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Abstract The accurate prediction of the produced water quality is an important basis for evaluation of the treatment effect of
the produced water at the oilfield joint station, which can provide a scientific basis for early warning of water quality. In the tradi-
tional method, we can see that the prediction of the oilfield produced water quality is mainly based on the experience of experts,
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however, there is no doubt that this method has a strong personal subjectivity so it is difficult to reach an accurate prediction
of the quality of the produced water. There is also a part of existing studies to measure whether the produced water quality is
up to the relevant standard. However, this method has the disadvantage of taking a long time so that it is not conducive for the
efficient development of on-site work. Now there is a part of the existing research with the help of machine learning algorithms,
but the situation of data noise and data non-linearity is not fully considered in these methods. In response to the above problems,
a novel method for water quality prediction is put forward in this paper, which is based on the combination of the two-layer
decomposition method and the modified support vector machine (SVM) algorithm. Through the two-layer decomposition method
put forward above, the redundant noise in the prediction process can be eliminated effectively, and at the same time the major
features of the original data can be extracted. The method of stratified sampling is used to divide the original dataset so as to
avoid the sample deviation caused by the method of traditional random sampling. A modified particle swarm algorithm is applied
to optimize the parameters of the SVM so that the global convergence ability can be improved by this algorithm. On the basis of
the four cases of the Zhuangxi oil production plant joint station, the prediction accuracy of this method is evaluated in the light of
three evaluation indexes: the relative error, the average absolute percentage error and the determination coefficient. On the basis
of the average values of these 4 cases on the three indicators are -0.38%, 5.23% and 0.82%, respectively. Compared with the
existing mainstream machine learning algorithms, we can see that the method in this paper has higher prediction accuracy.

Keywords oilfield joint station; water quality prediction; machine learning; two-layer decomposition; modified support vector
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Fig.1 Heat map of machine learning methods in the field of water quality prediction
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Fig. 2 Process flow chart of the produced water treatment system of Zhuangxi Joint Station
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Table 1 Partial data of water quality during operation

_ " iR AR H )
FESHL

20190901 20190927 20200112 20200131 20200228 20200323
LR AT /(kg) 400 900 800 800 1200 800
ZUEEF B /(kg) 600 400 600 600 600 1000
AW /(kg) 600 600 500 300 500 500
L2 /(kg) 200 200 200 100 200 200
1# 5 /KA A 1.30 2.24 224 2.26 2.01 2
24 5K A A 2.40 2.38 231 232 223 2.02
TR UERE R /(mg/L) 5.60 5.10 4.20 3.60 8.40 6.80
R TR /(mg/L) 4.50 430 4.60 3.90 5.90 430
R EREE K F I /(mg/L) 3.60 3.50 228 3.00 4.70 4.50
= UEHEEKEIE (mg/L) 2.70 2.60 3.60 2.90 3.70 3.40

&2 ETTZRUBREEE S ERE B 5 BT L
Table 2 Comparison of random sampling and stratified sampling based on the oil content of secondary filter tank during
reinjection

LS PIUREEA BEAILAAE Sr IR BEHLAEEAR RS IR 22 /% SYEERIXT R /%
1.0 0.32 0.31 0.32 4.81 -0.20

2.0 0.34 0.29 0.34 13.75 —0.63

3.0 0.16 0.24 0.16 -50.29 -0.19

4.0 0.18 0.16 0.18 10.64 1.70

R34 QIR S BN A B MRE

Table 3 The mean absolute percentage error of random sampling and stratified sampling based on four data

P BEHLIIEE MAPE/% o JEEE MAPE/%
TG E RIS 19.87 0.68

TR UEHE R B 21.41 2.24

=R S 48.00 10.73

SRUETET K RITE 12.16 1.77
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Fig. 3 Flow chart of the hybrid prediction model based on CEEMDAN-VMD-MPSO-SVM
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Fig. 6 Histogram of MAPE for six models based on four cases
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Table 5 MAPE and R* values obtained by different models based on four cases

- ZHA ZHIB ESlile ZHID
MAPE/(%) R MAPE/(%) R MAPE/(%) R MAPE/(%) R
SVM 11.38 0.67 8.11 047 1021 044  7.60 0.23
PSO-SVM 8.73 074  7.79 051 894 048  6.78 0.38
MPSO-SVM 8.04 0.81 6.97 0.60  8.09 062 653 0.55
VMD-MPSO-SVM 6.17 090  5.54 0.81  6.51 078 529 0.61
CMMEDAN-MPSO-SVM 5.75 0.93 5.29 0.83 625 079  5.60 0.62
CEEMDAN-VMD-MPSO-SVM ~ 5.37 094 494 0.84 562 0.84  5.00 0.70
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Fig. 8 The MAPE and R* values of the proposed model on four cases
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