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(sometimes dramatically) on both the energy of an incoming electron and on the initial and final 

vibrational state of the molecule and it is in general larger for LCP approximation than for NRM. 

Furthermore, all practically used approximations for nuclear dynamics provide only resonant 

contribution to the cross sections, but for the vibrational excitation and especially for elastic cross 

sections there can be significant "background" contribution which is not usually taken into account. 

 

LOW-ENERGY ELECTRON SCATTERING DATA FOR CHEMICAL PLASMA 

TREATMENT OF BIOMASS 

MARCO A. P. LIMA 

Departamento de Eletrônica Quântica, Instituto de Física da Unicamp, Brazil 

Replacing fossil fuels with biofuels from renewable sources is an important goal for reducing 

greenhouse gas emissions. Many countries are already using few percent of ethanol in the gasoline 

and few of them, with more aggressive programs, have developed flex fuel engines that can run with 

any mixture of gasoline and ethanol. An important point is how to produce ethanol in a sustainable 

way and with which technology? Biomass is a good candidate since it has cellulose and hemicellulose 

as source of sugars. In order to liberate these sugars for fermentation, it is important to learn how to 

separate the main components. Chemical routes (acid treatment) and biological routes (enzymatic 

hydrolysis) are combined and used for these purposes. Atmospheric plasmas can be useful for 

attacking the biomass in a controlled manner and low-energy electrons may have an important role in 

the process. Recently we have been studying the interaction of electrons with lignin subunits (phenol, 

guaiacol, p-coumaryl alcohol), cellulose components, β-D-glucose and cellobiose (β(1 - 4) linked 

glucose dimer) and hemicellulose components (β-D-xylose). We also obtained results for the amylose 

subunits α-D-glucose and maltose (α(1 - 4) linked glucose dimer). Altogether, the resonance spectra 

of lignin, cellulose and hemicellulose components establish a physical–chemical basis for electron-

induced biomass pretreatment that could be applied to biofuel production. In my talk I will give a 

progress report on this matter. We will also discuss microsolvation effects on the electron-phenol 

scattering process and present our strategy to study molecular dissociation through electronic 

excitation of low energy triplet states.  

 

EVALUATION PROCEDURES OF RANDOM UNCERTAINTIES IN THEORETICAL 

CALCULATIONS OF CROSS SECTIONS AND RATE COEFFICIENTS  

V. KOKOOULINE AND W. RICHARDSON 

Department of Physics, University of Central Florida, Orlando, FL, USA 

Uncertainties in theoretical calculations may include: 

 Systematic uncertainty: Due to applicability limits of the chosen model.  

 Random: Within a model, uncertainties of model parameters result in uncertainties of final 

results (such as cross sections). 

 If uncertainties of experimental and theoretical data are known, for the purpose of data 

evaluation (to produce recommended data), one should combine two data sets to produce the 

best guess data with the smallest possible uncertainty. 

1. Evaluation of uncertainties within a chosen model 

If there are not that many parameters, one can simply vary them within a reasonable interval and see 

the effect of the variation on the final results (cross sections). It is a sort of sensitivity test. There are 

two systematic approaches: Least squares methods and Monte-Carlo methods 
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Least-squares method 

Given two sets of data with uncertainties on the same grid of energies (Ei, i=1,2,..), the best guess 

(evaluated) cross section σi
rec

  is obtained by minimizing the following function  
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Uncertainty ∆σi
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 of evaluated (recommended) data is not available but can be obtained in a statistical 

analysis. The approach is good if results (σi
the

 or σi
exp

), obtained for different energy points data 

points, are not correlated. Usually, theoretical results are strongly correlated: changing a parameter in 

the theoretical model changes cross sections for all energy points Ei. Experimental cross sections 

measured at different Ei  may also be correlated. 

Covariance matrix and variance 

The mean value, for example, calculating (measuring) σ at energy Ei  is, 

  iiii dσσPσ=σ  . 

In theoretical calculations, some of theoretical parameters pj are described by similar formulas. For 

example, if a potential energy surface on j=1,..,Npes grid point is used, it introduces Npes parameters pj, 

each having it own uncertainty. 

Strictly speaking, one has to calculate an N-dimensional integral if there are several variables: 

  pd,p,ppPp=p jjj


2,1,                      dσ,σ,σσPσ=σ iii 2,1,  

Uncertainty (standard deviation) is     222

iiiii σσ=σσ=Δσ  . 

 

Covariance matrix describes correlation between variables:  

   i'ii'ii'i'iiii' σσσσ=σσσσ=V  . 

It shows how a change in a parameter of a given theoretical model (or even in an experiment) changes 

cross sections at all energy points. 

When i=i' :  2

iii Δσ=V , which is variance. 

If experimental and theoretical covariance matrices V
exp

 and V
the

 are known, then one has to minimize 
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written as a matrix product here with cross sections represented in a vector form 
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If there are several parameters in the theoretical model, finding the minimum of F is difficult. 

Covariance matrix or/and uncertainties of the evaluated data are not available immediately. 
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A better way to determine the evaluated cross section is the Bayesian statistics approach. 

Bayesian statistics methods 

An alternative to the least-squared method is to apply a Monte-Carlo/Bayesian approach. We used a 

modified UMC approach by Capote et al. Monte-Carlo approaches account for the uncertainty 

propagation in theoretical calculations in a systematic way. The method combines theoretical and 

experimental data (generally, data from two independent sources) and produces evaluated data. The 

two data sources should have uncertainties or covariance matrices. The “evaluation” procedure is 

based on the Bayesian statistics.  

Bayes formula gives the probability P(W|L) of an event W at the condition that event L was observed. 

If P(L), P(W), and P(L|W) are given then 

 
   

 LP

WPW|LP
=L|WP  

For data evaluation: Consider cross section σ at energy E. A theoretical model and uncertainties of its 

parameters produce an uncertainty in σ (by the means of uncertainty propagation) and the 

corresponding probability distribution P(σ).  

If experimental data is considered as additional data 

(information “L”), one can use Bayes' formula to 

calculate probability P(W|L) that the “actual” cross 

section has value σ.  

This approach combines data and uncertainties from 

two sources. 

Main formulas 
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Nthe and Nexp are normalization constants, but they are canceled out and need not to be calculated. 

Using simpler notations: 
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Procedure of determination of theoretical uncertainties and evaluated cross sections 

(a) Choice of the energy grid, Ei (i=1,...,N): For evaluation, the grid should be the same as in 

experiment. 

 

Bayes' theorem for combined theoretical & experimental data 
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(b) Varying parameters within an interval of a few ∆pj, and calculating σi
k
 for each set k of 

parameters. Then averaging over p (summation over k) is performed: mean values <σi> and 

covariance matrix are obtained 

  pd,p,ppPσ=σ jii


2,1,  

  i'iji'ii'ii'i

the

ii' σσpd,p,ppPσσ=σσσσ=V  


2,1,  

One can evaluate above multidimensional integrals on a uniform grid or use the Gaussian quadrature. 

It is slow if the model has many parameters.  

(c) One can use a Monte-Carlo approach for the integration. For this purpose, one chooses randomly a 

set k of parameters pj
k
, such that pj

k
 is within the interval <pj>±∆pj , with ~4-6, i.e. 

  jj

k

j ψΔpγ+p=p 12  , 

where  is a random number between 0 and 1. Then, the mean value and covariance matrix are 
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Taking into account experimental data 

Experimental data and uncertainties are needed. The most likely, the covariance matrix Vexp is 

unknown. Uncertainties should be used to construct diagonal Vexp . 

One should use a Monte-Carlo approach again because number of variables (σi) are now determined 

by the number of grid points. Now    the

ii'i

k

i Vψγ+σ=σ 12   i.e. σi is in the interval <σi>±∆σi . 

Then, the mean value and covariance matrix are 
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Conclusions 

 In many situations, it is possible to assess the accuracy of theoretical calculations because 

theoretical models usually rely on parameters that are uncertain, but not completely random, 

i.e. the uncertainties of the parameters of the models are approximately known. If there are 

one or several such parameters with corresponding uncertainties, even if some or all 

parameters are correlated, the above approach gives a conceptually simple way to calculate 

uncertainties of final cross sections (uncertainty propagation). Numerically, the statistical 

approach to the uncertainty propagation could be computationally expensive. However, in 

situations, where uncertainties are considered to be as important as the actual cross sections 

(for data validation or benchmark calculations, for example), such a numerical effort is 

justified. 

 Having data from different sources (say, from theory and experiment), a systematic statistical 

approach allows one to compare the data and produce “unbiased” evaluated data with 

improved uncertainties, if uncertainties of initial data from different sources are available.  

 Without uncertainties, the data evaluation/validation becomes impossible. This is the reason 

why theoreticians should assess the accuracy of their calculations in one way or another. A 

statistical and systematic approach, similar to the described above, is preferable. 

 

STATUS OF A&M DATABASE AND DATA ANALYSIS FOR FUSION EDGE PLASMA 

TRANSPORT STUDIES 

DETLEV REITER 

Forschungszentrum Jülich GmbH, IEF-4, 52428 Jülich, Germany 

Atomic and molecular data are of relevance in fusion boundary layer plasmas, because reactive 

processes actively influence (and even control) the plasma flow and divertor dynamics in the near 

target surface domain in reactors. 

These data are an important ingredient in fusion transport simulations of advective-diffusive-reaction 

type (codes such as B2-EIRENE (SOLPS) in EU, UEDGE in the US  or SONIC in Japan).  Data at 

the most detailed level enter such transport simulations in kinetic (microscopic) model components, 

i.e. neutrals (atoms and molecules, molecular ions, and weakly ionized impurity ions such as e.g. W, 

N, C, Be, He), whereas the macroscopic (fluid) components use condensed, reduced information and 

atomic collision processes.  

The database HYDKIN (www.hydkin.de) of the EIRENE Monte Carlo code has been set up and is 

currently being developed to publicly expose the unprocessed raw A&M data used in B2-EIRENE. 

The underlying A&M dataset has either been compiled at FZJ in the past (e.g. the current 

hydrocarbon, and silane cross section databases), or data have been taken from publicly available 

other datasets (e.g. ADAS) or CR codes (H, H2, He) from NIFS. 

The second purpose of the online tool HYDKIN is processing and analyzing data, prior to their 

activation in complex transport models.  1D (either time or, recently, also 1 spatial coordinate) test 

cases are solved, based upon an eigenvalue analysis of the underlying reaction master matrix. This 

enables a forward sensitivity analysis (evaluation of sensitivity coefficients defined as logarithmic 

derivative of CR population density wrt. reaction rate coefficients. 

The eigenvalue analysis carried out on plasma chemistry models in HYDKIN gives direct indications 

about the existence of underlying reduced chemistry models (e.g. by a separation of fast against slow 

modes). A targeted application here was a H/H2/H2
+
 CR model, because presence of vibrational 

http://www.hydkin.de/

