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Abstract: To enhance the precision of carbon source dosing in the wastewater treatment plant
(WWTP), this study employs an automated machine learning approach, identifying the gradient boosting
machine (GBM) as the optimal algorithm. Predictive models for sodium acetate dosing intensity (SADI),

defined as the amount of sodium acetate added per unit volume of treated wastewater, were developed for
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two WWTPs with typical treatment processes. The models achieved a strong predictive fit. Furthermore,
an explainable machine learning approach was adopted to explore the relationship between SADI and
water quality factors. The results indicated that, for the JG WWTP, which utilized the A*/O process, the
influent B/N ratio served as the principal determinant of SADI, with a low organic load substantially
increasing SADI. In contrast, for the SZ WWTP employing the A*’O+MBBR process, the enhanced
phosphorus removal capability of the biofilm process, coupled with the high influent organic loading,
reduced the demand for external carbon sources, thereby making effluent TP the principal determinant of
SADI. SADI demonstrated intricate nonlinear relationships with multiple water quality indicators. This

study offers a valuable reference for examining the factors governing carbon source dosing and treatment

% 78

performance across various wastewater treatment processes.
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Tab.1 Quality of influent and effluent in JG and SZ WWTPs in 2020

i H in_COD/(mg/L) inﬁBODs/(mg/L) iniNH3—N/(mg/L) in_SS/(mg/L) in_TN/(mg/L) in_TP/(mg/L)
JGTE/K)™ 254.50 104.50 38.40 310.50 46.05 3.90
SZi5K)” 392.42 213.00 33.17 325.50 61.43 6.45

i H eff_COD/(mg/L) | eff BOD,/(mg/L) | eff_ NH,—~N/(mg/L) | eff SS/(mg/L.) | eff_TN/(mg/L) | eff_TP/(mg/L)
IG5 16.25 4.00 0.18 1.75 7.36 0.14
A 16.69 6.70 0.27 8.35 11.95 0.21

miH rr_COD/% rr_BOD./% rr_NH,-N/% rr_SS/% r_TN/% r_TP/%
JGTEK)™ 93.88 96.11 99.58 99.46 84.55 96.40
SZi5K)” 95.61 96.84 99.20 97.43 80.47 96.79
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Tab.2 Results of automatic machine learning screening algorithms (based on all 24 variables)
i A (ECRS RMSE MSE MAE RMSLE MRD
GBM 0.3111 0.096 4 0.2356 0.1009 0.096 8
DRF 0.3184 0.101 4 0.236 9 0.104 6 0.101 4
- Stacked Ensemble 0.3199 0.102 4 0.258 1 0.1039 0.102 4
JGIGKT™ ;
Deep Learning 0.3234 0.104 6 0.2512 0.100 6 0.104 6
XRT 0.328 3 0.107 8 0.224'5 0.108 6 0.107 8
GLM 0.3827 0.146 4 0.288 2 0.124 5 0.146 4
GBM 0.382 1 0.146 0 0.3120 0.1935 0.146 0
Stacked Ensemble 0.4509 0.203 3 0.366 2 0.220 1 0.203 3
- DRF 0.506 6 0.256 6 0.4012 0.268 8 0.256 6
SZI5KT™
GLM 0.538 1 0.289 6 0.405 2 0.2552 0.289 6
XRT 0.560 9 0.314 6 0.442 4 0.2833 0.314 6
Deep Learning 0.639 2 0.408 6 0.490 2 03133 0.408 6
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Tab.3 Optimization results of explanatory variable sets

5iH R Y ZhsE : MR :
MSE R MSE R
i 20475 i 0.021+0.003 0.94+0.010 0.128+0.078 0.60+0.241
21 MR 0.020+0.002 0.94+0.007 0.127+0.078 0.60+0.244
JIGIEK)™ i 2245 i 0.021+0.003 0.94+0.012 0.117+0.070 0.62+0.229
[ 23448 i 0.020+0.003 0.94+0.010 0.108+0.069 0.65+0.239
AR 244 TE 0.0210.004 0.94+0.010 0.114+0.068 0.64+0.236
Il 20475 i 0.036+0.008 0.96+0.010 0.338+0.202 0.62+0.250
ACY. 9 21 AR i 0.035+0.007 0.96+0.010 0.316+0.169 0.67+0.198
240 B 0.035+0.007 0.96+0.010 0.321+0.214 0.65+0.264
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Fig.1 Sodium acetate addition intensity model for JG WWTP
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3 &#® e, YK TP J2&: 5% Wi SADI 100 (4 1 22 8 &R, gk

SR FH AT i REAIL A8 2 >0 O 1A o v e B 7R T
15 KT R R BN TR AR 7R L R 2L TR A AR i
(SADI) 5 7K Ji [H & (] iy G Bk . 25 R W, 76 R
A0 T2 IG 15K v, i 7K B/N (SS . TP J2& 5% i

SADI i EE B R 25, H SADTHE A4 g 2 B Y 7K B/N
1 BOD,. 1M 7F % A¥O+MBBR T. 259 SZ 15K )

COD . C/N FI B/N 5 SADI 2B IEAH G R . PHETS
IKT 15 G 2 SRR AR L JG V5 K ) BRIRAT BIL 67 A
T LR R AR IS BN 1 SZ 57K T i@ a3 MBBR T
RN T BRI . SRR AR IS K R
F 05 ) PR 28 K L% ¥ Gl Wy 25 B3k S48 1 5% T A7 AE S
FES, FEIANE TR B AR A A

« 49 -



425 FT1H ‘f}’ 25 K ,‘H}E 7K www. cnww1985. com

TR B2 TR T AR5 7K ) iR
515K PIROR Z 18] 1) 2, % TR0 A e IR 4%
I HAT HE S M E

SE K

[1] HUY, WEI R, YUK, et al. Exploring sludge yield
patterns through interpretable machine learning models
in China’ s municipal wastewater treatment plants (1]
Resources, Conservation and Recycling, 2024, 204:
107467.

(2] sRAEESLXLCAR, R A5 . FLBRINH IR BAYE A Bk

XA R ] b E g kK, 2023, 39
(19): 83-88.
ZHANG J Y, LIU X Y, ZHOU J C, et al. Effect of
sodium lactate and sodium acetate as carbon sources on
biological nitrogen removal [J]. China Water &
Wastewater, 2023, 39(19): 83-88 (in Chinese).

[ 3] ZHONG S, ZHANG K, BAGHERI M, et al. Machine
learning: new ideas and tools in environmental science
and engineering [J].  Environmental Science &
Technology, 2021, 55(19): 12741-12754.

[4] PANY, HUAT W, SUN R Z, et al. Machine learning-
assisted  optimization of mixed carbon  source
compositions for high-performance denitrification [J].
Environmental Science & Technology, 2024, 58 (28) :
12498-12508.

[5] LIB, LIUL, XU Z, et al. Optimizing carbon source
addition to control surplus sludge yield via machine
learning-based interpretable ensemble model (1]
Environmental Research, 2025, 267: 120653.

[ 6] EZZAT D, SOLIMAN M, AHMED E, et al. An
optimized explainable artificial intelligence approach for
sustainable clean water [J]. Environment, Development
and Sustainability, 2024, 26(10): 25899-25919.

[ 7] ADADI A, BERRADA M. Peeking inside the black-
box: a survey on explainable artificial intelligence
(XAD [J]. IEEE Access, 2018, 6: 52138-52160.

[ 8] ZHANG W, Al Z, CHEN Q, et al. Automated machine
learning-aided prediction and interpretation of gaseous
by-products from the hydrothermal liquefaction of
biomass [J]. Science of the Total Environment, 2024,
945: 173939.

[9] DENG Y, ZHANG Y, ZHAO Z. A data-driven

approach for revealing the linkages between differences

[10]

(1]

[12]

[13]

[14]

[15]

[16]

in electrochemical properties of biochar during anaerobic
digestion using automated machine learning [J].
Science of the Total Environment, 2024, 927 172291.
QU S, HU Y, WEI R, et al. Carbon footprint drivers in
China’ s municipal wastewater treatment plants and
mitigation opportunities through electricity and chemical
efficiency [1]. Engineering, 2024, 50: 106-116.
NAGESHWARI K, SENTHAMIZHAN v,
BALASUBRAMANIAN p. Sustaining struvite
production from wastewater through machine learning
based modelling and process validation [J]. Sustainable
Energy Technologies and Assessments, 2022, 53:
102608.

OU Z, HE F, ZHU Y, et al. Analysis of driving factors
of water demand based on explainable artificial
intelligence[J ]. Journal of Hydrology: Regional Studies,
2023, 47: 101396.

GEURTS P, ERNST D, WEHENKEL L. Extremely
randomized trees [J]. Machine Learning, 2006, 63:
3-42.

LI J, DU Q, PENG H, et al. Optimization of
biochemical oxygen demand to total nitrogen ratio for
treating landfill leachate in a single-stage partial
nitrification—denitrification ~system [J]. Journal of
Cleaner Production, 2020, 266: 121809.
W23, BOa, B L AF . TR B LG RS R X
SRl A R AR R LT ). E 2Kk, 2019, 35
(9):58-62,66.

YAO X W, LUO B, QIU J G, et al. Effect of mixed
liquor recycle ratio and external carbon source on
denitrification  efficiency [J]. China Water &
Wastewater, 2019,35(9): 58-62, 66 (in Chinese).
TR R T S IRV SRS E I TR A
JEK e IR e () ). o 25 KRR, 2023, 39(5)
1-8.

DING X, LI X, BI Z, et al. Recovery of phosphorus by
anaerobic/aerobic alternative biofilm process using
organic carbon from raw wastewater [J]. China Water &

Wastewater, 2023, 39(5):1-8 (in Chinese).

- 50 -

B/ LWTPF(1998— ), 4, KE A B+, #F 58
05 T A5 7K T R RE IR S g
E-mail:472971944@qq.com
s B #5:2025-01-20
& [E] H #1:2025-03-04
(G XN 5L )



