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___________________________________________________________________________  

Abstract 

 This paper focuses on the determination of parameters for the lifetime 

evaluation of new power modules composed of SiC power MOSFETs for 600V, 

90A applications. Power modules are so far lab-scale samples on which failure 

analyses and ageing have not been covered. Based on literature, a test plan has 

been established to trigger expected failure modes. Using temperature-sensitive-

electrical parameters and other electrical potential precursors, it is expected to 

identify signatures of failures that can be used for on-line lifetime evaluation. 

Paper details the expected failure mechanisms and their potential precursors, the 

experimental setup of accelerated test, the selection of relevant parameters and 

their use for lifetime evaluation. 

___________________________________________________________________________  

I.  Introduction 

The assessment of power electronics component reliability is established as being a priority in 

many industrial fields. Reliability is mostly analysed based on accelerated stress cycles [2]. 

However, a large volume of data must be obtained in various conditions to assert a relevant 

evaluation of lifetime during normal operation. To obtain relevant data in a shorter time, some 

studies propose to embed an on-line condition monitoring [2]. This approach is the field of 

hardware developments with respect to sensors but mainly dedicated to one particular main 

failure [3]. Studies close to our issue  focus on module interconnections failure modes and their 

precursors [6], or are dedicated to the die health state thanks to temperature-sensitive-electrical 

parameters (TSEPs) or compact thermal models [5, 10]. Conceptually, condition monitoring 

may be obtained from combination of three issues [8]: firstly, the temperature cycling is 

evaluated generally with a rain flow algorithm [9], secondly, some damage accumulation is 

computed from models [4], and thirdly, the remaining lifetime is deduced from a combining 

algorithm [7]. However, in the case of power modules with new geometries, new fabrication 

process and materials or immature power devices like SiC MOSFETs, a different approach 

must be considered. A preliminary analysis is necessary to define the predictors of failure 

modes, the way to get information about them and prove that a signature is available for a future 

lifetime evaluation. 
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II. Failure mechanisms in 2D power modules 

 

The studied power module, pictured in Fig. 1, is 

composed of 1200V-25mΩ SiC MOSFETs. The 

interconnections are assumed by bus bars, which are 

sintered to the die metallization.  By the way, no wire 

bond is required for interconnections in this module 

technology. As the wire bond cracking and lift-off are 

typical failure mechanisms observed in power modules 

[8], we have focused the study on the other expected 

failure modes relevant in our technology. The main 

weakness of the SiC MOSFET die concerns its Gate driver. The Gate terminal is composed of 

an insulated part called Gate oxide, which is very thin in SiC technology for technical reasons, 

and which can present a dielectric breakdown under thermal and electrical constrains. As the 

SiC MOSFET die presents a high-power density, the interconnections are exposed to wide 

temperature swings and can present cracks or metallization reconstruction. 

 

 A literature review has allowed establishing links between stress, failure mechanism 

progress and indicators drift. These links have led to a test plan based on an accelerated test, 

which is designed to trigger Gate oxide and interconnections failure, while measuring on-line 

50 parameters in order to qualify the failure mechanism in progress. 

III. Ageing accelerated tests 
 

To trigger the expected 

failure mechanisms, a 

Power Active Cycling 

(PAC) test bench has 

been designed (Fig.2) 

 During the test duration, 

the power module 

undergoes thousands of 

1s heating phase 

followed by 4s cooling 

phase. The die self-

heating during DC 

current conduction 

produces the heating 

phase. The die turn-Off 

and a cooling system 

assume the cooling 

phase. The temperature 

swing is imposed between 40°C and a maximum limit which varies according to stress profiles 

between 110°C to 150°C.  It is an ageing accelerated test that can trigger both die and 

interconnections failure mechanisms. It has been instrumented to perform two characterizations 

on-line: a TSEP evaluation and a double pulse test. The TSEP evaluation lays on a specific 

procedure including a calibration phase. The chosen TSEP is the Drain current for a low Gate 

voltage (near the threshold one). Temperature is evaluated three times during cooling phase and 

Figure 1:  2D-module geometry 

Figure 2: Power active cycling test bench 
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electrical parameters (Gate voltage, Drain 

current) are recorded. The double pulse 

characterization allows the recording of many 

dynamics parameters described in Fig.3. 

Overall, 50 parameters are recorded during all 

the module lifespan. The next part will detail 

the parameters analysis to construct a relevant 

failure signature from all these parameters. 

IV. Parameters selection 
 

The test campaign has produced a large 

database constituted of 50 parameters recorded 

every 3 minutes during all the lifespan of 7 

modules. Each module present a lifespan 

between 20,000 and 176,000 cycles of stress. 

To harmonize the database, a sampling 

operation has been led to obtain the 50 

parameters drift in percentage of lifetime. The 

aim is to select the more relevant parameters to 

compose a failure signature that is 

representative of the module state of health 

along the module lifespan.  

 

The first step of selection consists in 

determining a monotonous evolution of a 

parameter drift according to ageing. For that, 

we have explored two correlation coefficients: 

the Pearson and Spearman types. The Pearson 

correlation tries to establish a linear relation 

between two signals. This condition is quite 

strength and not adapted to parameters drift in 

power modules which are rarely linear as 

shown in Fig.4.  

 

The Spearman correlation lays on a 

research of a monotonous behavior by 

studying the ranks of each value of the two 

compared signals: the normalized parameter 

noted x and the ageing in percentage noted y. 

Equation (1) is used to qualify the monotonous 

behavior of parameters.   

Figure 3: Parameters extracted from double 

pulse test  

Figure 4: RdsON drift during the modules 

lifespan 
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𝜌𝑆 =

6 ∑ (𝑟𝑔(𝑋𝑖) − 𝑟𝑔(𝑌𝑖))
2𝑛

𝑖=1

𝑛(𝑛2−)
 (1) 

Where 𝑟𝑔(𝑋𝑖) − 𝑟𝑔(𝑌𝑖) is the difference between the ranks of the two signals for each point 

(measurement). n is the number of points. The coefficient is included between -1 and 1. When 

|𝜌𝑆| is near to 0, signals are not correlated and when |𝜌𝑆| is near to 1 the signals are completely 

correlated. We have decided to keep the parameters that show a Spearman coefficient higher 

than 0.8.  

 After this operation 20 parameters where still candidates to compose a failure signature. 

This number is too high for two reasons: it requires too many measurements on a running 

system; it is not easy to manipulate signatures with large dimensions. To reduce the number of 

candidates, we have decided to keep only the signals, which carry the most information as 

possible. To achieve that, we have calculated the Shannon entropy coefficient, noted H(X), of 

the 20 parameters. The coefficient is defined by equation 2 and is not capped, if it is near to 0, 

le signal contains no information, and the higher is the coefficient the more informative is the 

signal. 

 
H(X) = ∑ 𝑃𝑖 . 𝑙𝑜𝑔2(𝑃𝑖)

𝑛

𝑖=1
 (1) 

Where X is the studied signal and 𝑃𝑖 is the probability to meet the ith class of the signal. To realize 

this calculation, the signal is beforehand divided in classes corresponding of several values taken by the 

signal. 10 classes have been created on parameters signals to obtain a typical value by decile of lifetime. 

Entropy coefficients calculated for the 20 parameters and the 8 modules were included between 1.5 and 

3.2. We have decided to keep the 10 best: Die temperature (3.2), IDrain x VGate (3), Drain current (3), Gate 

voltage rise time (2.7), Meant time of the Miller plateau (2.3), On-state resistance (3), On-state voltage 

(3.1), Instantaneous power (3), Mean voltage of the Miller plateau (2.9), Slope of the Miller Plateau (3). 

 

V. Signature extraction and diagnosis model 

 

The selected parameters composes the failure signature. They are representative of the die and 

the interconnections failure mechanisms in progress in the module. They present monotonous 

evolution according to ageing and a sufficient level of information. To create a prognosis 

method on future power module in systems, we have first to realize a learning phase of 

diagnosis on the tested modules in order to implement a model. 

As a first approach, we have decided to construct 4 classes. For 6 modules, we have 

extracted values as shown in Fig.3. By the way, we are able to determine if an extracted 

signature is nearer a percentage of lifespan or another one.  

Figure 3: Classes construction from the 10 selected parameters 



ELTEE 2018  5 

 

   

 

These learning signatures have been used to construct a model based on a neural 

network of 10 layers (one for each parameter), which classifies the signature in the four 

determined classes. The model have been tested on data from the last available module (which 

was not used for the learning phase), and the results are encouraging since the model has 

classified signatures in the right class in 95% of cases.  

VI. Conclusion: towards remaining useful lifetime (RUL) prognosis 
 

The neural network model established thanks to the learning phase allows attributing a signature 

from an unknown module in the determined four classes. If the signature correspond to another 

time than 0%, 30%, 60% or 100% of the lifespan, the model can give a class belonging 

percentage. For example, if we extract a signature which is, in reality around 50% of lifetime, 

the model will give that the signature can belong to the class 2 at 40% and to the class 3 at 60%. 

An algorithm based on fuzzy logic have been thought to estimate the more probable class by 

studying a series of signatures in an interval of time and not only one. If the series of point give 

the same trend of attribution, an approximation of the remaining useful lifetime will be given. 

This idea has been tested on the seventh module but not implemented in an algorithm. A lack 

of time and available module has not allowed exploring this track further. 

 

This work presents an experimental approach to lifetime evaluation. The method 

requires no physical model and is well adapted to new technologies of modules. The stress 

profiles chosen here are inspired from literature and can be adjusted according to the different 

applications of the tested power modules. The method can rapidly give results on a new system 

without a complete knowledge on the physical interactions. 
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