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1. Power Electronics Prognostics in Context 2. Key Challenges in Power Electronics
e Power electronic modules fail gradually due to constraints caused by tempera- e Real-life loading profiles are complex, with variability in magnitude AT and
ture variation. durations t,, and ¢,¢.

e Bondwire degradation induced bv self heating is a prevalent cause of failure.
5 Y 5Eap * Failure under realistic conditions is slow, which limits experiments (slow evo-

e Experimental assessment consists of cyclical injections of a current [ to the lution of Ve, for AT = 30°C).

module, causing a temperature swing of AT for a duration ¢,,, and relaxing it

for a duration ¢ . e Conventional approaches are limited by sparse data, restrictive assumptions,

and computational inefficiency.
e Health state is monitored by measuring the voltage V... A relative increase

AV,. beyond a threshold (=~ 5%) indicates failure.
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3. Modeling Degradation 4. Surrogates for Simulations 5. Forecasts with Incomplete Runs
e Recurrent approach which infers damage in- * Frequent numerical simulations are required, e BED-Time: a time series forecasting model
crements caused by each loading cycle, thus drastically increasing computational time. which accounts for warping : a realization fy,
accounting for variability. Data-driven metamodels are used as a faster parametrized by 6, is a non-linear transformation
alternative. in time gy, (Wwarping) of a reference h : fy,(t) =
. , Failure criterion :
Initial observation : ] ‘ ) h(991 (t)).
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the new estimated damage using gaussian process regression

Fstimate damage evolution Calculate descriptive mechanical

using probability sampling quantities caused by the loading cycle

e Damage is inferred using a probability density

function P(dl.|M) giving the probability that a ° Tree-b.ased .Ir}odels are strong. candid.ates due
degradation 4/, occurs under a given observation to their decision-based regression, while K-NN . , , , oo
M defined by the module’s state (current models offer competitive performance both * A time series matching algorithm (Dynamic Time
degradation) and a set of mechanical quantities statistically and computationally. Waljping) IS us.ed to finql optimal matfzhing. .The
describing the effect of the loading cycle. optimal warping path is modeled using a time-
, _ y | | inhomogeneous Markov chain (transition matrix
D M (1)),

AT :90°C, Trin :55°C, ton: 3, tosr: 6 Scatter plot of numerically simulated observations in 2D
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o e Active learning is utilized to optimize the choice
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Active learning example : which image is more important to label?

Transition matrix modeling the warping path inside the DTW
cost matrix

Highest uncertainty : [EEEEENSSSSS

most important to

Normalized contact legnth variation : 6/c/lp
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e This approach handles in-distribution predictions - . BED-time improves on the baseline.
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