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Motivation
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The nuclear microprobe allows the creation of 2D elemental distribution maps from regions of

interest defined in the multiple spectra recorded during the experiment, such as RBS, PIXE,

STIM, etc.

2D elemental distribution maps (530 × 530 μm2) from PIXE spectra for the elements present 

in a CIGS absorber layer (Cu, In, Ga, and Se)

2D maps (530 × 530 μm2) from EBS spectra (900 keV proton beam)
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3D elemental distribution maps ???

https://pubs.acs.org/servlet/linkout?suffix=s0&dbid=16384&doi=10.1021/acs.jpcc.1c02731&type=refOpenUrl&url=http%3A%2F%2Fsfx.b-on.pt%3A9003%2Fsfxlcl3%3Fid%3Ddoi%3A10.1021%252Facs.jpcc.1c02731%26sid%3Dliteratum%253Aachs%26genre%3Darticle%26aulast%3DCorregidor%26date%3D2021%26atitle%3DIn-Depth%2BInhomogeneities%2Bin%2BCIGS%2BSolar%2BCells%253A%2BIdentifying%2BRegions%2Bfor%2BPerformance%2BLimitations%2Bby%2BPIXE%2Band%2BEBS%26jtitle%3DThe%2BJournal%2Bof%2BPhysical%2BChemistry%2BC%26title%3DThe%2BJournal%2Bof%2BPhysical%2BChemistry%2BC%26volume%3D125%26issue%3D29%26spage%3D16155%26epage%3D16165%26issn%3D1932-7447
https://pubs.acs.org/toc/jpccck/125/29


State of the Art  
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State of the Art, MORIA 

5



State of the Art, MORIA
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State of the Art, Artificial Neural Networks
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- N.P. Barradas and A. Vieira are pioneers in use Neural Networks to classify RBS spectra.

Just one of the multiple publications…



State of the Art, Artificial Neural Networks
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- Also in the IBA&PIXE-SIMS 2021 conference, the use and efficacy of Neural Networks were also discussed. ...

In both cases, again, only RBS data were considered.
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Results: Thermophotovoltaic GaSb cell 
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TPV cell: 2 x 2 mm2

The front grid metallization: 
finger width: ~ 10 mm
Evaporation of: 5 nm Cr/ 25nm Au/ 60 nm Ni/ 1 mm Au

2D elemental maps, 130x130 mm2 from RBS and PIXE spectra recorded during 6 hours.

3D map for Au?

Au-L Sb-L Ga-K Ni-K Cr-KAu-RBS

Max.Min.



Artificial Neural Networks and nuclear microprobe
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Although the overall RBS spectra (the sum of all pixel spectra) may show good counting statistics, when each pixel is 

considered individually, the corresponding single spectra usually have rather poor counting statistics. 

Sum of 2 pixels RBS and PIXE spectra

Run time: 6 hours

Sum of 256x256 RBS and PIXE spectra

256x256=65 536 spectra



Artificial Neural Networks and nuclear microprobe
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To increase the statistic of the spectra, the raw data should be pre-processed. The data were 4x4 compressed.   

Sum of 4x4 pixels RBS spectra

Sum of 4x4 pixels PIXE spectra

64x64=4 096 spectra



Results: Thermophotovoltaic GaSb cell 
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TPV cell: 2 x 2 mm2
The front grid metallization: 
finger width: ~ 10 um
Evaporation of: 5 nm Cr/ 25nm Au/ 60 nm Ni/ 1 um Au

Au-L Sb-L Ga-K Ni-K Cr-KAu-RBS

2D elemental maps, 130x130 mm2 from RBS and PIXE spectra, 4x4 compressed.

Max.Min.



Artificial Neural Networks and nuclear microprobe
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Typically, data from each area scanned by a nuclear microprobe is acquired as a 256 x 256 x n pixel matrix, each pixel 

containing n of the IBA spectra recorded during the experiment. 

Neural networks

Input data: simulated RBS spectra (WiNDF) + noise; Real PIXE spectra (5) + noise (thousands)

Output data: Au thickness of the Au layer and Ni+Cr distribution.

Hidden layers, number of input data….. Parameters to be adjusted. 



Artificial Neural Networks: PIXE input data
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input data: 
5 real PIXE spectra, which are 
“representative”, add noise to 
generate thousands of PIXE 
spectra to train the networks

Output data: 
Qualitative 2D maps for Cr and 
Ni distribution



Artificial Neural Networks: 2D maps using PIXE spectra
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Ni-K Cr-K

Max.

Min.

The neural networks are able to reproduce 2D elemental maps  
and, in some cases, provide better visualization, as in the case of 
Cr distribution.

Ni-K Cr-K
Using OMDAQ sotware

130x130 mm2



Artificial Neural Networks: RBS input data
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input data: 
10 simulated RBS spectra, 
which consider different gold 
thickness values, add noise to 
generate thousands of RBS 
spectra to train the networks

Output data: 
Quantitative 3D maps for Au 
distribution

Noise

Noise



Artificial Neural Networks: 3D map using RBS spectra
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Output data: 
Quantitative 3D maps for Au 
distributionMax.

Min.



Artificial Neural Networks: 3D map using PIXE and RBS spectra
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Cr + Ni distribution

130x130 mm2

Front grid metallization: 
finger width: ~ 10 mm
Evaporation of: Cr/ Au/ Ni/ Au



Future, next work 
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- Explore methods to create artificial PIXE spectra to avoid using real PIXE spectra for training 
the networks. All ideas are welcome! 

- Compress the RBS and PIXE spectra to increase statistics.  

- Try Convolutional Neural Networks (which are ideal to classify images) to analyse the spectra

- Reduce the time needed to obtain the experimental data (hours) 

- Consider that each case may require a dedicated neural network

- It is possible to have a general neural network? 
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