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PEM fuel cell : :
Irreversible losses affecting component voltage
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Modeling approach

Three main approaches for aging modeling

\

/Model-based\ Data-driven I
methods methods i I

!

!

/

* Propose statistical / machine learning methods,

‘@ * Integrating knowledge from physical models,

* Predict the future performance of a fuel cell.




Characterization of fuel cell (FC) aging
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Polarization curve

= Provides information on the fuel cell's static behavior.

» Under stable operating conditions (temperature, pressure, humidity, ..
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Electrochemical impedance spectroscopy

» Provides information on the dynamic behavior of the FC, around an operating point.

= Application of low-amplitude sinusoidal current disturbances with frequency variation.

Ohmic resistance r,p;,

Imaginary part

W\ﬂ_ » Real part

§ 51 < 10% IDC

time

Nyquist diagram




Description of the aging campaign

* Polarization curve V(l)

* Electrochemical
impedance

spectroscopy (SIE)
& )
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Model

RT1 <j+jn

Ucet(j) = Eren (P, T) — >ap 1 7o ) = Taiff XJj — Tonm() X J

= Parameters j,, j, and ;s vary over time.

= Ohmic resistance r,;,,(j) depend on the current and is sensitive to operating conditions.

» These can only be estimated at chararcterization phase

?  How to estimate them under load profile ?

L

@
—

« How to predict their future values ?

i
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Measurements
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» The forget gate:

+ The input gate:
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Modeling of the ohmic resistance

Random Forests
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Distribution of errors according to learning time
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Estimation and prediction of state variables
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Future performance prediction
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Future performance prediction
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Prédiction des performances futures
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Distribution of residuals for different learning time (y axis)

Test set
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« Satisfactory order of magnitude: a few tens of millivolts on average.
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Conclusion

Proposal of a hybrid approach for predicting the future performance of a fuel cell.

* Modeling of the ohmic resistance by Random Forests.

« Estimation of the internal parameters of the physical model using a Kalman filter.
« Learning the variation of internal parameters using LSTM.

» Overall satisfactory results.

» Test adaptive filtering algorithms.

» Developing an LSTM (or other types of RNN) with physical constraints during training.
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@ Initialisation

Prédiction

1. Prédiction de 'état suivant & aide de
la fonction de transition d'état ;

O 1 = fulBi)

2. Lin¢ariser fi antour de Pestimation de
I'¢tat actucl pour obtenir la matrice jaco-
bicnne Fj.

3. Pridiction de la matrice de covariance :

Py = FiPe 1 B+ Qx

U, = h(@k, Tighm) + Vi,

—j}

. L
N RT . (j+Jn N T
h(gka Tohm) — E'PB’U o n -k o Tohm(j) X J]— T diff X7
200 F 76
Orr1 = Fpbp + £ + Wi,
Mise & jour/Correction exp (—koAt) 0 0
1. Lin¢ariser hy autour de lestimation de Fj = 0 1 0 ’
I'6tat mis & jour pour obtenir la matrice 0 0 exp (kaAt)
jacobicnne Hg.
2. Calenl du gain de Kalman K ¢
Kk = Py 1 Hi, (Hx Py 1 H{ + Ry)™ k
. — 6h(9k7 Tohm)
3. Mise a jour de 'estimation de 'état ot k — 69
de la matrice de covariance : k
, A ) L RT . RT
Ok = Ogjk—1 + Kie(Yi — he(Bgpe 1, k) | 2aF 2aF (j+37;)
Fe = (I~ KeHy) Py
ot I est la matrice d'identitd,

Ficure 2.28  Etapes du filtre de Kalman étendu (EKF),
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