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Fig.2 The technical route of turbidity prediction model based on ensemble learning
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Fig.3 The technical route of turbidity prediction model based on CNN-MLR
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Tab.1 Summary of mainstream machine learning models for river turbidity prediction
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Tab.2 Comparison of mainstream machine learning models for river turbidity prediction
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Fig.4 The technical route of turbidity prediction model based on LSTM-CNN incorporating SHAP analysis

2) FRAE Tk A A b, IR RO R . IE
SHAP [ 37~ A AR X T 25 5L 2 1 (i 4
T SR AR FL B A f ) 5 o SO R 40 BB K,
RO Z R AE R T B 5w R B 3 RO
MAKUMBURA R K 260704 H1 85 22 ST 5 XA

F AR LG IR 7K 5T AL AT, 45 R B
AR RN A A R SRR R KT I B R T 7 () TR
Z (SHAP {354 6.92 F1 4.45) . #8431 HH B RE %
454 SHAP 18 5B, X 5 — R ELEAS A BUE
1 ] PR G A 2R 0 %)~ 2405 i 1R AT TR A, 36 IE AR



R SR E AT A0iH . ALNAHIT A O 25654537
SHAP fif T b A58 71 ok Y08 ol B8 1) T 175 40, <50 431K
s P R IR B R, 2 K T S R e, 42
TR (5 VR A A sk B K BRI, 5 AU R — EL
VAN 25 F 48 9T 7 B0 5 B AR AE e ok
B BAE A BeA BN LAY
3.2 SHAP SERAI R MEIFMN

SHAP Jj 3 AT ff B L VP40 8 % FH 18 B J K
TR EARIRBN R 2R . B 7RI 2 S 2 Bl A
)i B 15 b 2 H B EHES DHERGE R, 8
B 2] SRR HE AR HE . SHAP A8 A T sz
A RS S AR, I B RN REAE X B & R 5
Wi 75 ) S RE R, 5 B A A Y ) SR SR ML AR 24 3
Al EREPE VI 2 B DL AN 2

1) BAEAS SHAP B 73, VAL EARRHE . IR T
T PRI IR R NN RS 2 (R 7E R 2R A B4R
FH, XT3 K TS G 55 9% R A P o B ol 5
AR AR IR . GAO ZY Z50SHEH T —Fh ] fig
BB T 1083 B o AL (P R? = 0.907),
AR EL L T A R R K R S SR RK
SCHUHE, SHAP 4 SRR A R A 18 i Je ok
PN FEmA R, A AR i B K Ao B IS i s e
VIR o JR 8 AT AR 5 v ml FH T AR R o e L B 8
A TR Ik AR, OH R FR FO AR S 175 450 1) 20 A 3 —
R T B R e T TR it A R e I T

2) JE i — S VEAS, MR TTAE . B X L
SHAP i 4t B 5837 I EE . 38 AR S, T
1t JR3 EB AR I AT SR, TR R AR R IBR, 18 i AR 7R AT

{5 BEFISE 1% . MERABET K 250560 i SHAP J&)
ERfRRE I B, KT 5 AR R PR AS ] B A
AN KT N A8 B T ok BE TR 52 R 7 ) A A RRE AR
HEMEZE R, IEP T XGBoost 1A (1) & #E 0
(R>0.9,NSE >0.8) . SOLEYMANI HASANI S %%
(STl FF 5 30k p R S8 B AR b5 SHAP 88 Jl 11 25 1] A
T3 i, WA Sk R R RE IR R R &R, R kK
KA A2 98 11 bt F8E 1) 32 B IR B (R 2R, 1T IRUIEOR <R
S AR B X T AR T A K T B A
R B i, Ko A X 3 2 R e doh B ) T LA — 52 1)
fanE o (HTESEBRN Y, SHAP A7 — Bk
AR T 2 ST 5 AR R Y SHAP VR4 AT RE 2 i
RETE SRS Bl g 7= | s E s R A
X5 FE SHAP TS AER, 75 BHRATIHT ™45
Ab B, 38 G S 22 1) RS SR () 5 M 00
3.3 SHAP AIEREMIEN AL B4

R 4 XA R AT R VAN 5 R AT AR PR T
WIS g5 05 SR BRI R R AL B FH 3
FTIRNVTE « & R T R BN & T KRR =
NIRRT IE, PTRAEREE RN . . SRS RS
DRI 2R AL S 2, (B0 s e 30iE 5 57 BORRUR,
32 2 RS G A FE v SRR e S P A )
2o JETAT R VA 2 Yok B S WA 1R 5 PR AR
PIE A H T O TR, (RS R A TR,
A —HME = G — B RE K SCR S 5 &
RS ) AN [F VRN 7 1) e 4 e iR T RS Ak
YR RIE IR, 7 fg SEIUBL A R B Rl S 5 5
FH 1 B WP

R4 SHAP WEREMEIRN J7 0Tt
Tab.4 Comparison of SHAP explainability evaluation methods

SHAP VP4 771% EH Y B2kt SRR ATARAL S

¥ AE E Tﬁﬂ%@ﬁiﬁf i FEAREA DT 100 éﬂ,/%{% %%ﬁﬁ%”@ﬁ: FRAE SHAP Hi . 45
2w EZM g BERM JGE & KRR R AR A R 20 AN SRR T T
alofiE My WA Pearson HHX REU/NT 0.8 f%
B M OFRAE DT KRR SE BN R %2 R IE AR B I A 152 0 2 SHAP f&HiE. %
T BROBL 20 M PO R 5K FEARE SRR OB M K 28 H 2 A2 RSk )

ot SCHLERRAIE

HAEFH#I1E

SEPEARBER I

FREARFAE s Jo Rk s 2

R 0 K
iifg g.rf;ﬁ;ﬁﬁ BRI 4 R P L BT RAREA:  SHAP ST 77
e e n U i TAREREA K A R RER S
RO MR ERIE o
TR Tk
MG B LB
1 2 T A AR LR %)
E’;{Ar R U O RO R ;;;z;‘”fgzz"‘fii f: PIBOKSCSREER  SHAP {8 43 11
B % ARERR i ﬁiyjﬁ%’%’%%ﬂ S RECRH B R REAILE
i VAT BB T B bt - >5 SRR B

JEfE

#




4 ZEERE

ARILERIR T B S 57 S SR AL IR T ] T8 K AR
JETRIMAS AR o (1) BTt e, PEARIRIR T HLER = 21 &5
PSR . HLERER YRy e w] ) EE U,
ST SHAP FIRERENELEAN DLER i R B E, A
fift R . TR R R 2k K ALEE
5 20 5 R 5 T M K0 A R A R EAR AN S B
1Bk, 24 BT 7C 1 AE 1) 22 PR BRI 5 13 R B,
JE A FAE VLT 5 T et — 25wt 7t

1) &5 45 AT 475 S8 ) 3 R R R 5 S AP ok JEE T
RAR o FRIRIE S 5 5 AT SER SUE AR BT, A
FAT 2 SER S SRAT A HE R« BRI Anvk#dls, o
HMRERE 1 SIS AN A2, WSO R B R R R A
FBIEE . N HIREL . 2R R AL AR M 2% 55
2o YR AR PR A AE AR, ST AR S A B T AR . 3K
T RE O o AR SRAEAT TN, FHRH BB 37 = 3505
BIARRM TR A, TABGE SR B2
B HLES S ST AT 4% iz A TR 56, B A AE
70 M DM BB T MR I TR P EAT I A AR B,
US55 FoAth O S A 5 25 BORE R 9E 4T ik o L 5
o X LR FENS U i R e B A2 2 i RE RN 550
B FIRE T, SCRF O HEE T AT R 7K )5 Hk
il o

2) BRI SALES 5 ST HT o TN 52

2 F X #
[1] ZHANG W H/LI X B,HUANG Y Zet
al. Turbidity-graded adaptive underwater image
enhancement[J]. Optics & Laser

Technology, 2026, 194:114496.

[2] MAGER S, HORTON S. Particle size and geochemistry of
suspended material and its influence on nephelometric
turbidity[J]. River Research and Applications, 2025, 41(6):
1300-1314.

[3] YUIJF, ZHAO L, LIANG X-Z, et al. The mediatory role of
water quality on the association between extreme
precipitation events and infectious diarrhea in the Yangtze
River  Basin, China[J]. Fundamental =~ Research, 2024,
4(3):495-504.

[4] JIANG Y J, TIAN S H,LI HY, et al. Harnessing microbial
electrosynthesis for a sustainable future[J]. The Innovation
Materials, 2023, 1(1): 100008.

(5] EEFW, XUHAHL, IR, 5. Rl FE e K K AR A= 4K
I S I S S Sl B A
%, 2023, 43(5):496-504. [DONG S H,LIU M S, CATl W

T NGB FEMAAR K, T AR A Ak R () AR 4L
MU 2%, 2R SR B TR0 A A% 0 U7 ) 2 Rl D EEATL
Hil S ALES 2% 20, TR AR R MR A2 IR IR B L3 . ke
WA S A 42 X 250 i s A B s R 1 (R Ak 20 7 R
VRN R BRI — 50 7, BB AN AR R X 2% 1)1 5
Ao A R, 753 ) PRI A Y B AT OE [ T e R, SCRE
ATHLRE B A s s R B S R BR E  JT ROK
AL S AL 88 2 ST A IR Y, SEE IR AR A
AL SRR BN B BOS S 2 AE AL
A2 SRR S NARFAE, ) 5% 25 I 248 IE AL B AR Y
I R 25, B A N G R,
PETH TS FE -

3) KRB R B AL SN FH 5t H GG » AR N
TE R OR TR B 6 2 A TR I S B S T 75 SR 1 )
I, 38 G TR U AR BV RE IR, PR R e S
TS BRI PR o X B U R ST R B R
GRU #8Y, @i BY R B BR TR &3 . R E S
37 5 ) e A2 2 B 28 48 6 A5 L o e TG 23K
IEAR . BLAh, BREEE 6 Fo i AE S5 R, B sh s
WEHLH . BB GPU W7 5 80%. HEFR
] 500 ms ZFBIMH, 4555l R D)4, dnék
fE s R R BT, 5 & 0 i R 228, ik
S IR I8 e R 0N AR R 1 i 5 PRV RE R B S
ERL

Q, et al. Water quality criteria and ecological risk

assessment of sulfamethoxazole freshwater aquatic
organisms[J]. Acta Scientiae Circumstantiae, 2023, 43(5):
496-504. ]

[6] CUSSIOLI M C, SEEGER D, PRATT D R, et al. Spectral
differences in the underwater light regime caused by
sediment types in New Zealand estuaries : implications for
seagrass
Letters, 2020, 40(2):217-225.

[71 ALTINDA A, BERDI D.Rising temperatures, changing

photosynthesis[J]. Geo-Marine

waters:the influence of abiotic factors on freshwater
zooplankton and Water
Treatment, 2025, 321:100991.

[8] LERIS I, KOEPCHEN-THOM3

community[J]. Desalination

L, SMETI E, et
al. Turbidity and predation risk : behavioural responses of a
freshwater minnow[J]. Animal Behaviour, 2022, 186:1-9.

[97 RODRIGUES J N, ORTEGA J C G, PETSCH D K, et al. A
meta-analytical review of turbidity effects on fish
mobility[J]. Reviews in Fish
Fisheries, 2023, 33(4):1113-1127.

[10] MIRANDA L S, WIESIRI

Biology and

B,AYOKO G A, et



al. Water-sediment interactions and mobility of heavy

metals in aquatic environments[J]. Water
Research, 2021, 202:117386.

[11] HUANG Y P,CAI Y P,HE Y H, et al. A water quality
prediction approach for the Downstream and Delta of
Dongjiang River Basin under the joint effects of water
intakes, pollution sources, and climate change[J]. Journal of
Hydrology, 2024, 640:131686.

[12] MCQUILLAN C. Planetary health research digest[J]. The
Lancet Planetary Health, 2024, 8(12):¢986.

[13] 5K, #3153, A R, &, B THLE8 5% 2) (MK B 1 A T
DAY LU B 72 (], HE AE KR K B K 22 22 4R (H R AL 22
J2 ), 2025, 46(01):87-95. [ZHANG P, MEI S H, SHI C
C, et al. Comparative study of dissolved oxygen prediction
models for reservoirs based on machine learning[J]. Journal
of North China University of Water Resources and Electric
Power(Natural Science Edition), 2025, 46(01):87-95. ]

[14] MOGHA G, AHLAWAT K, SINGH A P. Performance
analysis of machine learning techniques on big data using

conference on recent

apache spark[C]//International

developments in science, engineering and
technology. Singapore: Springer Singapore, 2017:17-26.

[15] LIANG Y C,DING F Y, LIU L, et al. Monitoring water
quality parameters in urban rivers using multi-source data
and  machine  learning

Hydrology, 2025, 648:132394.

[16] SU H, ZOU R, ZHANG X L, et al. Exploring the type and

approach[J]. Journal ~ of

strength of nonlinearity in water quality responses to

nutrient loading reduction in shallow eutrophic water

bodies:insights from a large number of numerical
simulations[J]. Journal of Environmental
Management, 2022, 313:115000.

[17] MAKUMBURA R K, MAMPITIYA L, RATHNAYAKE
N, et al. Advancing water quality assessment and prediction
using machine learning models, coupled with explainable
artificial intelligence (XAI) techniques like shapley additive
explanations (SHAP) for interpreting the black-box
nature[J]. Results in Engineering, 2024, 23:102831.

[18] BESSA SANTOS R M, FARIAS DO VALLE JUNIOR
R, ABREU PIRES DE MELO SILVA M M,et al. A
framework model to integrate sources and pathways in the
assessment of river water pollution[J]. Environmental
Pollution, 2024, 347:123661.

[19] NIKOO M R, AMRI A A,ETRI T,et al. A review of
machine learning, remote sensing, and statistical methods

for reservoir water quality assessment[J]. Journal of

Hydrology, 2025, 659:133323.

[20] LIU X,ZHANG F J,HOU Z Y,et al. Self-supervised
learning: generative or contrastive[J]. IEEE Transactions on
Knowledge and Data Engineering, 2023, 35(1): 857-876.

[21] MOZELLI A, TAHERINEJAD N, JANTSCH A. A study

on confidence:an unsupervised multiagent machine

learning experiment[J]. IEEE Design &
Test, 2022, 39(3):54-62.
[22] BARZEGAR R, ASGHARI MOGHADDAM

A, ADAMOWSKI J, et al. Comparison of machine learning
models for predicting fluoride contamination in
groundwater[J]. Stochastic Environmental Research and
Risk Assessment, 2017, 31(10):2705-2718.

[23] MAMAT N, MOHAMAD HAMZAH F,JAAFAR
O. Hybrid support vector regression model and K-Fold
cross validation for water quality index prediction in
Langat River, Malaysia[J]. BioRxiv. 2021:431242.

[24] WATTELEZ G, DUPOUY C, LEFeVRE J,et
al. Application of the support vector regression method for
turbidity assessment with MODIS on a shallow coral reef
lagoon (Voh-Koné-Pouembout, New Caledonia)[J]. Water,
2017, 9(10):737.

[25] SANTOS V O,ROCHA P A C,THé¢ J V Get
al. Evaluation of machine learning methods for forecasting
turbidity in river networks using Sentinel-2 remote sensing
data[J]. Ecological Informatics, 2025, 90:103313.

[26] ZOU T L, YANG K,PAN M E, et al. Analysis of the
temporal and spatial evolution of turbidity in Tonle Sap
Lake and its influencing factors[J]. Science of the Total
Environment, 2024, 943:173618.

[27] ZARE M S, NIKOO M R, AL-RAWAS G, et al. Integrated
ensemble learning approach for multi-depth water quality
estimation in reservoir environments[J]. Journal of Water
Process Engineering, 2024, 66: 105840.

[28] NAJWA MOHD RIZAL N, HAYDER G, MNZOOL M, et
al. Comparison between regression models, support vector
machine (SVM), and artificial neural network (ANN) in
river water
prediction[J]. Processes, 2022, 10(8):1652.

[29] MULIA 1 E, TAY H, ROOPSEKHAR K, et al. Hybrid
ANN-GA model for predicting turbidity and chlorophyll-a

quality

concentrations[J]. Journal of
Research, 2013, 7(4):279-299.
[30] IGLESIAS C, MARTINEZ TORRES J, GARCiA NIETO P

Hydro-environment

J, et al. Turbidity prediction in a river basin by using

artificial neural networks:a case study in northern



[35] LOPEZ-BETANCUR

Spain[J]. Water Resources
Management, 2014, 28(2):319-331.

[31] TOMPERI J, ISOKANGAS A, RUUSUNEN M. Practical

data-based modelling approach for estimating river water
turbidity and total organic carbon[J]. Environmental

Technology, 2025:1-17.

[32] XU, HUHELE, IR, 45 JE T 04 -l 22 0 25 (1 S 7K

D5 TN R ) A T N | - S N 1 3 5 2 Qe S~
3 ), 2020, 18(06):93-100. [LIU J,ZHU R J,JIANG D
X, et al. Real-time water quality prediction model based on
IGA-BPNN method[J]. South-to-North Water Transfers
and Water Science & Technology, 2020, 18(6):93-100. ]

[33] GUO Q Z,WU H H,JIN H Y,et al. Remote sensing

inversion of suspended matter concentration using a neural
network model optimized by the partial least squares and
particle swarm

algorithms[J]. Sustainability, 2022, 14(4):2221.

optimization

[34] SONG C Y,ZHANG H P. Study on turbidity prediction

method of reservoirs based on long short term memory
neural network[J]. Ecological
Modelling, 2020, 432:109210.

D, MORENO
I, GUERRERO-MENDEZ C, et al. Convolutional neural
network for measurement of suspended solids and

turbidity[J]. Applied Sciences, 2022, 12(12):6079.

[36] MEI P,LI M,ZHANG Q, et al. Prediction model of

drinking ~ water  source quality = with  potential
industrial-agricultural
CNN-GRU-Attention[J]. Journal of
Hydrology, 2022, 610:127934.

pollution based on

[37] ALIZAMIR M, HEDDAM S,KIM S.A robust and

explainable deep learning model based on an LSTM-CNN

Y, CHEN X N, et al. Research on scheduling parameter
prediction method of long-distance water transfer project
based on intelligent hydraulics[J]. Journal of North China
University of Water Resources and Electric Power(Natural

Science Edition), 2024, 45(03):18-25. ]

[41] JAEGER A, POSSELT M, SCHAPER J L,et

al. Transformation of organic micropollutants along
hyporheic flow in bedforms of river-simulating

flumes[J]. Scientific Reports, 2021, 11(1):13034.

[42] JAVERNICK L, REDOLFI M, BERTOLDI W. Evaluation

of a numerical model's ability to predict bed load transport
observed in braided river experiments[J]. Advances in

Water Resources, 2018, 115:207-218.

[43] PATRYNIAK K, COLLU M, CORADDU A. Rigid body

dynamic response of a floating offshore wind turbine to
waves: identification of the instantaneous centre of rotation
through analytical and numerical analyses[J]. Renewable

Energy, 2023, 218:119378.

[44] SANADA Y,KIM D-H, SADAT-HOSSEINI  H, et

al. Assessment of EFD and CFD capability for KRISO
Container Ship added power in head and oblique
waves[J]. Ocean Engineering, 2022, 243:110224.

[45] WEISSCHER S A H, BOECHAT ALBERNAZ

M,LEUVEN J R F W,et al. Complementing scale
experiments of rivers and estuaries with numerically
modelled hydrodynamics[J]. Earth Surface
Dynamics, 2020, 8:955-972.

[46] FEI K, DU H X, GAO L. The contribution of typhoon local

and remote forcings to storm surge along the
Makou-Dahengqin  tidal reach of Pearl River
Estuary[J]. Science of the Total
Environment, 2023, 899:165592.

framework for reliable FDOM prediction in water quality [47] XU G J,JI C J,XU Y, et al. Machine learning in coastal

monitoring: incorporating  SHAP analysis for enhanced bridge hydrodynamics:a state-of-the-art review[J]. Applied
Ocean Research, 2023, 134:103511.

[48] KIM J Y, SEO D I. Three-dimensional augmentation for

interpretability[J]. Process Safety and Environmental
Protection, 2025, 201:107594.
[38] KOELMANS A A, MOHAMED NOR N H, HERMSEN hyperspectral image data of water quality:an Integrated
E,et al. Microplastics in freshwaters and drinking approach using machine learning and numerical
models[J]. Water Research, 2024, 251:121125.

[49] ZHI W, OUYANG W Y, SHEN C P, et al. Temperature

water :critical review and assessment of data
quality[J]. Water Research, 2019, 155:410-422.
[39] YANG J, TAO Y Z, REN W X, et al. Numerical simulation outweighs light and flow as the predominant driver of

of groundwater contaminant transport in unsaturated dissolved oxygen in UsS rivers[J]. Nature

flow[J]. Water Supply, 2020, 20(8):3730-3738.

[40] XUZE5%, VT 59, WRIGEAR, 5. 35 T8 BOK 0 22 i KBRS

K T2 FE 2 0 77 1A 7E (3], ARAL KR K B K 22 2
W (E R B2 R, 2024, 45(03):18-25. [LIU X L, XU X

Water, 2023, 1(3):249-260.

[50] CHEN Z, XU H, JIANG P, et al. A transfer Learning-Based

LSTM strategy for imputing Large-Scale consecutive

missing data and its application in a water quality



prediction system[J]. Journal of

Hydrology, 2021, 602:126573.

[51] ZHENG Y,ZHANG X R,ZHOU Y C,et al Deep

representation learning enables cross-basin water quality
prediction under data-scarce conditions[J]. npj Clean

Water, 2025, 8(1):33.

[52] SCHEFER B, BECK C, RHYS H, et al. Machine learning

approach towards explaining water quality dynamics in an

urbanised river[J]. Scientific Reports, 2022, 12(1):12346.

[53] HANJ W, KIM T H, LEE S C, et al. Machine learning and

explainable Al for chlorophyll-a prediction in Namhan
River Watershed, South
Indicators, 2024, 166:112361.

Korea[J]. Ecological

[54] ALNAHIT A O, MISHRA A K, KHAN A A. Stream water

quality prediction using boosted regression tree and random
forest models[J]. Stochastic Environmental Research and

Risk Assessment, 2022, 36(9):2661-2680.

[55] GAO Z Y, WANG G Q, ZHU Y, et al. Prediction of water

quality parameters and pollution exceedance analysis in

deep learning

Pollution, 2025, 383:126801.

models[J]. Environmental

[56] MERABET K,DI NUNNO F, GRANATA F, et

al. Predicting water quality variables using gradient
boosting machine: global versus local explainability using
SHapley Additive Explanations (SHAP)[J]. Earth Science
Informatics, 2025, 18(3):298.

[57] SOLEYMANI HASANI S, ARIAS M E, NGUYEN H Q, et

al. Leveraging explainable machine learning for enhanced
management of lake water quality[J]. Journal of

Environmental Management, 2024, 370: 122890.

[58] SLATHIA A S,SHARMA A,KRISHNA P B,et

al. SHERA : SHAP-Enhanced resource allocation for VM
scheduling and efficient cloud computing[J]. [EEE
Access, 2025, 13:92816-32.

[591 QU Z K,XIAO R Z,YANG K, et al Enhancing

meteorological data reliability : an explainable deep learning
method for anomaly detection[J]. Journal of Environmental

Management, 2025, 374:124011.

typical rivers of semi-arid regions based on interpretable

Research Progress on the Application of Machine Learning in Turbidity Prediction

of Urban River Water

LI Mengke, TANG Ye

(College of Life and Environmental Science, Wenzhou University, Wenzhou 325035, China)

Abstract:[ Objective] To systematically review the application status of mainstream machine learning techniques in river
turbidity prediction, clarify the adaptation scenarios and practical performance of different technologies, and provide
theoretical references for subsequent technical optimization and application expansion. [ Methods] From the perspective
of a comprehensive methodology, this paper elaborates on the application progress of machine learning models (including
support vector regression, ensemble learning, artificial neural networks, and deep learning models) in river turbidity
prediction, with a focus on discussing the differences in technical adaptability and practical efficacy among these models.
[ Results 1 (1)Ensemble learning is the preferred choice for river turbidity prediction; support vector regression
demonstrates stronger robustness in small sample modeling;artificial neural networks can flexibly adapt to multi-factor
coupling prediction; time-series deep learning models are suitable for dynamic feature extraction and long-term monitoring
of main river channels. (2)Combining deep learning technology with controlled experiments and physical mechanism
models can achieve multi-source data expansion and alleviate the problem of scarce samples. (3)Applying the Shapley
additive explanation method to analyze the decision logic of the model helps to break the "black box" and improve the
practicality and credibility of the model. [ Conclusion] Although the existing algorithms have advantages in computational
efficiency and prediction accuracy, their application still faces dual constraints of data scarcity and insufficient model
interpretability. In the selection of actual models, multiple factors such as water body pollution characteristics, data
availability, and operation and maintenance costs need to be comprehensively considered. Future research should deepen
the integration of mechanism models and machine learning, constructing a turbidity prediction system for sudden

environmental events based on controlled experiments, in order to further release the potential of machine learning and



provide more reliable intelligent decision support for sustainable water resource management and water ecological
protection.
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