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Fig.1 Multi-model combination quality control method
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Tab.1 The number of different category quality identifiers in the Test datasets
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MLP 0.752 3 0.777 6 0.767 4
KNN 0.6819 0.884 3 0.7700
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Fig.2 Results of adding adaptive down sampling modules on different Test sets for different models
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Fig.3 Negative sample accuracy on Testl for different variants of LGB models
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Fig.4 Positive and negative sample accuracy of different models on different test sets
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Tab. 3 Final results of different models on the SST total Test set

“0” 2% “17 2k
LAY
Hhh% PENCIES F1 score iR FERCIE F1 score
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Quality control method for class-imbalanced oceanographic data based on
multi-model combination

SONG Wei', ZHANG Guiqing', XIE Jingrong', DONG Mingmei’, YUE Xinyang®, YANG Yang’
(1. School of Information, Shanghai Ocean University, Shanghai 201306, China; 2. National Marine Information Center, Tianjin 300171, China)

Abstract: This paper proposes a two-layer framework for ocean data quality control based on the combination of
multiple models. Various common classification algorithms are chosen as base learners to predict the primary
quality labels of ocean data, and a Voting or Stacking strategy is used to identify the quality of the data. To
address the issue of class imbalance, an adaptive undersampling strategy is combined with the Focal loss function
to enhance the model's ability to recognize difficult samples. To verify the performance of the proposed method,
we apply it to the quality control of sea surface temperature and air temperature data that are from ICOADS
(International Comprehensive Ocean-Atmosphere Data Set). The results show that the F1 score (the weighted
harmonic mean of precision and recall) of rare anomaly samples by the Voting or Stacking methods can reach
0.980 6 and 0.981 2 for sea surface temperature data, and 0.998 5 and 0.998 3 for air temperature data.

Key words: quality control; ocean-atmosphere data; ensemble learning; class imbalance



