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Abstract: The research and application of the new technology of crude oil evaluation has become the trend of the world
petroleum refining enterprises, and it is also the inevitable trend of development in the future. In this paper, a new method
to rapidly evaluate total carbon of crude oil was established by using nuclear magnetic resonance (NMR) spectroscopy and
ensemble neural network with random weights (ERNN) model which is optimized by particle swarm. The model uses the
random vector functional link network (RVFL) as the basic model. A regularized negative correlation learning strategy
is used to integrate the basic model. The particle swarm optimization (PSO) algorithm is used to optimize the hidden
layer number (L) of each basic model and the number of integrated scale (M). Finally, the online learning method is
used to update the model. Experiment results show that the proposed model significantly improves the prediction accuracy
and avoids the influence of random choice of L and M on model precision. The model also improves the accuracy and
efficiency of crude oil evaluation and it has a practical value to meet the requirements of oil refining in time.
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