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Quantitative analysismethod based on L evenber g-M ar quar dt back-propagation
artificial neural network for X-ray fluorescence spectrometry
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ABSTRACT: Objective To establish a quantitative detection analysis method based on Levenberg-Marquardt
back-propagation artificial neural network (LM-BP-ANN) for X-ray fluorescence spectrometry (XRF).
Methods The spectrometry data of all 84 soil samples were collected. The principal component analysis
(PCA) method was used to extract the characteristic variables after preprocessing the spectrometry data. The
sample number of training set, calibration set and prediction set were 42, 21 and 21, respectively, which were
chosen randomly. Mean square error (MSE), adjusted determination coefficient (R?), square error of calibration
(SEC), verify determination coefficient (rz), standard error of prediction (SEP) and relative prediction error
(RPD) were used as evaluation indexes in LM-BP-ANN, BP-ANN and PLS algorithm, which were applied for

modeling. The modeling results were analyzed and compared, and the quantitative model was used to predict
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the heavy metals contents in actual soils. Results The values of the hidden layer neuron number, learning rate
and iterations count were confirmed as 6, 0.1 and 8 through the experiments. The effects of LM-BP-ANN were
prior than the other two modeling methods by the comparison of the modeling results. The correlation
coefficients were higher than 0.98, indicating that the calibration model was feasible. Conclusion The rapid
analysis method is suitable for the detection the actual samples. It has important significance on improving
detection accuracy of X-ray fluorescence spectrometer.

KEY WORDS:. Levenberg-Marquardt algorithm; back-propagation neural network; X-ray fluorescence

spectrometry
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Tablel Evaluation indexesof LM-BP-ANN and BP-ANN models
MSE R SEC r’ SEP RPD
As 499.61 0.9922 2.0303 0.9904 2.1243 12.6971
Cr 505.70 0.9892 5.2492 0.9920 1.2849 12.8747
LM-BP Cu 401.55 0.9952 6.0492 0.9942 1.0920 17.7649
Pb 866.43 0.9928 5.8943 0.9860 1.9267 11.0151
Zn 612.78 0.9831 3.1890 0.9860 1.8353 13.1508
As 942.32 0.9831 11.528 0.9712 2.4572 10.9752
Cr 1307.3 0.9910 5.7052 0.9900 1.9016 12.3474
BP Cu 1330.6 0.9889 6.3882 0.9857 1.8395 10.5464
Pb 1424.2 0.9891 5.9275 0.9808 2.0552 9.8323
Zn 1145.3 0.9904 3.8990 0.9871 1.9012 119171
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Fig. 4 Comparison of detection and prediction value of 5 kinds of heavy metals
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Table3 Instrument detection limits (n=15, mg/kg)
Cr Cu Zn As Pb
RSD 6.90 1.74 1.70 1.01 1.30
2.22 6.13 3.87 4.52 5.28
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