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Estimation of Metal Damage Pattern Using Machine Learning
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microstructure observations. Therefore, these estimations 
lead to subjective and unstable results.

Image classif ication methods using machine learning are 
anticipated to effectively solve this problem. It is expected 
only based on the average values of EBSD parameters if the 
strain amount is equivalent. Additionally, there is an absence 
of processes, such as evaluating the distribution of EBSD 

parameters in materials and correlating them with damage 
patterns.

This paper reports the creation of a model to estimate 
damage patterns based on the distribution information of 
EBSD parameters by applying image classif ication methods 
to EBSD images using machine learning. In this study, we 
also analyzed what features in the image the machine learning 
model focuses on to help clarify the damage mechanism.

2.
a  s t r e s s  d w e l l  o f  1 2 0   s  a t  t h e  m a x i m u m  s t r e s s  i n  t h e  f a t i g u e  
t e s t  w a s  i n c l u d e d .  T h e s e  t e s t s  w e r e  i n t e r r u p t e d  w h e n  t h e  
s t r a i n  r e a c h e d  4   %  i n  o r d e r  t o  m a i n t a i n  a n  e q u a l  a m o u n t  o f  
s t r a i n .  T h e  a v e r a g e  s t r a i n  a m o u n t  o b t a i n e d  f r o m  t h e  
e l o n g a t i o n  o f  t h e  t e s t  s p e c i m e n s  a f t e r  t h e  t e r m i n a t i o n  o f  t h e  
t e s t s  w a s  4 . 4 3   %  i n  t h e  c r e e p  t e s t ,  4 . 1 3   %  i n  t h e  c r e e p - f a t i g u e  
t e s t ,  a n d  4 . 2 9   %  i n  t h e  f a t i g u e  t e s t .
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same as those in Tables 3 and 4. Both the Precision and 
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4.	 Conclusion

We applied machine learning using the EBSD images of Ti 
alloy with the aim of identifying damage patterns that are 
difficult to determine by human eye. Different types of 
damage (creep, creep-fatigue, and fatigue) were applied to 
test specimens at room temperature with equivalent strain 
amounts, and then EBSD images were acquired.

We compared four EBSD misorientation analysis methods 
(GROD, KAM, grain boundary KAM, and intragranular 


