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[ Abstract)] In practical applications, data collected from single-view cameras often lose visibility in certain areas due
to object occlusion. Therefore, analyzing data from multiple views is crucial for maintaining social stability and
public safety. To address the(bias,in multiview action recognition, arising from spatial semantic inconsistencies
among different views and{temporal semantic disparities during the execution of the same action, a multiview
progressive debiasing méthodiis proposed. First, guided by evidence theory within the context of multiple views for
the same sample, the method leverages isomorphism across different views to mitigate inter-view bias. This
involves optimizing the weights of features from different views to obtain a more comprehensive and unbiased
representation. Second, employing a multi-granularity decoupling strategy, the method analyzes the impact of
different granularities on debiased expression of features, thereby accurately separating relevant and irrelevant
features while avoiding significant differences in representation caused by irrelevant information within a single
view. Finally, the method constructs different feature weights along the temporal dimension, enhancing
consistency in features within the same view and mitigating representation disparities for the same sample. The
effectiveness of the proposed method is validated on multiple datasets, achieving cross-view accuracy rates of
97.4% and 96.4% on the N-UCLA and NTU-RGB+ D datasets, respectively. This method not only meets the
requirements for accurate recognition analysis under multiple views but also provides an effective solution to the
bias problem in multiview recognition from a novel debiasing perspective,
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x3 A[E loss BSHAILLE

Table 3 Comparison of different loss hyperparameters
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