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Abstract

Classical rough set theory can only process and analyze data from a single scale, whereas a multi-
scale decision system can deeply mine the information hidden in the data from different coarse and
fine scales. The introduction of multi-scale decision systems has expanded the application scope of
classical rough set theory, establishing it as a significant research direction within the field and gar-
nering widespread attention. However, traditional methods for transitioning lower approximations
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across scales still consume considerable resources. To address this, this paper proposes a rapid
transition method for lower approximations. Initially, the multi-scale decision system is integrated
with optimistic multigranulation rough sets. Building on this foundation, the method leverages the
granular transformation functions of multi-scale decision systems to facilitate swift updates of
lower approximations during scale transitions from fine to coarse. This approach introduces a fast
update algorithm for lower approximations as scales coarsen, effectively circumventing the need
for repeated traversal of data tables. To validate the algorithm’s efficacy, experiments were con-
ducted using nine UCI datasets, assessing both the results of lower approximations and computa-
tional time. The findings demonstrate that the proposed algorithm is not only feasible but also ex-
hibits superior efficiency.
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Figure 1. Change diagram of lower approximation
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Table 1. Fast update algorithm for multigranulation lower approximations from fine to coarse scales
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Table 2. UCI datasets

2. UCI BUiR&
FFe itk FEAHL J 1%
1 Magic Gamma Telescope 19,020 10
2 Dry Bean Dataset 13,611 16
3 Raisin 900 7
4 Rice 3810 7
5 Iranian Churn Dataset 3150 13
6 Yeast 1484 8
7 Page Blocks Classification 5473 10
8 Liver Disorders 345 5
9 Iris 150 4
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Table 3. Lower approximation results
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Figure 2. Optimistic multigranulation lower approximation time comparison
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