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Multi-variate data-driven monitoring method for quality-related faults in
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Abstract : Based on multi-variate data,a monitoring method for quality-related faults in complex chemical processes
is proposed.The convolution neural network (CNN) and cross-entropy loss ( CEL) function are optimized to establish the
two-dimensional convolution neural network ( 2DCNN) and the weighted cross-entropy loss ( WCEL) function,
respectively. By this method , multi-variate data can be converted into several sample matrixes, which are further used as
inputs for a 2DCNN model that can capture effectively the spatiotemporal characteristics represented by the number of
rows and columns in the matrix, thereby monitoring precisely quality-related faults. In addition, WCEL function is
embedded to adjust the learning rate of 2DCNN model adaptively and dynamically,thereby solving the uneven problem in
allocation of fault categories.

Key words: quality-related fault; chemical process; multi-variate data; two-dimensional convolution neural

network ; weighted cross-entropy loss function
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