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A new approach to interpret non-negative

least squares (NNLS) T, relaxation results

AgroResonance Guilhem Pages, Amidou Traoré, Jean-Marie Bonny
AgroResonance, UR 370 QuaPA-INRA, F-63122 Saint-Genés-Champanelle, France

The modelisation of an NMR signal decay in a sum of exponential terms is an often performed after the NNLS analysis. The choice of the regularization
ill-posed problem. Experimental data are not sufficient to find both relaxation parameters is operator-dependent and is based on both prior-knowledge and
times and amplitudes. Several solutions lead to minimal least-square distance T, distribution hypothesis (2).

between the model and the experimental data. To reduce the number of Considering that only amplitude positivity is an indisputable a priori, we
solutions, an efficient strategy consists in adding a constraint of positivity on all propose here to scrutinize in details the solutions provided by NNLS without
the parameters. Non-negative least-squares (NNLS) algorithm (1) is the most further regularization. We show by simulations that interpreting NNLS results
popular algorithm incorporating this constraint. The relaxation time values are from the cumulative distribution function (cdf) leads to more robust analyses
a priori set in the decomposition basis (DB), the algorithm returning an unique than an interpretation by probability density function (pdf) as usually done.

solution of positive amplitudes.
To obtain a smooth amplitude distribution, a Tikhonov regularization is most

() Simulation of T, signal decays for different models and addition of noise
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O Analysis of each of the 10,000 FIDs by NNLS without further processing
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e To limit user-inputs into NNLS analysis, we push the idea that the cdf e The edge-artefact is explained by the fitting of positive noise at the beginning of the signal
distributions are sufficient for obtaining useful information provided that * The first value of the DB should depend on both TE and SNR. We mathematically justified

the analysis focusses on the discernable plateaus its value of T, i, ps
e Result interpretation based on cdf led to more robust results as shown by ¢ The number of points in the DB should be limited. This is a change of paradigm in regard
simulations of the current practice (dense DB)
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