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Abstract: A new variable selection method based on Self-Organizing Feature Mapping (SOM) is proposed
for soft-sensing modeling to eliminate redundant information. In the proposed method, SOM is used to get
new space from original variable space because of its smple and fast. The False Nearest Neighbor (FNN) is
used to calculate the similarity of data in the new SOM space. The primary variable would be estimated to
select secondary variables. The results show that the method is effective and suitable for variable selection.
Therefore, anew method is provided for the variable selection of soft-sensing modeling.
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Figure 2. U-matrix map of data 1
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Figure 3. Average similarity of each variable of data 1
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Figure 4. U-matrix map of data 2
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Figure 5. Average similarity of each variable of data 2
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Figure 7. Average similarity of each variable of data 3
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