supposed to be in different value interval from the training data. Using time
series incremental information in the ABBA symbolic representation facilitates data evolution trend capture, which
promisingly gives ABBA-LSTM the ability to predict beyond the value range limits of the original training in

prognostics.

e T
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Fig. 4. The typical ABBA-LSTM structure.



The structure of ABBA-LSTM is shown in Fig. 4, which contains five layers: one input layer, two LSTM layers, one

fully connected layer and one output layer. Speciﬁcally, the ABBA-LSTM input is an n-row k-column Boolean matrix

———————————

,,,,,,,,,,,

number of digitized symbols (number of clusters). The j-th (j € (1, 2,...,n)) segment can be represented as a
k-dimensional Boolean row vector (lel, Bja, -, B]-,k). In this row vector, there is only one element corresponding to
the segment symbol a;, set as B;; = 1, (l €(,2,..., k)) and the rest of the elements are set to 0. Subsequently, the
input will pass through two LSTM layers, each containing 50 hidden units. Following the LSTM layers is a fully
connected layer containing k plain neurons (with the equivalent function f(x) = x). Finally, a softmax layer outputs a
q-row k-column probability matrix, where q is the number of predicted time steps. The highest probability in each row
of the probability matrix is selected and its corresponding symbol is used as the output, and a string (bl, by, -+, bq) can

be obtained as the prediction result. This prediction result, as final output, will be converted into a time series by the

ABBA reconstruction.

2.4  Hybrid prognostics approach
The hybrid prognostic approach combining the HI extraction and the ABBA-LSTM prognostic model is shown in
Fig. 5.
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sliding window model identification procedure. Thanks to the low preprocessing requirements of the ABBA-LSTM
model, the historical HI time series can be fed directly to the model as input, as in Fig. 5 (a).In this work, to cope with
the model uncertainty, multiple ABBA-LSTM models are constructed by setting n random initial weight matrices.
Once the models are properly trained, ABBA-LSTM models can realize one-step or few-step ahead prediction. The
long-term HI prediction is achieved by iterating the prediction procedure using the last-step prediction result as input.
The predicted trends are further used to estimate the RULSs, as in Fig. 5 (b). The prognostic starting point corresponds to

the time t,,. Given a failure threshold for HI, its intersection time with each predicted trend is the predicted end-of-life
(EOL). The estimated RUL at t,is calculated as

RUL; = EOL; — t, (23)
where the subscript i denotes the index of (i = 1,2,...,n). The n RULs further constitute the prediction distribution.
The highest peak of the distribution (not the mean) is chosen as the final RUL.



3  FC aging experiments under dynamic operating conditions

An FC stack with an open cathode and dead-end anode structure is focused on and used to test the proposed
prognostics approach. The FC is designed with self-humidifying capability. The specific technical parameters are
summarized in Table 1. The stack is integrated with a 24V DC fan for oxygen supply and cooling. The stack operating
temperature is controlled by regulating the air fan and the reference varies with temperature as

Topt = 2.50741 + 30.3585 (24)

where T,y is the temperature control reference and [ is the operating current [15].

Table 1 Aging Experiment Operating Condition

FC type Open cathode/Dead-end anode
Active surface 33.63 cm?
Nominal pressure at hydrogen inlet 1.35 bar
Nominal pressure at oxygen inlet normal atmospheric pressure
Number of cells 15
Nominal output power 73.5W
Operating temperature corresponding to current
Maximum temperature 75°C
Maximum current 1345 A
Lowest permitted stack voltage 75V

This aging experiment lasted 1486 hours, and the vast majority of the load current densities are below 0.4 A/cm’, as
in Fig. 6. When the FC is operated at a small current density, it suffers from little concentration loss [21]. Therefore, we
assume that the concentration loss is combined with the linear ohmic resistance losses at low current density conditions.

Further, the degradation behavior model in this case is simplified to

RT i+ i0ss .
Estack = Eocv — a0F1n< i ) — Tintl (25)

More details about aging experiment data can be found in [15].
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3.1 FC cyclical dynamics

The aging experiments aimed to restore the dynamic operating conditions of FC in a hybrid electric vehicle (HEV).
In the application, the FC stack coupled to lithium-ion batteries and functions as a range extender. Specifically, once
the battery state of charge (SOC) drops to a preset threshold, the FC is activated to charge the battery with constant
current. When the battery SOC reaches at the targeted level, the charging process is paused, and the FC system is kept
as a standby. In this work, a programmable electronic load is used to realize the above mentioned cyclic
start-up-standby process as Fig. 7. The operating current decreases from 8A to 0A for about 1 second, as in Fig. 7 (a).
Correspondingly, the voltage rise process lasts about 170 seconds, as in Fig. 7 (b). On the other hand, it takes about 30
seconds to raise the operating current from OA to 8A, and the corresponding voltage drop process takes about 170
seconds. It is noteworthy that the figure shows the early stage of the FC stack aging experiment. As the aging
experiment progresses, the operating voltage response time is slightly extended. The overshoot phenomena exhibited
by the operating voltage during current transitions can be simulated and equated by a capacitor-like dynamic element as

mentioned in Section 2.
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Fig. 7. Cyclical dynamics of the load: (a) operating current; (b) operating voltage.

3.2 Long-term evolution of operating conditions

In the aging experiment, the FC even has to cope with the long-term evolution of operating conditions. It is important

conditions comes from the coupled influence of multi-scale factors. In other words, this long-term evolution reverts to
a certain extent to the HEV diverse environmental effects. The Fig. 8 shows the long-term evolution of the voltage (e.g.,
(a), (b)) and current (e.g., (¢), (d)) in the FC aging experiment. First, in order to better describe the long-term evolution
of the operating conditions that occurred in this aging experiment, four characteristic time points were set: 122 h (|1]),

511h([2]),702h([3]),and 168 h (|4]). The locations where the polarization curve tests were performed are marked
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in Fig. 8 (¢), which corresponds to the anomalies that appear every approximately 168 hours in the operational behavior.

The aging experimental process is then divided into four phases:

Phase (1), as in Fig. 8(d), is from hour 0 to point . The FC stack gradually reaches the optimal working condition

after the first start, influenced by the internal catalyst activity and other factors.

Phase (2), from point[1]to point[2]. At the beginning of the 2nd test (hour 168.5), a peripheral fault occurred,
represented by point [4], which caused a sudden drop in the stack voltage but did not cause a FC shutdown. After the
4th polarization test, an abnormal FC shutdown occurred at point .

Phase (3), points [2] to [3]. During the 5th polarization test, the abnormal FC shutdown shown at point [3] occurred.

Phase (4), the remaining part after point . During this phase, the FC effective operating current remained

essentially 8 A. After point , the stack was restarted and the incomplete 5th polarization test was repeated at hour 721.
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Fig. 8. Evolution of operating conditions, (a) operating voltage; (b) operating voltage in detail; (c)
operating current; (b) operating current in detail;

It is worth noting that all the three stack serious faults (points [2], , and [4]) occurred while the polarization test was

———————

,,,,,,,

the 2nd-9th polarization curve tests require the consideration of eight different currents between 0 and 10A. This means
that the operating conditions of the stack during the polarization test are more complex and prone to induce faults. In
addition, the effect of ambient temperature should not be ignored. During the aging experiments between 0 hours and
point , occasional laboratory air conditioning system faults triggered ambient temperature fluctuations. The
stack-integrated DC fan regulated the temperature while also changing the oxygen supply to the cathode, which in turn
affected the operating behavior of the stack. After the FC restart at point , the laboratory ambient temperature
remained constant and the operating current became smooth thereafter. Correspondingly, the operating voltage after

point | 3| also shows a smoother reduction behavior.

12



4  Performance assessment and results analysis

4.1  Assessment metric

In order to fully and appropriately evaluate the proposed approach, the performance of the degenerate behavior
model and the RUL estimation are validated separately in this paper. Specifically, considering that the degenerate
behavior model output is identified stack voltage, the relative accuracy (RAp;) achieved when extracting HI is

evaluated by

|Estack - Eestl

RAy, = <1 - ) X 100% (26)

Vstack
where E,, is the identified stack voltage.

On the other hand, the performance of RUL estimation is evaluated from 3 aspects. The first is the prognostic horizon
(PH) [17,26]. In simple terms, PH will be given an acceptable error zone (AEZpy). By setting the upper and lower
boundaries parallel to the actual RUL, the AEZpy is defined as the enclosing region formed by the upper and lower
boundaries together with the two coordinate axes, as

RUL —a~ X EOL < AEZpy < RUL + a* X EOL (27)
where EOL is the actual end of life. @~ and a* are accuracy modifiers that restrict the lower and upper bounds of
AEZpy, respectively, which in turn affect the tolerance of PH. For the FC prognostic, when the estimated RUL is
biased, the result smaller than the actual RUL is usually more acceptable. On the contrary, when the estimated RUL is
larger, it tends to lead maintenance plan lag, even the fatal failure early occurrence. In view of this, different upper and
lower bounds are set, i.e., a7 = 0.1 and @~ = 0.2, respectively. If an estimated RUL can fall into AEZpy, the
prognostic is considered reliable. When there is a breakpoint after which all estimated RULSs are guaranteed to fall into
AEZpy. Then this point is defined as the starting time point Py, and at this time PH can be calculated by
PH = EOL — P, (28)
It is important to note that PH appears to be relatively lenient and it is a minimal evaluation metric. In general, for a
prognostic approach, a longer PH means better performance. On the contrary, approaches that do not meet the PH
metrics are not worth adopting.

Similar to AEZpy, a more stringent acceptable error zone (AEZ,._)) is introduced. Parameter 4, called window
modifier is used to describe the position of the fatal failure in the PH [26]. In this paper, 4 is considered to be set to 1,
i.e., the fatal failure occurs at the EOL. AEZ,_; can be calculated by

(1—a”)XRUL<AEZ,; <(1—a*)xRUL (29)
The reliability of the prognostic approach can be further assessed by examining how well the estimated RUL falls into
AEZ, 3, which namely a-A performance.

Finally, in order to quantitatively assess the accuracy of the estimated RUL, the relative accuracy (RAgyy) is also

introduced, similar to RAy;, and can be calculated by

|IRUL — RUL |
RUL

RApyL = <1 - ) X 100% (30)

where RUL,g; is the estimated RUL.
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4.2  Performance of the degeneration behavior model

The first step in deploying the hybrid prognostic approach is the sliding-window HI extraction. Specifically, the
window size and sliding length are set to 2 hours. Sliding split is performed on historical data lasting 1486 hours, and
parameters are identified in each window.

The polarization curves fitted by the degradation behavior model are shown in Fig. 9 (a), and the fitted results match
well with the experimental data. The 2nd test was affected by a peripheral device fault (point [4]) and presented very
different results from the other tests. The remaining 8 tests showed an extremely strong correlation with ohmic
overpotential. Among them, the 1st, 3rd and 4th polarization curves show an increasing trend, which is very interesting
and comes from the change in operating conditions and the influence of ambient temperature mentioned in section 3
The 4th-6th polarization curves almost overlap, which is due to the effect of fault points [2]|and , and in fact, a
reversible performance improvement occurred when the FC is restarted after experiencing a shutdown. The 6th-9th

polarization curves show a steady trend of degradation (decline).

0.16

14+ *  tstexp. 4th exp. Tth exp. |-
K 1st fitting 4th fitting Tth fitting 3
*  2nd exp. 5th exp. 8thexp. | 2 01 . . . q
2nd fitting 5th fitting 8th fitting g 5 . L N . *
* 3rdexp. Bthexp. * Othexp. || g E :
fitting fittin, h fittin \ £ P 3
*\T\\\ 3rd fitting 6th fitting 9th fitting g 0.05 . . pnbagn oo
E Mr 3 7 v
© o - . |
g10r 1 [} 500 1000 1500
o
S oL M ,
X 9 .
8 108 4F . 7
@ s 1 3o
106 8%, i
, f 5% -
10.4
g E, /"’M.‘ b da ™ 4
o z. D ooy
6102 B g2 W s ot
o £ I -
< o1F .
10 w o f
S 014 0145 015 0.155 0.16 7
| ! i | | 0

500 1000 1500
Operating time [h]

=)

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4
Current Density [Ncmz]

(@) (b)
Fig. 9. Polarization test and activation losses parameters identification, (a) the 1st-9th polarization curves fitting; (b) charge transfer coefficient and
exchange current density.

The parameter identification procedure first determined the E, ., and i;,¢s as in Table 2. Subsequently, as in Fig. 9

(b), the identified activation losses parameters a, and i, show significant changes at points [1],[2], and , and

become stabilize after 702 hours. This indicates that these two parameters are sensitive to the operation changes of FC.

Table 2 Model Parameters Identification

Parameter Value (or range) Unit Note
13.37 Vv
E"C” ) Identified in first window
lioss 1 mA/cm
0.004 to 0.13 -
%o 0 , Fig. 9 (b)
Iy 0.6to 4 mA/cm
7o -7to 14 Qcm? Fig. 10 (a)
T, -1.2t08 Qcm’ Fig. 10 (b)
Tine (HI) -3.5t012.5 Qem’ Fig. 10 (c)
C. 0to 34 mF/cm? Fig. 10 (d)

The identified Ohmic Losses parameters are shown in Fig. 10 and Table 2. Among them, 7, and C, are relatively

stable in the first half, while in the second half there are monotonic-like variations. Meanwhile 1, and 7;,,; show a clear
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upward trend, and the ry,; represents whole stack being selected as HI. It is worth noting that some extracted
resistances show negative values, which occur mainly before the 6th polarization test, especially between points | 1| and
. This corresponds to the previous analysis of the activation losses parameters « and i, indicating that the internal
resistance values are also sensitive to the operating condition changes. Even so, the extracted HI still provides trend

features sufficient for prognostic purposes. Further, in Fig. 10 (e), by comparing with the stack power.
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Fig. 10. Ohmic Losses parameters identification, (a) ionic and electrode resistance; (b) contact resistance; (c) health indicator (equivalent internal
resistance); (d) equivalent capacitance. (e) Indication of dynamic operating conditions and faults via HL.

The extracted HI not only shows changes in operating conditions, but also indicates faults of the stack. Specifically,
when there are significant breaks or gouges in the HI, such as points [1], [2], and , it means that a change in operating
conditions or a serious fault/shutdown has occurred at that time. When the HI shows a short term (about tens of hours)
bump followed by a return to the original trend of change, this indicates a recoverable stack fault.

Remark: The faults indicated by HI refer to abnormal behaviors of the fuel cell system, such as abnormal operation,

peripheral device fault, abnormal shutdown, recoverable fault, etc.
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Fig. 11. Performance of the degradation behavior model: (a) identification of the stack voltage; (b) relative accuracy of the identification results.
Moreover, by bringing the above identified parameters into equation (25), the identified stack voltage E,;; can be
obtained. Then the degradation behavior model is quantitatively evaluated using equation (26). Fig. 11 (a) shows the
identification results of the stack voltage for all 1486 hours, with a zoom-in display of the results from hour 1219 to

hour 1231. The results show that the model output voltage can identify the cyclical dynamic load changes and the
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operating condition long-term evolutions well. The proposed model can capture the voltage overshoot behavior in
transition periods. Further, the model identification performance can be described quantitatively using RAg;. As in Fig.
11 (b), RAy; is higher than 90% for almost all data points except for few outliers. In fact, the average RAy; calculated
over all 1486 hours is 99.33%. It is worth mentioning that the sampling rate of the aging experimental data is 1 Hz,

which means that the above average accuracy comes from millions of data.

4.3  Performance of RUL estimation

The second step in deploying the hybrid prognostic approach is the RUL estimation. As shown in Fig. 12 (a),
considering the particularly unusual trend change in HI at point , the first 122 hours HI should be ignored. A
breakpoint is set every 74 hours (5% of the total duration), and totally 10 breakpoints are set from hour 594 to hour

1262. The proposed hybrid prognostic approach is implemented at each breakpoint separately.
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Fig. 12. Deployment of RUL estimation, (a) HI without outliers and breakpoints setting; (b) at hour 742, predicted degradation trends by ABBA-LSTM,;

() at hour 742, predicted degradation trends by Vanilla-LSTM.

Specifically, the main parameters involved in ABBA are set as follows: tol = 0.09, k = 3, w;en, = Wine = 0.5. For
the LSTM part, a random initial weight matrix to construct 20 different models, the learning rate is fixed at 0.001, the
maximum epoch is set to 100000, two LSTM layers and each contains 50 hidden units. Using the Adam optimizer [25],
the training is automatically stopped when the training results reach the optimum. Intel® Xeon® E3-1230 v3 processor
at 3.3GHz, 16 GB memory, Python 3.7.9, Keras version 2.3.1, and Tensorflow version 1.14.0 backend are respectively
the hardware and software platforms. For comparison, Fig. 12 (b) and (c) show the prediction performance of
ABBA-LSTM compared with Vanilla-LSTM with the same LSTM configuration at the hour 742 breakpoint. It is seen
that the prediction results of Vanilla-LSTM hardly exceed the historical value range. In contrast, the features
represented by ABBA effectively reduce the anomalous fluctuations while maintaining the degradation trend.
Additionally, thanks to the symbolic-based representation, the training computing burden can be reduced. In our case,
ABBA-LSTM takes 667.96 seconds while Vanilla-LSTM takes 768.43 seconds.

In assessing the performance of the estimated RUL, the PH was first verified. As in Fig. 13 (a), the light pink zone
represents the AEZpy. When the estimated RUL falls into this zone, it is considered a largely plausible result. Starting
from hour 668, all subsequent results fall into AEZpp;. The actual EOL is 1356 hours, and the PH can be calculated as
688 hours. Next, the light blue zone in Fig. 13 (a) represents AEZ,,_;, which is used to match with the estimated RUL in
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the PH interval. The results show that the estimated RUL is well matched, and only two outliers appear at hour 742 and

hour 1262, as in Fig. 13 (b). Specifically, at hour 742, it is due to the abnormal shutdown of point . And at hour 1262,

it is due to a recoverable fault near hour 1225. The average RAgy;, in the PH interval is subsequently calculated as

88.62% using equation (30).
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Fig. 13. RUL assessing: (a) prognostic horizon and a-A performance; (b) relative accuracy.

Further, as in Fig. 14, the proposed method was compared with the autoregressive integrated moving average model

(ARIMA) and echo state network (ESN). In the comparison experiments, the input data of all three remain consistent

with the previous, as in Fig. 12 (a). The comparative results show that the proposed method can provide longer PH.

Within the respective PH interval, the proposed method achieves higher RAgy;, and fits the AEZ,_; more closely. This

also indicates that the proposed method has a credible long-term prognostic capability despite the lack of data

pre-processing.
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Fig. 14. Prognostic comparative results: (a) prognostic horizon and a-A performance; (b) relative accuracy.

5

Conclusion

In this paper, a hybrid prognostic approach is proposed for estimating the RUL of PEMFC. A degradation behavior

model is constructed and the HI associated with FC degradation is extracted through it. The degradation trend of HI is

subsequently predicted with the help of ABBA-LSTM and RUL is estimated. The prognostic approach is evaluated
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using data from the FC aging experiment, and its performance can be summarized as follows.

o The proposed degradation model has the ability to identify the stack voltage dynamic behavior, and the
average relative accuracy of the identification results reaches more than 99%.

e The HI extracted by the proposed model shows a clear degradation trend. Also, the HI has the ability to
indicate different types of faults.

e The ABBA-LSTM is capable of capturing the trend information of HI and the prediction of the data in
different data range can be achieved.

e The proposed approach provides a prognostic horizon approaching 50% of the FC life-cycle, and the average

relative accuracy of estimated RUL is close to 90%.

The proposed approach has the ability to provide prognostic results with a wide horizon and high confidence,

allowing more ample time for maintenance plan developments. However, it cannot be neglected that the degradation

behavior hidden in FC systems is complex and difficult to be fully extracted. In the future work, efforts will be made to

study FC intrinsic degradation phenomena at multiple scales.
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