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Abstract: Flow prediction of drainage systems is of great significance for urban water safety and
optimal operation of wastewater treatment plants. Different from traditional hydrological models which
need complex modeling and a large amount of geographic information data, machine learning can realize
flow prediction and early warning of a drainage system through data driving. In combination with the time
sequence of flow data, five long short time memory (LSTM) models (Vanilla LSTM, Stacked LSTM,
Bidirectional LSTM, CNN LSTM and ConV LSTM) under the conditions of single variable (flow) and
double variable (flow and rainfall) were applied to predict the inlet flow of a wastewater treatment plant in
Wuxi City, Jiangsu Province. In the parameter selection experiment, the optimal parameter condition of
Bidirectional LSTM was that the number of LSTM hidden layer units, training epochs and training set
samples were 250, 200 and 250. Under the same condition, Bidirectional LSTM predicted the future flow
more effectively than the other four methods. Compared with simulation with flow as the only variable, its

accuracy of flow prediction was improved by nearly 20% after adding rainfall as another variable.
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Fig.2 Change of influent flow and regional rainfall
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Tab.l1 Influence of the number of LSTM hidden

layer units on experimental accuracy

i H HRITEL
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Jrik HEbR
R? [0.691 3]0.683 6/0.694 0]0.687 5/0.688 4{0.663 8
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VAR] 0.000 31{0.000 20.000 5{0.000 6{0.000 1|0.000 8
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Tab.2 Influence of the number of training epochs

on experimental accuracy
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R* {10.7999]]0.698 3| 0.788 8 |0.678 9/ 0.796 6
Stacked
VAR |0.000 10.001 0 0.000 2 {0.010 3| 0.000 3
o R* 10.8019(0.771 5|[0.804 6]|0.773 4/ 0.765 9
Bidirectional
VAR 0.000 0 |0.000 0] 0.000 0 {0.000 2| 0.003 4
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ConV R* {10.799 4]|0.724 8| 0.798 7 |0.753 6| 0.772 7
o VAR |[0.000 1 {0.000 1| 0.000 0 {0.000 7{0.001 0

S = ARGE TN SR AR A KO SRR B2 1 52
Wi, R LR 3, AT B VI R AR AR £
FHER TAEA B D 5250, Vanilla LSTM 7E A%k
49250300 B, FHUIORS B2 85, HAEAECh 250 I 1T
TG BE Fe Kk, M 0. 746 8, T 4 REA SR N 350 I, i

¥ B W 58 R % ; Stacked LSTM 7£ i i 100~200 > FE
AT B A B A R RR A , ZE 1 250 M EAS T
DU RS B o 25 $2 7, L AE A8 FH 300 AR AS 35 I B 25
FfefE, M 0. 744 1, Z 5 R FFAHXTFRE ; ConV LSTM
ToUIRG B BEAE A B B3 S LA TR TEVIZR4E
FEAKCR 300 B, A B2 3k B 5 4, 7 0. 754 3; CNN
LSTM Fifi i AR () 358 fin , iR BE S 71 s e, AR
Bk 250 Bt FORS B f2 K, R 0. 751 35 Bidirectional
LSTM 52 FE AR 1 52 i) AN K, BEAS v] DLR KR I 254
FE B R M BEAECR 250 B FINORS B A K, N
0.779 3. X EH WAEAR DI, BT RS B R
A BEE ARG N, AT AR B 205 B AL
SRRt RN T EAEAIR B BRI BN A 2
FEEARN LA YIZRET R30S B0 ALz 1k fg
HZ%.
F3 G EREABT KK E
Tab.3 Influence of the number of training set

samples on experimenal accuracy
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Fig.3 Prediction results and real values of influent flow
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Tab.4 Results of five experiments

450 500 550

i H| Vanilla | Stacked | Bidirectional | CNN ConV
1 0.8830 | 0.803 3 09152 0.859 6 | 0.860 1
2 0.8364 | 0.842 1 0.9739 0.899510.948 3
3 0.864 5| 0.802 1 0.988 6 0.8839(0.849 6
4 09118 0.9019 09516 0.908 9 | 0.827 8
5 0.8494 | 0.870 4 0.989 7 0.9192 ] 0.886 3
SEHME | 0.869 0 | 0.844 0 0.963 8 0.8942 | 0.874 4
JiZ 1 0.0009 | 0.0019 0.001 0 0.000 5 | 0.002 1
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Tab.5 Prediction results of different methods at

451-461 sample points m’/h
FEAR | . e
" M2 {f| Vanilla | Stacked | Bidirectional | CNN | ConV
451 |8 437.5/8 509.7| 8 461.0 8418.8 8457.918 424.4
452 |8 478.0/ 8 512.0| 8 494.7 8452.5 8467.4/8 437.1
453 |8 524.3/8 552.2| 8 542.5 8503.0 |8498.3|8473.8
454 (8284.118461.9| 8 321.5 82733 8 499.3|8 357.6
455 |8 625.6/8 512.7| 8 616.1 8580.2 |8582.18476.6
456 (8 718.2|8706.7 | 8 740.3 8 708.3 8 643.88 614.8
457 (8 755.8/8767.9| 8 778.3 8722.3 8 702.5|8 674.3
458 (8 663.2|8761.9 | 8 692.6 8643.3 8 733.2/18 666.8
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460 (8 590.9/8 637.9 | 8 605.1 8 568.5 8 635.78 569.3
461 |8 437.5/8 576.9| 8 468.3 8428.0 |8605.2/8 482.2
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at different methods
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