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Abstract In the era of big data,there are many abnormal values hidden in massive data due to attack tampering,equipment fai-
lure,artificial fraud and other reasons. Accurately detect outliers in data is critical to data cleaning. Therefore,an outlier detection
model combining feature segmentation and multi-level cascaded random forest (FS-CRF) is proposed. Using the sliding window
and the random forest to segment the original features, the generated class probability vector is used to train the multi-level casca-
ded random forest. Finally, the category of the sample is determined by the vote of the last layer. Simulation experiment results
show that the new method can effectively detect outlier in classification tasks on UCI data sets,with high Fl-measure scores ob-
tained on both high and low dimensional data sets. The cascade structure further improves the generalization ability of the model
compared to the classical random forest. Compared with the GBDT and XGBoost.the proposed method has performance advanta-
ges on high-dimensional data sets,and has fewer hyper-parameters that easy to tune and has better comprehensive performance.
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Fig. 2 Illustration of feature vector split
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Table 1 Information of experimental datasets

Data set Samples Features Classification
Iris 150 4 3
Wine 178 13 3
Cancer 569 30 2
Digits 1797 64 10
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Table 2 Parameter optimized setting of FS-CRF

Feature Grained Cascade Layers
Parameters

Random Forest Random Forest

n_estimators 40 100
max_features logon NS
min_samples_leal 4 2
min_samples_split 10% 5%
criterion Gini Gini
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Table 3 Compared results of different algorithms on Iris

Algorithm Accuracy Recall
RF 0.96667 0.96296
GBDT 0.98116 0.97831
XGBoost 0.97778 0.97875
FS-CRF 0.97333 0.97492
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Table 4 Compared results of different algorithms on Wine

Algorithm Accuracy Recall
RF 0.95117 0.95232
GBDT 0.95270 0.96731
XGBoost 0.97222 0.976 19
FS-CRF 0.96147 0.96281
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Table 5 Compared results of different algorithms on Cancer

Algorithm Accuracy Recall
RF 0.94035 0.93117
GBDT 0.94736 0.91176
XGBoost 0.94281 0.93775
FS-CRF 0.95851 0.94927
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Table 6 Compared results of different algorithms on Digits

Algorithm Accuracy Recall
RF 0.96389 0.96369
GBDT 0.96970 0.97212
XGBoost 0.97306 0.974 09
FS-CRF 0.98316 0.98303
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