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%1 BSMI F&H A
Table 1 Variables of the BSM1 platform

No. Variables Comments No. Variables Comments
1 SS-1 Readily biodegradable substrate-1 11 SO-2 Oxygen-2
2 SS-in Readily biodegradable substrate influent 12 SO-5 Oxygen-5
3 SNH-1 NH;+NH; nitrogen-1 13 O-tr Flow rate internal recycling
4 SNH-2 NH;+NH,; nitrogen-2 14 Q-in Flow rate influent
5 SNH-3 NH;+NHj; nitrogen-3 15 COD-in Chemical oxygen demand for influent
6 SNH-in NH;+NH, nitrogen influent 16 SS-E Readily biodegradable substrate effluent
7 SNO-1 Nitrate and nitrite nitrogen-1 17 SNH-E NH;+NH; nitrogen effluent
8 SNO-2 Nitrate and nitrite nitrogen-2 18 SNO-E Nitrate and nitrite nitrogen effluent
9 SNO-3 Nitrate and nitrite nitrogen-3 19 COD-E Chemical oxygen demand for effluent
10 SO-1 Oxygen-1 20 BODs-E Five-day biological oxygen demand effluent
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Fig. 3 Prediction curves and D of two models
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Table 2 RMSE values of output variables
RSME by Co-training MPLS RSME by Tri-training MPLS
Labeled data/d
SS-E SNH-E SNO-E COD-E BOD;s-E SS-E SNH-E SNO-E COD-E BODs-E
1 0.20 20.46 9.61 257.12 0.18 0.14 48.55 5.34 64.37 0.03
2 0.06 5.40 1.76 16.42 0.07 0.06 7.15 1.74 15.56 0.07
3 0.06 5.96 1.72 15.23 0.11 0.07 4.39 1.95 22.40 0.12
4 0.10 5.54 1.70 10.50 0.08 0.08 5.69 1.72 11.02 0.07
5 0.10 5.17 1.79 6.10 0.05 0.08 4.96 1.64 6.79 0.05
6 0.06 3.19 1.18 3.37 0.03 0.06 3.02 1.19 3.40 0.03
7 0.03 2.02 1.41 2.49 0.03 0.03 2.01 1.43 2.50 0.03
0.22 50
(b) SNH-E
0.18
m 0.14
~ 0.10
0.06 |
0.02 . . . . .
2 3 4 5 6 7
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250
200
m 150
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0
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s 010}
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Fig. 4 RMSE curves under different labeled data rates
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Table 3 Time consumption under different labeled data rate

Time consumption/s

Model
1d 2d 3d 4d 5d 6d 7d
Co-training MPLS 22.124 34.186 45.782 60.015 71.689 81.473 93.159
Tri-training MPLS 25.657 39.249 49.561 61.954 72.019 84.554 96.233
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Semi-Supervised Soft Sensor Model Based on Tri-training MPLS

LI Dong, LIU Yiqi, HUANG Daoping
(School of Automation Science & Engineering, South China University of Technology, Guangzhou 510641, China)

Abstract: With the sewage treatment process becoming more and more complex, the proportion of easy-to-

measure and hard-to-measure variables is seriously out of balance such that the traditional supervised soft-sensor

modeling cannot meet the actual requirements. Aiming at this problem, this paper proposes a new soft-sensor model,

semi-supervised Tri-training MPLS. The labeled data are divided into three independent parts, from which the

unlabeled data with high confidence will be selected to improve the prediction ability of the model. In addition, the

single-output model is upgraded to the multi-output model to directly predict multiple output variables. Finally, it is

shown from the simulation results via the BSM1 platform (Benchmark Simulation Model-1) that the proposed soft-

sensor model has good prediction ability on multiple output prediction and satisfactory prediction on single target.

Key words: soft sensor; semi-supervised; multi-output; Tri-training; partial least squares
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