Journal of the Korean Institute of Industrial Engineers

Vol. 49, No. 1, pp. 95-106, February 2023.
ISSN 1225-0988 | EISSN 2234-6457

"m Check for updates

https://doi.org/10.7232/JKIIE.2023.49.1.095
© 2023 KIIE

A A FAAA) w2 o5 2
737 - 42%
R EER RS

Machine Learning Prediction Model of Water Quality Factors in
Sewage Treatment Facilities

Hyeong-gu Joo

- Joon-mook Lim

Department of Creative Convergence Eng., Hanbat National University

The purpose of this study is to develop a machine learning-based prediction model for the value of COD, a key
factor that measures the quality of sewage flowing from a sewage treatment facility. Considering that the
inflowing sewage water quality data has a time-series characteristic, a machine learning model using ARIMAX,
RNN, and LSTM was developed as a predictive model for COD. For each model, after learning based on big
data collected from domestic J sewage treatment facility, the prediction performance was evaluated by RMSE.
ARIMAX model showed an accuracy of 7.83% compared to the average, RNN was 3.62%, and LSTM was
3.56%. Overall, the LSTM model was evaluated as the best performing predictive model. If our model is used in
a sewage treatment facility, it is possible to predict the sewage water quality in real time, which is expected to
greatly contribute to improving the efficiency of sewage treatment.
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Figure 1. Structure of RNN (Lei, 2016)
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Figure 2. Structure of LSTM (Houdt et al., 2020)
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M-D H:M oH SS TN TP MLSS DO incoming COD

(mg/L) (mg/L) (mg/L) (mg/L) (mg/L) flow (mg/L)
01-01 0:04 6.41 1.73 13.41 0.13 2595.63 1.72 150 13.4
01-01 1:04 6.40 1.61 13.40 0.14 2532.5 2.05 50 13.6
01-01 2:04 6.40 1.58 13.15 0.14 619.38 0.04 162 13.2
01-01 3:04 6.43 1.57 13.12 0.13 1895.25 0.04 29 133
01-01 4:04 6.40 1.46 12.69 0.13 2608.75 1.78 144 13.2
01-01 5:04 6.40 1.41 12.24 0.13 2514.38 2.66 30 133
01-01 6:04 6.33 1.55 11.85 0.12 1442.5 0.04 89 12.8
01-01 7:04 6.30 1.46 11.32 0.12 107.5 0.04 68 13.2
01-01 8:04 6.30 1.53 11.34 0.13 2508.75 1.98 136 13.0
01-01 9:04 6.33 1.47 11.04 0.14 2314.38 2.72 128 12.9
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Figure 3. SS and COD Data with Outliers
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5000 B

<COD>
Figure 4. SS and COD Data with Outliers Removed
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Table 2. Pearson Correlation Coefficient between COD and
Other Variables (p<0.05)

Identifier| pH SS N TP MLSS | DO

COD -0.25 0.37 0.56 0.18 0.06 0.05
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Table 3. ARIMAX Model Summary
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Identifier coef std err z P>zl
ar.1 1.914 0.003 649.525 0.000
ar.2 -0.983 0.003 -326.23 0.000
ma.l -2.274 0.011 -210.59 0.000
ma.2 1.5188 0.026 60.106 0.000
ma.3 -0.0639 0.026 -2.504 0.012
ma.4 -0.1582 0.011 -14.502 0.000

10

15

Figure 8. Prediction of COD in ARIMAX Model
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RNN 299 &3 COD o &4t YER 1, 7k A& A Al
CODZHS YEMALH RNN B2 & HolE Y 27434 Bl o}
Uzl A4 deolHelE 4d3s] 28 &S st A g9
& 9t

Ho|Fo] RMSES 22 2745 BYS YT < Y3t

Y0256, 1024) AL RNN BH9| o ZA3o] @
I 3 o = <Figure 9>, <Figure 10>, <Figure 11>3} 2T},

Figure 9, Figure 10, Figure 11 oA} SHEE9] F2 A Mo

S
2

Table 4. RMSE Value, Average Ratio and MAPE Predicted by Data from the Past 15 Days of the RNN Model

- hidden layer I
Identifier
64 128 256 512 1024

RMSE 0.4133 0.4699 0.3672 0.6739 0.8512
64 (4.89%) (5.56%) (4.35%) (7.98%) (10.07%)
MAPE 2.1137 2.1109 2.0055 3.7209 4.2764
RMSE 0.7391 0.4903 0.4119 0.5573 0.4557
128 (8.75%) (5.80%) (4.87%) (6.60%) (5.39%)
MAPE 4.0101 2.1991 2.1305 22133 2.1365
RMSE 0.7066 0.4356 0.7409 0.3294 0.7257
hidden layer IT| 256 (8.36%) (5.16%) (8.77%) (3.90%) (8.59%)
MAPE 3.9841 2.1329 4.0163 2.0006 4.0081
RMSE 0.4699 0.4986 0.8887 0.3825 0.8174
512 (5.56%) (5.90%) (10.52%) (4.53%) (9.67%)
MAPE 2.1109 2.2188 4.2899 2.0146 4.2542
RMSE 0.4458 0.3488 0.3063 0.6379 0.7246
1024 (5.28%) (4.13%) (3.62%) (7.98%) (8.58%)
MAPE 2.1350 2.0031 1.9982 3.7168 4.0079

—— History

154 Tue Future

= Predicted Future

Figure 9. Prediction Example 1 of the RNN Model

—— History
= Tue Future
== Predicted Future

25

=05

Figure 10. Prediction Example 2 of the RNN Model



Machine Learning Prediction Model of Water Quality Factors in Sewage Treatment Facilities 103

= History
== Tue Future
15 1 = Predicted Future

% m

Figure 11. Prediction Example 3 of the RNN Model

53 LST™M 28 & FARET 293 74 2 Ulg A
EA3 7o 2 sgon 2o oA AEL Jsﬁﬂ
LSTM Edo] A= RNN 23} vp7A 2 FHHolE el <Table 5> %A 1549 FoJHE AMER o5 &
CODS} ##A 7}k 717 =3k pH, SS, TN, TPk F U, ko] oh2 RMSESH MAPER S HoAF0, 25 &Ko
CODYE Y2, vIAsl CODE FAKOE ot B COD FTr) RMSES)] ¥l (%) ehir

Table 5. RMSE Value, Average Ratio and MAPE Predicted by Data from the Past 15 Days of the LSTM Model

Identifier hidden layer I
64 128 245 512 1024
RMSE 0.4946 0.7478 0.3768 0.3727 0.4863
64 5.85% 8.85% 4.46% 4.41% 5.54%
MAPE 2.2196 4.0261 2.0049 2.0041 22175
RMSE 0.4073 0.3004 0.3897 0.3638 0.5240
128 4.82% 3.56% 4.61% 4.31% 6.20%
MAPE 2.0174 1.9927 2.0138 2.0046 2.2462
RMSE 0.4546 0.3164 0.5545 0.4424 0.4307
hidden layer 11| 256 5.38% 3.74% 6.56% 5.24% 5.10%
MAPE 2.1587 1.9998 2.2684 2.1335 2.1316
RMSE 0.3486 0.6060 0.3495 0.4344 0.7663
512 4.13% 7.17% 4.14% 5.14% 9.07%
MAPE 2.0030 2.3286 2.0032 2.1323 3.4260
RMSE 0.5574 0.5352 0.6092 0.4770 0.5589
1024 6.60% 6.53% 7.21% 5.64% 6.61%
MAPE 2.2686 2.2689 2.3290 2.2072 2.2687

= History
—— Tue Future
—— Predicted Future

: Y

-80 N -60 -0 -0 50 20 1o 0 0 2

Figure 12. Prediction Example 1 of the LSTM Model
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Figure 13. Prediction Example 2 of the LSTM Model
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Figure 14. Prediction Example 3 of the LSTM Model
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Table 6. Evaluation Indicators for Models

% 9,

2 a7 g4 st AL CODE dS67] A @
dug] & HAeyY ZdZ ARIMAX, RNN, LSTMS &
3} cq]ZDtﬂ g e a8 HAlEyY a9 s&S
A, dA AAE B FA T T8k A Al A 7=
H 1871 €7t st A B volHE 75t AREs T
& 2l 5Bt A Aol ntE B7EA E RMSES
MAPE®] Z3}3hS 9 oFstH <Table 6> 2Tt

Model RMSE Ratio of RMSE MAPE Average learning Averag-e prediction
to mean(%) time(s) time(s)
ARIMAX
2.1.4) 0.6622 7.83 3.7201 431 0.01
RNN
(256,1024) 0.3063 3.62 1.9982 661 0.04
hidden layer
LST™M
(128,128) 0.3004 3.56 1.9927 694 0.04
hidden layer
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