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Abstract : This study assessed the performance of single and modified algorithms based on machine learning and
deep learning for wastewater treatment process. More specifically, this study adopted support vector machine (SVM),
random forest (RF), and artificial neural network (ANN) for machine learning as well as long short-term memory
(LSTM) for deep learning. The performance of these (single) algorithms were compared with that of modified ones
processed through hyperparameter tuning, ensemble learning (only for machine learning), and multi-layer stacking
(i-e., two layers of LSTM units). The daily effluent of wastewater treatment process observed between 2017 and
2022 in the Cheong-Ju National Industrial Complex was used as input to all tested algorithms, which was evaluated
with respect to mean squared error. For the model performance evaluation, discharge and biochemical oxygen demand
are selected as dependent variables out of nine measured parameters. Results showed that the performance of any
machine learning algorithms was superior to their competitor LSTM. This is mainly attributed to a small amount
of input data provided to the LSTM algorithm and unstable effluent wastewater characteristics. Meanwhile,
hyperparameter tuning improved the performance of all tested algorithms. However, ensemble learning for machine
learning and two-layer stacking for LSTM generally resulted in performance degradation as compared to that of single
algorithms, regardless of dependent variables. Therefore, this calls for a careful design and evaluation of modified

algorithms, specifically for model architecture and performance improvement processes.
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Fig. 1. Schematic diagram of wastewater treatment processes
in the Cheong-Ju National Industrial Complex.
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Table 1. The effluent quality targets during planning and operating phases for wastewater treatment plant in the Cheong-Ju
National Industrial Complex.

BOD cob SS T-N T-P TC Ecotoxicity
in the planning stage
Influent 288 249 285 53 5 250,000 -
Effluent 8 orless 20 or less 10 or less 20 or less 0.3 or less 3,000 or less 1 or less

in the operational stage
Influent 187.1 107.4 64.4 31.447 1.631 241,888 3.3
Effluent 29 10.5 35 11.605 0.072 357 0

Table 2. Descriptive statistics for 9 effluent quality parameters observed on a daily basis between 2017 and 2022 in the
selected wastewater treatment plant.

Methods® or equipment Units n Mean Coefficient of variation
Discharge Pashall flumes m’/day 1,527 21,758.12 0.17
Water temperature Digital/mercury thermometer C 1,527 23.31 0.21
pH pH meter - 1,527 6.75 0.05
Biochemical oxygen demand (BOD) ES 04308.2b mag/L 1,527 293 0.51
Chemical oxygen demand (COD) ES04315.1a mag/L 1,527 11.76 0.27
Suspended solids (SS) ES 04303.1b mag/L 1,527 3.36 0.30
Total nitrogen (T-N) ES 04363.1a mg/L 1,527 11.03 0.47
Total phosphorus (T-P) ES 04362.1b mg/L 1,527 0.07 0.52
Total coliforms (TC) ES 04701.3b cfu/100 mL 1,527 324.83 0.90

3 Official test method for water quality pollution (Notice No. 2014-163, Ministry of Environment, Republic of Korea)
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Fig. 2. Single and modified machine leaming and deep learning
algorithms examined in this study: single algorithms with
hyperparameter tuning for (a) machine learning and
(b) deep learning, and modified algorithms with (c)
ensemble learning and (d) multi-layer stacking.
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Table 3. The accuracy of RF and LSTM algorithms with
hyperparameter tuning assessed for two dependent
variables discharge and BOD in terms of MSE.

0.01 0.02

RF(T) (+1.03%) (+1.16%)
0.02 0.03

LSTM(T) (+40.60%) (+3.81%)

ACR F7HEGI. e, 7] oAl gl dSehs 4l

& 7] WE(LSTM)S] A= H7of| ARG 3714
ZIASkE o Ble] tha 52 o8 BAREGloH, o=
7ol -8 Y HolE ] 7 AdHiE e A STk
A wleA e 3] FESE AT AAE HEE 2
W 7}101] 7] ??_P Ao Itk Fale, 9ol e
Z7o] 3 27N daRlEe HEH
312 ) lh 1) 71741?5%5 diE & HH ZIHLERF)

ol 7P kAL 2) F7hA QL 2

4
T RRY darElEite] e wske B AlFA e yhdst

EX LS

o}

o N

o
M
14
kl
ACh
|\
o
<
_m
=
ﬁ
o fo g
;
2
ot
l;
fol
g
L

©
z
S
N
AQ
s
U
oM,
o
n&
o
(o] nlN
o

o =0 ot U ozl N o BN
R
o
N
i)
H®
n
do
ot
lo

T
k
o
|\
)
©
Fﬂ.‘
lu
_&
> O,
C

lEﬂ(LSTMH 21}‘: %‘T’j ii‘ﬂiE(RF)oﬂ v
EE} %% Al "“*Elh Aoz 43‘7}51‘212% ohet w7
= 3] HE Y LERF)

7] “ﬂﬂﬂ(LSTM)ﬂ S Wk v|wsta gk ol 79
A, e mdolgt | Asls 7Nk AdueEEe) 23S
Fol kel mdg ejjsiui(Fig. 20, daeiEd ol 2
obo] Y B ML th2o g 1AE dueEe Uehy
L SichFig.2d). =3, ix} gk olF Boe] WEEL J|E

T dmelEa vEste] 4% FY HEE ey ook
Z, e wYe) 39 37H 9 4SS B 0%
Sf ulwstel opE mHe] A% P HEE Uehjn 9o
o, ] WEALSTM)S] 29 BEn 2502 THE =
WS A% P HEE BT ek Bk Ak, 714

[elXe)
Nre] QAR mEe Aey] lmelLSTM)S] Aol bl
B 3t A5 ekl 202 BrbEgleh e, a
7) W mE(LSTM)E AHg3ko] BRBIELH AR THE of
E3he A9E AL, S man o) dme
(LSTV) FT12}% wF o delZ

2R dAR Rokt HoR 24} E o
2 QAE man gEoR YT 4SS due
ol el me|Ze] vls) FYEL AR Lol
¥ me ol g AR Al AR ol SuEA) o
cha o5 A% ol §olsha ekeths IS WFet

Avtz gekE

i lo
g
—.Qolr
o 2
T
o
e
1o

4.2 =

Aol 3% S HaAe 349 9d f
25 ARE olg3to] 1ASE W HEIG 71N w2
WP FueiEe) 45 Bk 9 gmeFo Rt 3
712 7| At RE(SVM, RF, ANN)Z} 17)9] 4153 2l
(LSTM)e] AHgEIgion], Bal Smelze] 4% wake skt
3171 Slste] Ze s 243 AL B W ok Pl
gmelzel 44Hdth £ ATE B £2H o Avks
cheat 2

* 3717 7]A13s mE(SVM, RF, ANN)T} 1 7]9] A&k
HALSTM)S] A& vladt 23 7|Ashs mdEe

ALo] A=k Bl vlg| thh 24531 Ao g HrlE

Atk AEshs AR A% AR Fo AgEs

912 dolg Y 4 R AHFK Y fE5 shElo] 3

8 AbgE 249

iR 242 2l e Fe sl viEA] dast

oz 2k 2o 2 o)F A3shs ®

ALSTM)9| 52 7IAeks B-ARF)o Blsl 2A &

| Aoz BrEA,

chk 3ok RULSTM)

Table 4. The accuracy of two modified algorithms, the one
developed from ensemble learning and the other
derived from two LSTM layers, assessed for two
dependent variables discharge and BOD in terms of

MSE.
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(-28.94%) (-13.90%)
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