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5.1.2. Power cycling test setup

Figure 5. Schematic of power cycling test

Figure 5 draws a schematic for the power cycling test done
in Siemens. The test bench is covering two devices that are
electrically powered by a load current Iload which is switched
periodically with time intervals ton and toff between both de-
vices. During power cycling the temperature of the semicon-
ductors is measured by the temperature-dependent forward
voltage using a small measurement current Imeas. Before
power cycling the forward voltage is calibrated at different
temperatures up to 90◦ C. During power cycling all relevant
electrical parameters VDS , Iload, and thermal parameters Tj

are monitored continuously.

5.1.3. Test conditions

Test Parameter Group 1 Group 2 Group 3
Temperature Swing

∆Tj (K) 110.2 90.0 89.0
Temperature Maximum

Tj,max (◦C) 167.7 155.0 147.7
Load Current
Iload (A) 9.9 8.7 15

Switch Time
ton/toff (s) 9 / 9 9 / 9 3 / 3

Table 1. Test conditions for three groups of devices

In the power cycling tests, six SiC-Schottky diodes were
tested. They were partitioned into three groups, each with
two devices. The test conditions for the three groups are
listed in Table 1. Note that the three groups have different
test conditions with relatively large differences in ∆Tj , Iload,
or ton/toff .

5.1.4. The data set

Figure 6 depicts the original forward voltage series for the
six devices. The forward voltage is increasing continuously
because of gradually accumulating bond wire fatigue which
is increasing the electrical resistance. Because of increased
electrical resistance, electrical losses and therefore chip tem-
peratures increase which additionally leads to higher forward
voltages. Solder fatigue leading to higher thermal resistance

Figure 6. Forward voltage drop series up to failure.

Figure 7. Preprocessed forward voltage drop series and their
integral mean for the six devices.

can speed up those mechanisms. Only during a short period
of time at the beginning of the power cycling experiments,
the temperature is decreasing because of decreasing thermal
resistance of the thermal interface material due to alignment
by thermo-mechanical impact.

After removing outliers coming from incorrect measurements
and replacing data from the warm-up period with stable val-
ues, the Vf signals and their IM signals are illustrated in Fig-
ure 7. These signals are then normalized to the range [0, 1]
and ready for RNN modeling and inference.

5.2. Experimental results

Case Train dev. Test dev. Case Train dev. Test dev.

1 2, 3, 4, 5, 6 1 4 5, 6, 1, 2, 3 4
2 3, 4, 5, 6, 1 2 5 6, 1, 2, 3, 4 5
3 4, 5, 6, 1, 2 3 6 1, 2, 3, 4, 5 6

Table 2. Split the dataset for cross-validation

We conducted RUL estimation by k-fold cross-validation,
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i.e., training with k − 1 devices and testing with one device.
As we have six devices (k = 6), we have six cases shown
in Table 2. The intention is to evaluate the model’s out-of-
sample generalization performance.

5.2.1. Overall performance

The training and testing MSE results of 6 cases are shown
in Figure 8. All models were trained with 100 epochs when
their training MSE stabilized.

(a) Training MSE

(b) Testing MSE

Figure 8. Training and testing MSE comparison of three RNN
models for six cases plus Average of the six cases.

• In training, RNN(Vstatistic) has the best performance
over the 3 models in all cases except Case 2, and it has
the lowest loss on average as well. RNN(IM ) has the
second lowest loss in all cases and it is approximately
1.58 times larger than the loss of RNN(Vstatistic) but
2.13 times smaller than that of RNN(Vf ) on average.

• In testing, by contrast, RNN(Vstatistic) has a signifi-
cantly higher loss than the other two models in all cases
as well as on average. However, RNN(IM ) has the best
test performance over all cases. On average, its loss is
2.21 times smaller than that of RNN(Vf ) and 6.31 times
smaller than that of RNN(Vstatistic).

The results show that the RNN(IM ) model performs well in
training and can generalize the best in testing.

5.2.2. Performance illustration

To give insights on the overall performance improvement, we
visualize details for RUL estimation of Case 1. Figure 9 com-

pares the model training performance for all 5 train devices
and 1 test device.

Figure 9. Training and testing performance illustration of the
3 RNN models for Case 1.

5.2.3. Epoch-wise performance monitoring

(a) Vf Case 1 (b) Vf Case 2

(c) Vstatistics Case 1 (d) Vstatistics Case 2

(e) IM Case 1 (f) IM Case 2

Figure 10. Training and testing MSE over training epochs for
three RNN models in Case 1 and Case 2.

Figure 10 depicts the three models’ training and testing MSE
with respect to training epochs in Case 1 and Case 2. The
testing loss is normally higher than the training loss, except
in Case 1 where the RNN(IM ) has a lower testing loss. We
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can observe that, even though RNN(Vstatistic) has the small-
est training MSE, it does not overfit in the normal sense of
training MSE decreasing but testing MSE increasing. Rather
its training performance stabilizes after a certain epoch but
its testing performance fluctuates, like the other two mod-
els. Compared with the other two models in testing, our
RNN(IM ) always has a lower loss. This indicates that the
model using the IM feature can generalize better throughout
different devices under different test conditions.

6. CONCLUSION

We have proposed a new feature, integral mean of precur-
sor signal, to conduct RUL estimation of discrete power elec-
tronic devices. This feature intends to capture the accumu-
lated damage of the device because the average damage ac-
cumulation can be mathematically expressed as an integral
mean operation. With the same RNN structure for RUL es-
timation, we have compared this feature to a state-of-the-art
counterpart using time-domain statistical features. Our exper-
iments show that it can largely improve the model generaliza-
tion performance due to the nature of integral mean capturing
the damage accumulation, which is less dependent on specific
testing conditions. In the future, we will use the integral mean
feature of the precursor signal to study other failure modes of
discrete power electronic devices.
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