Automafed processing of Raman spectral dafa

Mathematical and stafistical fools for qualitative and quantitarive analysis
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Operator Limited Bandwidth Limited Application Driven




1. Pre-processing
2. Multivariate Analysis

3. Data Fusion
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Multivariate Analysis
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Multivariate Analysis

» Black Box

> Output
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Multivariate Analysis

> Black Box > Output

Principal Component Analysis (PCA)
— Parfial Least Squares Regression (PLSR)
Artificial Neural Networks (ANN)
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PCA and PLSR
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Artificial Neural Networks (ANN)
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Anhydrous Mg-Sultate | Anhydrite - Thenardite
— Bassanite - -
Kieserite — Szomolnokite --
Sanderite Gypsum - -~

Mg-sulfate tri-hydrate

Starkeyite - Rozenite -~
Pentahydrate . - -
Hexahydrate = — y

Epsomite -~ Melanterite -~

Glauber’s salt

Meridianiite
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B rc explained variance
— Accumulated explained variance
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Low hydration sulfates

Low hydration mixtures
High hydration mixtures
® Ca sulfates (T)
Mg sulfates (T)
® Fe sulfates (T)
Ma sulfates (T)
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Mulfivariate Analysis Summary

Need to analyze several thousands of variables at the same
time

PCA and PLS calculate principal components
ANNs use non-linear transfer functions
PCA separates low- from high-hydrated sulfates

PLS model outputs presented good correlations to the known
responses

ANN provides the abundance of the corresponding salt (100%
accuracy)
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Sensor 1 Input

Sensor N Input

Data Fusion

Sensor
Data
Fusion

>

Enhanced
Measurement
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DATA FUSION IN PLANETARY LIBS+RAMAN SPECTROSCOPY

A set of 9 binary mixtures of MgSO, and NaSO,

_ollocared LIBS and Raman spectra recorded

ow-level fusion
3 PCA models trained and validated
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FPC1Froportion Correlation =97.1565
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FC1 Hroportion Correlation =93.6705
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Rio Tinto's Mine of the Future™

Nautilus Minerals’s
seafloor mining

Real-time oil analysis

Maptek’s Topodrone-100 UAV

NASA etfc
planetary mining
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