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Conclusions

The accuracy achieved is ~94%, which is an
improvement over the 87% accuracy of human-
only classification. However, the model suffers

from low negative predictive value.

» Manufacturing aerospace parts is challenging due to strict tolerances and requirements. Therefore, identifying defects is crucial. We partnered with
Howmet Aerospace to develop a machine learning model to quickly and reliably flag defective engine turbine vanes from x-ray images.

*We modified an open-source image classifier and train it on data provided by Howmet Aerospace.

* It is important to identify defects in the manufacturing process to improve product reliability, reduce cost and enhance safety,
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Pretrained models and architecture such
as VGG and ResNet were utilized along
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Anomalous and normal data are split into training,

validation, and testing set with a ratio of 7:2:1.

Fig 6. Hyperparameter optimization of CNN model Fig 8. Confusion matrix with test dataset
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