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Abstract

Results

MicroCT Digital Image Processing, Classification and Visualization

To facilitate materials scientists with automated methods
to compare different detection results, we introduce
FibCAM, a convolutional neural network (CNN)-based
method using TensorFlow that allows benchmarking fiber
detection algorithms. Our contribution is three-fold: (a) the
design of a computational framework to compare
automated fiber detection models with curated datasets
through classification; (b) lossless data reduction by
embedding prior knowledge into data-driven models; (c) a
scheme to decompose computation into embarrassingly
parallel processes for future analysis at scale. Our results
show how FibCAM classifies different structures, the
illustration of the material's composition and frequency
distribution of microstructures for improved
interpretability of machine learning models. Our
algorithms probe the specimen content from gigabytesized volumes to highlight inconsistencies between real
structures known a priori and results derived from
automated detections.
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0.0034
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0.9497 ±
0.0091

0.9659 ±
0.0072
0.9117 ±
0.0145

0.9209 ±
0.0041
0.9767 ±
0.0023

Augmented

e.

d.

Table I. Metrics on the classification of fibers.
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Fig II. Multiscale image analysis: (a) Global analysis of CMC specimen and local analysis of fibers; (b) Raw microCT image cross-section; (c) Maximum projection of the specimen over the
z-axis: red indicates high density of material; (d) Raw image masked using data reduction; (e) Segmented fibers and ceramic matrix masked using scheme from (c); (f) 3D rendering of CMC
specimen and photo micrograph of CMC as in [2]; (g) Datasets utilized for the training and testing of convolutional neural network. (h) Photo micrograph of CMC, credit: Composites World
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Fig I. Ceramic Matrix Composites in Jet Turbines.

Parallelization + High Performance Computing

Source: “GE Aviation Hits Farnborough at Full Throttle; $7.5B in R&D Investments
since 2010; Ceramic Matrix Composites and 3D Printing.” Green Car Congress

Process sections of the original microCT volume in
multi-core architectures available at DOE scientific
computing facilities with joblib and dask.

Materials
• Images with
unidirectional fiber beds
are publicly available at
Materials Data Facility
https://materialsdatafacility.org;

• Analysis is focused on 2
image stacks: (a) 2,160
image cross-sections from
raw microCT data; (b)
1,000 image crosssections of segmented
results by the fiber model
in Larson et al. 2018 [1].

More info? Scan code:

Address variability of fiber profiles for the
improvement of accuracy, and elimination of false
negatives in fiber detection models.
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Fig III. Methodology outline and image transformation workflow.
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