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Primary Ion Beam:            
Ga+, In +, SF5

+, Au2
+, Au3

+ etc.        
(10-25 KeV)

Substrate 0 – 25Å

Neutrals. 
Secondary Ions. 

Electrons.

Mass 
Analysis 
of Ions

Static ToF-SIMS: A Chemical Microscope

Note: 4 eV corresponds to ~ 92 kcal/mol



Samples Analyzed by ToF-
SIMS:

Coal.
black thunder
Ill#6
cjr012
gat034
gat035
gbj010
glj005
gpb062
hgb011
hna015
jig014
jig017
pct010p
pct012
rbl014
rll012
rll014

Biomass.
grainscreening
sawdust
sugarbeet pulp
sheanut shells
straw
sunflower shells



Examples of ToF-SIMS Spectra of 
Biomass and Coal.
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Note ion yield effects:
Low ion yield from 
elemental carbon, high 
ion yields from 
inorganics.



Why Use Multivariate 
Statistics?

Quantitative Analysis
Reduce Size of Huge Data Sets

Keep important information
Remove User Bias
Efficiently Use the Data
Chemical Signatures are Multivariate



Multivariate Analysis 
Reducing the Dimensionality of a Problem

Rotate the axes to create a new 
coordinate system: x

y

x'

y'



Positive Ion SIMS for Medical Grade Lycra Spandex.
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It should be possible to reduce the dimensionality of SIMS data 
because many peaks can originate from one molecule and so 
they should co-vary in the data set.



Principal Components Analysis

Rotate the coordinate system.
The first principal component 
(eigenvector) is the axis that 
accounts for the most variation 
in the data.
The second principal 
component is the axis that 
accounts for the next largest 
amount of variation in the data, 
and so forth. PC2 ⊥PC1.
Scores = Projections of the 
new data on the principal 
components (new axes).
Loadings = Contribution of old 
variables to new variables.
One can work with many 
variables/axes (a hyperspace).

PC2
PC1y

x

 

 



Data Preprocessing.
Select 80 regions              
(from 1-100 amu).
Bin data.
Row scale the data.
Allows spectra taken under 
different conditions to be 
compared.
Emphasizes large peaks.
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PCA: Variance Captured by 
Row Scaling Alone.
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2 15.03 89.46
3 8.42 97.88
4 1.54 99.42

Note poor separation.

None of the PC’s (alone) separate 
biomass from coal (very well).



Data Preprocessing: Standardization.

Take the row scaled data.
Mean Center.
Divide by the Standard Deviation.
Puts variables on equal footing.
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PCA: Variance Captured by Row Scaling, 
(Mean Centering), and Standardization.
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PC1 Separates Coal from Biomass.
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PC2 Separates Coal and Biomass 
individually (but not from each other).
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PC3 and PC4 Separate biomass (and coal) 
individually (but not from each other).
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Cluster Analysis Separates Coal and Biomass
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Improved Preprocessing.
Mass Excesses and Mass Deficits.
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Data Preprocessing: Improved Binning.
The difference between organic and inorganic components 
in coal and biomass is a significant source of variation in 
the data.
Separate data into organic and inorganic components.
Increase the number of peaks from 80 to 165.
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PCA: Row Scaling, Standardization, Binning the 
Inorganic and Organic Regions of each Mass.
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It takes 16 PC’s to capture 99% 
of the variance in the data.

PC Var. Tot. Var.
1 42.27 42.27
2 20.76 63.03
3 14.67 77.70
4 6.59 84.29



PC1 Separates Coal from Biomass. 
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PC2 Separates Coal and Biomass 
Individually.
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PC3 and PC4 Separate biomass (and coal) 
individually (but not from each other).
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Cluster Analysis Separates Coal and Biomass
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LHV Predicted using 2 component PLS model 
of auto scaled SIMS data (80 peaks)
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PLS regression coefficients
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%N Predicted using 3 component PLS 
model of auto scaled SIMS data (80 peaks)

The regression coefficients show a strong weighting for NH4
+  and for even 

mass peaks typical for nitrogen containing organic ions
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Conclusions

ToF-SIMS of coal and biomass can be performed.
Multivariate analyses show that the spectra of coal 
and biomass are distinctly different.
More chemical information is extracted from the data 
by standardization than by row scaling alone.
Principal Components Analysis and Cluster Analysis 
help build the case for ToF-SIMS as a useful tool for 
fuel analysis.
Future work: continue PLS (partial least squares) on 
the data to predict coal and biomass properties from 
ToF-SIMS data.


