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HE R TR, 5 e 5 VO A5 K TR S, MR RO TR b, R 210023

B ' Paved, AR R T, CIEFRSESsh 285 BB R 2 AEH, JUHAE A B SRk
KBS R A R AU, HLER o) R HARXHME G i B . ARLRARTE fUR W T 2RISR ) FIETE R KK
BB EIN T, e TR A At MR R pH SRR RDK BB B MR AOK BT
A B UM AE SRR, FEBI2E T LR S PR TR v foe e DL BILA 2 S B, AN TR 4 | SCpr el Bl
HLARMK S DRSS, B2 VAN A T LRI T4 T i HORS 2 TR A BT AR MR KOK O B A9 SE PR o 25 B R
SCEALAR 7 > X MR OO PR . SR B, AR T AR B2 RO R BERE A 0 FA MBSk, ol T
A PR 2R HILAR7: > KR T3 I 1 45 SR I 5

K HLaRF ) BB KT HL MoK

e RILA-4Fr, HFR/KIKET (water quality, WT) BIZF 5 Y YIRE s PHEROM 32 2 1 22 ml
IKBUEAAMEE T AR, OBIR T KA Y AR FOK AR S RGP sk, SdeEth
SR KB RN K AR PR T E, R T SRR PR M S T EEEIK
TEVRRT TR TR, U] SN X MR K5 Y ) BRI T, R 7R PR E N EUFEBCR M A2 HEA 45 4
HEFTRLE K B0 FERZVEFBR SO, BRIZK rPREE 15 e RS R X b 2Rk A G
BEY BT ErE, ZHILFE T KB T 2SR S E IR Y, oK BrAE I A R
TGRS 0T LI Z A S S W A AR RN AR, PR AL AR e Mo K 5T 5 T A A
B REER, (AR A HL75 2 AP IR HE LA RIS R e PR R e PR ) 1 JHR RS ), i
BRI, TR S LR AW & . BRTZER KB B, HLAF2 > (machine
learning, ML) RN IR EZAIEE:  (a) KB (b) KBTS RIS (o) AKBTHES", AZgik
BT RS RTANGAIPRGR, TFRAMIZE ML Zae iixd, dEmiHBh & A0 ML REAE AT
HFOKE PRI A T, SRR A A A A SRR 0 B AR

JKIFEEL (water quality index, WQI) FIZK B4R UE (water quality criteria, WQC) J2—28Z5E e K
FRHEREUE. ENTHE NS, BHSEEE S 0 2] 100 Z[RIFEUE (q) F1—PHE (w) o X
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pH {H. SXEESHUT M T /KRB AT YKo YIRS ENIKIR (water temperature, WT) | &, H
53 (electrical conductivity, EC) DKL (total solid, TS) , 7 T KK BRI AT GEAYTE L
J5*, KHULLAR F1 SINGH Pl SYEED &8 253 T ¢ Tk s hnny B4R 3, JFUii] T sS40
s AR M FKOK BT, XTI I RNAS S BAT 45 B 25 S I R XX SE S A B I i AL, AT
DIRE G M K AR REIRAL , I TR 15 it AR R K ot

Hor WQI 2 PMHBRER G IR KRB TCi AR, WQI H AR (1),
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LW Table 1 Water quality classification (WQC)™!

ek, DUERM— I —mZRaldE, Z8dER

ETRMOATRIL. T WQI R, Ak 02 R
A&t 37 UK B 4> 28 A5 I (water quality criteria, 25-50 &
WQC) o XEEIRME T ARG e 27 30~70 il
U AHMED 2507 I T — AN BRI ER (R 1) . 70~90 R
ARG AR BURGL, MK A 90~100 il

PR AR e
1 KEEETHEINREIEE

ML ERFEHEAGEE . e R I B RE ), AR IR AR TR G 2 iz
BRI ZHONG 250 /37631, 1990-2020 4E], 7K (47.63%) . 25/, (27.32%) . -3 (21.02%) FIUR
Yy (4.02%) 4 DINFE TR CFMESILE L T 5 855 i T ML RHEARBIFITEEIC.

ML TEAEERF RIS TRl i B A 4 AT (1) #H 70l  (2) FREE];  (3) Kl
FEE (4) Bl a Y, ML T (1) F1 (3) F29 KM %2>] (supervised learning, SupVL) P 4ria]
HFG2E, (HAE—E 0 T Wnl i@ 4R 2% > (unsupervised learning, UnSupVL) SZEE¥, ML W HF
(2) 1 (4) % SupVL SLBL, BN T (2) iR FH A LAEH 73 7 (linear discriminant analysis,
LDA). SupVL FEZHFMFRINEENE, FlIanfokd) (PM, ) T, KGR AT PTG FUR K A A PR R e
i, ZHONG 45 @it 5 MURMEZRBINA T ML Al 2 22 aAEE T, JEREAR 1 U4~ 320 FH s,
FIFE . FAIEE LRI SRR RS R, RIS T ML 7EREER 7 5 T AR
PREFASA L . SYEED 8 511, TRk B & R E U MBS, o R HEh 28 ML #5
BT R LA IOK S IR B A 45 ki . 2000—2020 4FJE], 56 ML R T A e A6 SCEc A
310 FdhnE) 3 444 5, Uil ML 7EIZF 8 U S22k s n . 21 22205, #55% SupVL By H b &
SHAL, (HFEA 21 2205, W SupVL Hl UnSupVL (R IR T

IR, 2R 4 (neural networks, NN) FIVREE“:>] (deep learning, DL) FEIZSTIIRTS T H 2%
H, AT, XS SCERE N ML BSOS SUR R 15%~21%"", R¥E ZHU S5 (afsE, K
HFHEFK TG ML B3 4G B 25/ N2 2% (bootstrapped wavelet neural network, BWNN) . AT
25 W 2% (artificial neural network, ANN) . H [ 425G % 5l F- 4 (autoregressive integrated moving
average, ARIMA) . HZ& A THHZ /% (bootstrapped artificial neural network, BANN) | KA #ic 12/ 2%
(long short-term memory, LSTM) . nash-sutcliffe %% (nash-sutcliffe efficiency, NSE) . 2z 2R 4%
(polynomial neural network, PNN) | 2% kA 5 28 W 2% (cascade correlation neural network, CCNN) |
tsinghua/temporary deepspeed (TDS) . VREEFHZEMZ4 (deep neural network, DNN) | SZHf[a] 5[] (support
vector regression, SVR) . BHHLEEAK (random forest, RF) . 7]l (support vector machine, SVM) #l
LALLM ZS (convolutional neural network, CNN) .

TEMAFRAOK BUE DT, B ML AR TKB2E . KB LA s b A AR A5 #4850 . 31X
HrP BRI (decision tree, DT) il RF, SVM #1 ANN, LUK LSTM, Ja# /2 ANN Bk —f,

Pl AR RO ER = — %000 3, BRI ME W B 27 9By, ghmifliit
MRS L R e . XS RA MR OAE T BN BIENRE ST, BITEIS BB B i RE e A shif AT
H, MIATFENITFRE AT EHERRRAE Y LS I MR L, TR UL —Fh oA
TR A
11 WREEE

DT /2 SupVL 53k, 78 ML il s HT4r2mmlie . Bl G RRRESH AR SR ), 7
PSR, BRSR A (ERPE ) RE RN RN, R S ACRIMEREE R, R (8
219 ) AR IRaEE R . AR 2R X, BRI 2 Ry SR
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ALK, HEEAE 1 FR.

DT BA /K B B 4 FHEAG B 42 i
ERPLE, DO FREZAET I RIPME SRR
EHEHERAF], AR TEdE TR FEEUE R, 432
VISR P E A o PRSRA BB R R b b A P
SORFIZSRIAESE, TR EEARE R 18 H 2
2, BN, TR AR Al R A AR
AR (COD) o Hk, /KR & e sl
SEREAE S . PORI AT B i A B, 4
AR —Ab, SR TR TR, SRIN, 1
KBS H, PSR ] RE S B TR Z R
PAIE NZEE T R REATIT AN 12 AL 2B 5%
KL b, TS B A BB oL, X T RE
SEOF BRI FPEREAVEES,

1.2 IHEENEE

BIRTETL R UAEFR ANN BRI AR Z TIT El1 EE DT # RF REE
Sk iz N, CIESEE T2 M g E:, Fig. 1 Schematic diagram of single-type DT and RF!**

(B SVM BIELEVFE B GFES T DA ZE S 46
ST LS SR 50 6509

SVM & —Ff SupVL Bk, FEHF4IEM
W4HT. SVM it T — AT i X
SVRIRISIIBEA A, (A A 3 5
Bl SVM B — et Wi 2 s,
BATERCREA | IR T I
TR AEHIRIL T SVM AbHIE
RIHA BT, RS T A A B
SRR, SVM LKA 4TS, RERSR
FSICRIFTE I, EABORIZ A ), BV
LA N T L A m A R
BN, SVML b FF AR B R A B
W AN (M B b, S iy
FRAKTERBGLBHIRT. ML DT H 2k 2 swwmEE
ERORIZREE:, SVM TEAT FROBCRAE [ Bhk Fig.2 SVMarchitecture
T RLEMERE, B TR BRI

SR, SVM AKSRAEFHIAR R P bR 25, bR (R sRA T R 2 ELR B R
AR LT K TS ST HO, SVM 7EAb R A ISR el 30T PRt A
RS TR BTN SR, SVM AR B REAURE, A TR T Bk S T A
MR E ARG 5, SVM BT SEGR AR N 2, TR B0 20 I RSOk
AR 3 I AR
13 ATHEMS

ANN SRR RIS B 7 s RGETT 2 HA A A k2 e R, i 0
GBI, AT T DU B AMETE, (5D ek R, M. AT
WAL (ANN) K B P B 2 ARV k. ANN S AR B A AR R 2, AL
RSB, e e s MR B (. SATT, ANN JBi s Rt gsce, Hiy
TEHLEIE LR, Il PR L S R VIR, X IS AR SO B PR T 1k R 3

TE: KO, MinfRR SR a4
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H, RAEIRCAZIMES (LSTM) AT LIHTF Il FPalBis i S (EAGIN, P 3 ik 1w HIRORE TR ) 5k
SRR TS S 4 (A LSTM.. ANN Al B K SRS BCL (RS Jii U], 2raokE, ANN /KR
B P BB I o A RS b BILE g AR IR RE T S AEAS B ) e AN , (ERCSE P o i R oK
TG IHFE BRI, Foal G BRI, el M p BT 1%,

@ L] h
— RIMERE
—  RUEE
oo EEER

XA
Feix
B

ITHE &
(% Hsigmoidi &)

[ ]

©

®
BNMEREL
(IB% AtanhH )

(B Atanh& #)

\\\
BN ER ~
3 LSTM Mgz
Fig. 3 LSTM architecture

i LFTE, ARSI, H ULRIHLAS T AR A R E BBk BN, SVM TERAR B AR
AR, (I IEIREAN SRR, INGRHEE . ANN BEEREAOCR, N RBERE, it
AT, ELIRZRESHEREIRXE . DR 5 TR, AP BREORAR, EASEUG . MNUERMIEZ AL
AL FRILTS, BABUFARZARE ST, (AEREESE IR, ARMELURRE . KNN SCELRIE, Xt
FRLRPEREA R, AR RBAE AT SRS R, B SR (EBURR . DRl S A SA T 25 IR . (R
ZRPERGEE AT IVE, Gl R A AR T3 . ARAOK B B P b L~ Rk R R 2R
PR T ) IR G LIS S ER RGP, TRIES ) () 2 LM A 2R 2 Xidls, DAK E 3
LA~ (auto-ml) LARIHkERAERIUFISEL. RN, RAsm Bt pf Rt Al iR, it Lk AL
PR RES T A SR BEE R . AL, B A SR R R A SRS L7~ D7 KA TS R
PEARZALRETT .

2 HREE IR Ik K B oy 2 T S A h RO 2 AR

WLas TR A AR BT 532E . P S i g I E ARG A, A WA P A 1ok
AT H . BLas 2 S35 T LUE A Dy oK BRI, B s ok iis Jup2eny, fEbas . M
IKIARTE YR, BRI MEIRCR; Sl AR K RS s, UMK SRR, Sk
IKBLRGL, Fan, Ba]FE oA AT Rl AT FHR T e ik B i As fka s, 55 B OGHRT THE AR IV AT
Tt HEAh, AR NERE S A AN RIS S W RIS AR RE S U K BrEE T ) S (B, RS e s e
4, PRALRIATIES, SHTZE GV, HLEE IR SER ok A AR A A RS T, St
RIEK B A A R 45, SRR AN M & 1K B AR A ER P, 8 A IR A PRI AR
PEERRHE SR TR
2.1 HERFESIRTKESE

3T AT b DX 2T S A SR TR K B AR ) 2R R U Sy T AR A BB, BIA
WOQI F5EO T e NS SR R ERRE 2 G 275 FEe e bt Sk, e KBl i 24t
}% DO. BOD. NO, . pH {HAl ECP**3_ Hyk, COD. TS. TDS. Wilgsh (PO, P, s | KIphFEift
(fecal coliform, FC) . S KMGFTEHEE (total coliform, TC). S KMEFEYNE (total coliform bacteria, TCB),
£ ¥ (Salinity, Sal.), & 7% [E 1K (suspended solids, SS). &L45 #/L#k (total organic carbon, TOC) Fl1Z& &
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(ammonia nitrogen, AN) ZESEt ) v2 [ FHPS 550 SXBRFFE R T 2 F ML BRI /M K gk
P, DMREPHSHERRERRCE ., X2 ML BN G OAITESR 2 o, G4 RT3 2 Tl RmsE =)
e IR, FRATTAT LA 24K B sE h s B8, SRk S IR A
PORAR AR AR

®2 ATKRSENVER ML 5%
Table 2 Common ML algorithms for WQC
7 FH 45U, = R S5
PZRIZE (N TAZ RS Jm 2 R ) (535
BERLARARE

ST AR
S L

SRR

KB B
(B2 WQIFIWQC) SR
K4
BEALIY !

VBl U221 B AT

REHE: RFRGIE, ERMSE SR, CVEERFATT L
EOR/¥/3 e N E PR AT U B 5 -2 v I S By VA Yt ke L U e S S

XFZ et (multiple linear regression, MLR) #l RF 5.4, HASSAN Z5% & T — @440
PR, SERPFMENEE 3 AARIAKESEH (KA. B2EANEARH) Bk TR B BB B . ZEfTH
MLR. RF. Hi5Mf (boosted trees, BT) . NN Hl SVM Jp2eiilrh, PERER I 3000 99.83% . 98.99% .
98.99% . 98.65% #196.98%. NN, BT Fll SVM X e g plas= I AIZEXT pH, EC. DO, TC F1 BOD iX
LS BT TP R . ANN, DT HI SVM ek ARl 728 i 2 [ AR PRI R 24 6 R OT TR
i, Pt 72 R, SHAMSUDDIN 4505 [Gl#Ef F m BRI 2022 4F 22 iREmr sl itk i 7 222851
IYHHFGE . AATER T ANN. DT Fl SVM BRI T 28R 1T 2% 047K B BR Atk At i B BEFT T VRG34
X, X 3 FMERIAPERESIRE T 85%, ot SVM B2 WLERf EEAUGBE 73 3 96.35% F1191.97%, ANN Hy
95.62% #1 92.06%, DT & 94.71% F1 89.22%. AL, fbAI1&IL SVM FEANFE I EL A FN Tl WQI J5 iy
BRI T ANN, I HLAE AR FR /NSRS I A58 P B pR B AT e ek b BT b . SRVl B E S feid
KPR RREL, SILLBERG 255 R I T AR-SVM FEIFHLEA 11 DMK ESHORI K B 4025, H
W, R FEERKESEMUSRE A (NH,-N) . TCB, FCB, BOD. DO F Sal. 6 > 3B /K TS En i 5 A
FEHHEE 5334 0.94 F11 0.84, AR-SVM BIHULE 16 PMEHEET T 15 1> (93.75%) TS T RAFH—8tE, I
LG K A B A 45 R AT BRI . AL-ADHAILEH #l ALSAADE™ {ii i ANFIS. KNN Fl
FFNN Tl T EEEAN FIK AR /K 640, ANFIS 76 WQI B /R AL S R AERf:, [l R ik
96.17%. FFNN FAIZE/32E WQC B e s i i feuc 1, MERA ARG B B 20 1128 2 100% 1 99.96%, 1M
KNN BRI FREIRE 7351020 80.63% H1 82.50% (4 3) o BUI S5 FEPPAL TN Y F BEK st , (4
T A ARV 12 MRS EIRIZ I, X R PEREZ RIS R K RSB AR 16 16 DESGIIER)
Bkh, IPARAEREI R L, (HASERITR (bagging-aided regression tree, BA-RT) Filll] WQI FIRE S Fciit
(R*=0.941) , ML A YAE-[A1JH# (cross-validation pruned regression tree, CVPS-REPT) fiiilll WQI (158 /1 H¢
fI% (R*=0.853) . FETWIR SRR A E A RIS e TS AR, SRR G ARERTES

DA 5B R Lgi 2y > S PR B A or2E, Hoh MR, RF, AT, NN fll SVM %771k
TE T A (R A R A s HR A R B . 6 KB AR AL BN WQI Fitil 7 1, SVM R, ANFIS,
KNN ., FFNN 507 N T2 SRR At . IXSemios R, SR~ i e PRI AORRL, o
HER AR AR, AT RELEAR AR TR AR B 5 432k ik S a3
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*® 3 TERFRASERERES XK R LTI LE R

Table 3 Results of water quality classification and prediction using machine learning by different researchers™ %
BA GRS R %/% KEHf%/% 4 15/%
Pz o 2 98.65 - -
REHLARAR 98.99 - -
HASSANI®! ZWA B A 99.83 - -
SCHF AL 96.98 - -
Bl ARy 98.99 - -
NTARE M4 95.62 92.06 77.39
SHAMSUDDIN &9 TRy 94.71 89.22 76.35
SCHFm AL 96.35 91.97 84.89
SILLBERG!¥ N TR -3 ) AL 94.00 84.00 97.00
AL-ADHAILEHA K- 40 80.63 82.50 86.84
ALSAADE!™! A 26 P 455 100 99.96 100

L5 bR, Pl F 1K B2 rh I RHPHR T 207 IEEY, INRERS BRI i S A, A
PUIKBENAVE A, FEII S WA, AT e K B BRSO A N . A, EibREm
D NTIEAST T i T A R . SR, B0 s B s A A e, AR T RN SR S M o S B R IR M,
TG, DL SEE R A AR s R i i T ) iz R R R, HYk, pH. DO %53
PR R R ] BESZ BB RS E PEAERfME . LA ST K B 2 h R B 1 A AT B8l A
PRSI I 2 DA, (B B A s RO E AN Sh S PR BT R R 520 (pH . DO TDS S852Ma 7K ) 75
E—2BAAL, TRRAILAS = I ORI Z= i MR KK BT 73 S R A SR PRI T A, LA IRTE
SR I RS e AR .

2.2 HBEFSIRT KRBT

P T I ESTNAT B TS K Bzl AT | OUAHER i SR . 3R K IRFEACR . BEEUKAL
P51 DA K KT e SR SR ) A KGR A B b i s R OCH A (. ARl AL-ADHAILEH Fl
ALSAADE . Khullar #l Singh FUBF5E**, Z8h ML Bk C#oliZh i TX se AR5, & 4 P Egs 7L
PR TR INAY ML 59k, o ANN, BREEFRZEMZE (DNN) A1 SVM PRUFECSpafet: migie i (i P . 7l
FAOK BT, AN S R DO. KIE (WT) . pHE. SS. NO,”. TDS. EC. /. BOD A
COD. & SYEED 4™ (5, A7 it oo HEEE vl FE . TS B At sl A 28, iR Ta
RE. AW BRRRER SATHURITCHLTS 34 (K 4) .

*® 4 KERFNHELR ML &%
Table 4 Common ML algorithms for water quality prediction
JNj FH Gk A

PSR [T EY
SET A AR AR SEdE R A B BEAUAARA SE Rt Ak - B0bh L 42 710

FFDNNAGIR AR . WLSTMAR A
Pz o 2 SOHAR AR (R AR 24 . — A2 2 | PEERANZE LS | TR 2 2% B AR 1

N CEBURLE IS KAHEILI R L) 055 0700599
SYALBIR AT
SRS T
CPNGIERS

EE O IR
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&

U ¥
s (DICCOT)
W (AS)
i (Zn)
A€
A (F)
£ (AD
@ # (Cr)
i (Cu)
% (Fe)
I52)
#(K)
HHLYY (R A5 )
@ 41 (B,)
TR
N (C
% (Cr(v1y)
ﬁ@‘ ;:E’Z 2n+2

i 1<
® 5o

A f%ﬁ‘f/l@? (o,

B4 ZBERER M. KF EYFHERZ) 3T 69 NMKRSHFHITHHE
Fig. 4 Sixty-nine water quality parameters were categorized according to natural factors (e.g., physical, chemical, biological,
and bacteriological)

IR S (B AH S B BN S EARE rTRE S A Sl PG A S s B e
HE X R B EZLST, filn, ZHU S50 WF58 & U i FUR 2 EROCHE 2K sz —, B
pH {H . HEEFEEY) (NO,) IRESEMASEA BEMIEM: bR T IIEEE SEHE s T 22500 5
Ao, BRI ML B0 T AR SR T, 4 A A ™) sl (57 fame!

R T XFARRACIROCIEA T, H DLAY e N R i SRRl N LR 45/ Wb s e R e i, Bt
BlliE, VYENBIRER AR &ZE) ML R, SR1, A2 BB AR sl ik A, X nT A a8
He At 2R A0 5 (oo 3 A K SO 0 s AR S S A B T (AnZ2 0T DL TR e AL PR A
(MBUP) ) " Sfefigde, TR ZABIIE L, DIREMIR AR, Shmdkt Bk m . R_2E R/ M
AL, filan, ANN A SVM Bk B sl e 7 oh ENR A S AL BRR R . SVM A S80Itk feid
YILRHIRE ST, R ik, R, SRR A F o TR ST 25183
AR R R, TR AR AT BB T —AR A . BiAR LIU 2607 45 R~ >) LSTM BRIy K ar s
41, {3 KHULLAR #1 SINGH" $§Hi, Bi— CNN Fl LSTM BRI A 7775 5 2% B v AN 000 v B R I A 1)
L, MRS CNN-LSTM RN sl el (35 5) o LAk, 456 JeilidE LR (U CEEMDAN)
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x5 FRANEFIFE COD WHUIME S SERMERIELES

Table 5 Comparison of predicted and actual values of COD obtained using machine learning™*!

Jiik T L

SCRpm A A 0.491 0.711 0.596 54.28

PN EA TS 0.566 0.652 0.521 54.21
FEHLARAR 0.487 0.568 0.614 53.24

A 0.401 0.480 0.556 51.29

IS R IRV TS 0.328 0.401 0.358 46.82

il G B FRRZ M 2 AT 0.218 0.268 0.214 3422
TRBE S ] - S T2 I 4 0.015 0.117 0.115 20.32

FIRAR EEAR T DL SR R A8, Sk 7 WK S mnil A

PLas K BT a4 1R A SRR, il B AR ARk sete, I HEA
SRIGNPERZ AL BT o SR, HCPERE S EARORE TRR i, HLAR AR a5 B BRI T RERR ) HLAE S
BRI B G E IR . BEAE, LA RSN R AR R R A R R AR S22 2] /K S T s
TR EENR . P, BT KBk 7 B2 003, (BN - T ikt B e e
ARIBRIE . ARSKAK BT ATA S T RN ) T AR o I AR G, X SERINES & T 2R ok
e TOUIAR ARG PO R, TR AR IR (N LSTM il Bi-LSTM) 156 ik B4 Ab B A (4
CEEMDAN) 77K B S0 1 s A s o108 22 [ firid, 454 LSTM. Bi-LSTM 1 CEEMDAN
BRI GRS, Sl RAMIT MM ARFEK TS ECZ BIOCER , BB 12 B R B i A 1 B AT ]
P, BOAAK B A BRI A= AR AL 1 SRR LA
2.3 HSERFEIATKRFEERED

TR, POIBOKEAR SRR, B, SRR s A —BU R, sl
SR 10O S R K BT ML AR U A P SEAN RN B . AR 2B i A [
ML BERIRT DA AR T2 TAR AR T R AAHER) Sup VL AR, DLECAMICH: TARESAE R
FRME ] UnSupVL B8, T SupVL ARE 5 ZHRAARTRESE, PRI S T8l 5 HE 245
FERYSRh o TEEORAR TR A = B M LR R AR BRI TS DL T . UnSup VL BERIATAE Sy — A4
Bk, RUSSO S50 [l 5eda it UnSup VL BASREIE S AE ARSI R TP i i

6 A H T LA T 5 R A ) ML 53 %6 AFREERTIAET ML &5
o PRI AP IR T A RO B Table 6 Common ML algorithms for outlier detection
ARSI E b, UEAbBRER AR PO B

SRALIECHER SRS, T R TEER
BB ATTT a0 NTTOE AR K e B 2R
SR

(IS Uy

MUHAREMI Z5M% FrAs T ML B4k 512 4 A
IHFEK BT (WQ) BRI ERG: I, LASANIFIAR
RIAE K AP TP R 8. ik, AT T
SVM. ANN, DNN., RNN, LSTM Fl1 LDA %
ML 83k, 5B EIHMEITX . SEIREE R4
F1 5340 (— R PESSbR) HEP, K3 SVM A
F I AE F1 0800 0989 1), H KL DNN
(0.948 5). LSTM (0.902 3). RNN (0.834 5). %
R[] (0.602 7). ANN (0.576 8) Fil LDA (0.082 0).
% SVM., JBHAITHI ANN #b, HAd A7 Ab 33

KAz
NTAZs 0o
VRIE R 251110
IR IS R TRERA 22 [ 25110
LM B4 0)
A s ST LA BB 2 2L
FEFEFFI
BB TR T
DL ] UL 5 AR
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AR R B B R AR S5 1

PR NZEATERS T NIAE5R, 48 ANN (AR A BIEHM AT M4%) . DNN (B 24~
FEOBUZ 1A B T RNN (A ZAMEFIRGIRZ 1Y) o Hidt, RNN AR IR, RV RS R 15t
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Application of machine learning to surface water quality management
WANG Guangtao, ZHAO Wen, JIANG Yujing, LIU Juan, ZHU Wenlei, LI Mei"

The Frontiers Science Center for Critical Earth Material Cycling, State Key Laboratory of Pollution Control and Resource
Reuse, School of the Environment, Nanjing University, Nanjing 210023, China
*Corresponding author, E-mail: meili@nju.edu.cn

Abstract Machine learning, a key subfield of artificial intelligence, has been playing an increasingly important
role in the environmental field. When dealing with complex problems in surface water quality management, it
shows significant advantages over traditional methods. This review focused on the applications of various
machine learning algorithms in surface water quality management. It analyzed the effects of different water
quality parameters, such as dissolved oxygen, biological oxygen demand, chemical oxygen demand, turbidity,
temperature, pH, etc., for surface water quality classification, monitoring, and prediction. This review also
provided an in-depth discussion of several machine learning models that were commonly used in real-world
engineering applications, such as artificial neural networks, support vector machines, random forests, decision
trees, and deep learning. In addition, this review explored the application of hybrid models for improving output
accuracy in surface water quality management. In summary, the realization of machine learning for accurate and
efficient management of surface water quality not only depends on suitability of selected parameters for specific
algorithms but also relies on reasonable use of multiple machine learning models to increase the credibility of
the output results.

Keywords machine learning; environmental engineering; water quality management; surface water
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