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Background

* Nuclear magnetic resonance (NMR) is a form of
spectroscopy used to gather information on the
molecular structure of matter

* Nuclel that carry magnetic moments will precess in the
presence of an applied magnetic field

* By exciting such nuclei with radio waves and measuring
voltage induced In a coil as they relax, data regarding
chemical composition can be collected

 NMR has applications in substance and mixture
classification, quantitative analysis, chemical dynamics,
and more

* Develop a non-neural network classifier for jet fuels that
takes as input T2 decay data gathered from NMR
spectroscopy

* Gain an understanding of decay data feature space
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Methodology

* First, gather statistical metrics from decay data to use
as model features

* Perform principal component analysis (PCA) on feature

space

* Project new data by principal components and use
classification tree for inference
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Results

* Model accuracy on test dataset of 15 fuel classes and

30 fuel Instances: 67%

* Adding noise to extend training dataset yielded +40%

accuracy

X2 < -0.3275

Input: Principal Components x1
and x2

True

x2 <-0.1410

x1 < -0.1850

[ 7629

x2 <0.1271
False

[ 10289 ]

x1 <0.5293

True

False

x1 <0.03886

True False

[ 4658 ]

Base Classification Tree Architecture

Future Work

* From decay data, predict not only fuel classes, but

estimate fuel properties using neural network (density,
molecular weight, etc.)
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