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Bulk defects in silicon (Si) wafers are key contributors to solar cell efficiency loss." The
identification and characterization of these defects are critical steps in the process of improving the
efficiency and reliability of solar cells. In this study, we present an application of machine learning (ML)
for extraction of defect parameters from temperature- and injection-dependent lifetime spectroscopy
(TIDLS). A common technique to fit TIDLS measurements data is the defect parameter solution
surface (DPSS) method developed by Rein.2 Based on the Shockley-Read-Hall (SRH) equation,®** the
DPSS method finds the best fit among the combinations of defect parameters: the defect energy level
(E¢) and the electron (0,) and hole (0,) capture cross-sections. Usually, the DPSS approach results in
two possible defect parameter combinations, with one in the upper half of the bandgap and one in the
lower half of the bandgap.

In this study, using the SRH equation, approximately half a million TIDLS curves were
simulated representing a wide range of defect parameters combinations. Random forest (RF)
regressors® are trained on 90% of the dataset (“training dataset”) and evaluated on the remaining 10%
of the dataset (“testing dataset”), using the coefficient of determination R? on the testing dataset as the
scoring method. Since two defect parameters combinations are often obtained with the DPSS
approach, the ML models will be trained independently in each bandgap half for each defect
parameter, resulting in a total of six trained RF models.
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Figure 1. Random forest predicted defect parameters against their true values

The results of the six trainings are presented in Figure 1, where the predicted value from the
RF models are plotted against their true value. The data shown is from the testing dataset and have
previously not be seen by the RF models. The six graphs represent the combination of the three
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defect parameters (E; 0, 0p) and the two bandgap halves (upper, lower). All testing R? score are
above 96%, proving the successful prediction of defect parameters with a ML approach.

Limitations of the models, such as less accurate prediction towards the mid-gap (E: ~ 0 eV) are
also observed in the ML results. Indeed, from the SRH equation, lifetime curves of defect with E; near
the mid-gap have a weaker dependence on E: Therefore, TIDLS data of defects with different E;
appear almost identical in this energy range, making it harder for ML to accurately separate them.
However, it should be noted that this limitation is also true for conventional DPSS method. Another
example of learned limitation is the overall better prediction of o, over its counterpart o,. This
observation can be explained by the fact that the simulation is done on a p-type wafer and, in certain
conditions on the capture cross-section ratio and defect energy level, the TIDLS curves become less
sensitive to g, and therefore are harder to separate. It has been checked that, for a n-type wafer
simulation, the reverse is true and that o, is overall better predicted than o.

This work pioneers the use of ML for lifetime spectroscopy, bringing the newest prowess of ML
to material quality inspection. It opens a new era in the area of defect characterization, as it has the
potential to overcome the limitations of current methods, such as dealing with the temperature
dependence of various electrical parameters and provide new insights in the theory of lifetime
spectroscopy.
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