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Abstract: Concept drift is an important and difficult issue in streaming data mining tasks. At present, the
concept drift processing methods adopt the ensemble learning strategy mostly. However, most of these
methods cannot extract the key information of the new data distribution after concept drift, leading to poor
model performance. To solve this problem, this paper proposes a concept drift detection and convergence
method based on hybrid ensemble of serial and cross (SC_ensemble). When streaming data are in a stable
state, the method trains serial base classifiers for ensemble learning, to extract effective information
representing the overall data distribution. After concept drift occurs, parallel cross base classifiers are
constructed near the drift site for ensemble learning, to extract the local effective information representing
the latest data distribution. By ensemble learning of serial base classifiers and cross classifiers, the method

takes into account the overall distribution information contained in streaming data, and strengthens the
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important local information when concept drift occurs, so that the ensemble model contains more “good but
different” base learners, and realizes the efficient combination of learning models after concept drift. The
experimental results show that the proposed method can make the online learning model converge quickly
after concept drift, and improve the generalization performance of the model.

Key words: streaming data; concept drift; ensemble learning; serial classifier; cross classifier; hybrid
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Table 1 Summary table of symbols used in this paper
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Fig.4 Cross ensemble learning process
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Table 4 Results of AvgRAcc under different parameters

/=5 =10 =20

c=1 =10 (=100 C=1 (=10 C=100 C=1 C=10 (=100
Hyperplane 0.899 0914 0913 0899 0914 0913 0899 0914  0.913
LED _abrupt 0479 0591  0.591 0475 0589  0.590 0472  0.586  0.588
LED _gradual 0.489  0.607  0.607 0487  0.58  0.606  0.484  0.604  0.605
RBFblips 0.704  0.899  0.947  0.703  0.900  0.949  0.703  0.900  0.949
Sea 0.823  0.826  0.826  0.823  0.826  0.826  0.823  0.826  0.826
Tree 0.398 0579  0.603 0396 0580  0.604  0.396  0.580  0.604
Kddcup99 0.934  0.938 0938 0934 0938 0938 0934 0938  0.938
Electricity 0.618  0.658 0715 0622  0.660 0715  0.623  0.662  0.715
Covertype 0.627  0.647  0.668 0616 0638  0.658  0.611  0.63 0.648
Weather 0.883  0.883  0.884  0.892  0.892  0.893  0.892  0.892  0.892
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Table 5 Ranking comparison of AvgRAcc on different methods

B4 SC ensemble AUE2 DWCDS SEA HBP ResNet
Hyperplane 0.913(1) 0.885(5) 0.635(6) 0.899(2) 0.890(3) 0.889(4)
LED _abrupt 0.590(3) 0.510(4) 0.283(6) 0.481(5) 0.607(1) 0.591(2)
LED _gradual 0.606(1) 0.513(4) 0.294(6) 0.491(5) 0.565(3) 0.584(2)

RBFblips 0.949(1) 0.754(4) 0.677(6) 0.705(5) 0.848(3) 0.859(2)

Sea 0.826(1) 0.814(3) 0.718(6) 0.823(2) 0.806(4) 0.776(5)

Tree 0.604(1) 0.410(2) 0.382(4) 0.399(3) 0.280(6) 0.288(5)
Kddcup99 0.938(2) 0.906(4) 0.971(1) 0.934(3) 0.767(5) 0.654(6)
Electricity 0.715(2) 0.618(4) 0.760(1) 0.613(5) 0.626(3) 0.601(6)
Covertype 0.658(1) 0.631(3) 0.511(6) 0.624(4) 0.639(2) 0.619(5)

Weather 0.893(2) 0.882(3) 0.948(1) 0.878(4) 0.814(5) 0.803(6)
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Table 6 Comparison of RSA of different methods %
K SC ensemble SEA AUE2 DWCDS HBP ResNet
LED _abrupt —/1.23/— —/4.68/— —/1.47/— —/1.44/— —/38.11/— —/36.30/—
0.39/0.39/ 0.51/2.55/ 0.49/2.45/ 2.84/2.13/  29.22/18.89/  25.49/28.13/
LED _gradual
2.73 3.57 3.43 2.84 17.78 15.72
, 0.05/0.10/ 0.60/0.90/ 0.50/1.00/ 0.68/0.32/
RBFblips 0.68/0.32/0.32  1.40/2.19/0.80
0.05 0.15 0.25 0.32
0.17/0.17/ 0.18/0.54/ 0.19/0.19/ 0.56/0.28/
Sea 0.46/0.71/0.96  2.07/0.25/0.50
0.68 0.72 0.38 0.28
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