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Abstract: A detection model based on Gramian angular field (GAF) and parallel KConvNeXt network is proposed for
accurately detecting the abnormal conditions caused by sample needle blockage in the sampling system during the sampling,
thus improving the testing accuracy and detection efficiency of automated biochemical analyzers. GAF-based method is
employed to transform the time series of one-dimensional pressure signals into two-dimensional image representations.
Subsequently, an improved attention mechanism integrated with a parallel dual-channel KConvNeXt network is used to
classify the pressure signals, and achieves a final classification accuracy of 94.58%. The experimental results show that the
proposed method can effectively capture the key characteristics of the pressure signals, offering an efficient solution for the
anomalous pressure detection in biochemical analyzer sampling system and exhibiting important practical significance.
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Figure 1 GAF transformation of pressure signals
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