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FEEE 1l WOl K BTN 0T T K FR S U JRE A BRI SRR T 7 e ) BT R AR S B S AR SRR I T — A E T AR AE R UL AL (Enhanced
Feature Extraction, EFE) SR 2 245 (Convolutional Neural Network , CNN) A A BFEAZ 2% (Long Short-Term Memory, LSTM) 47K JiT 55 4%
FOASAL . 7 58 A CNN $RIBUH ARHAE T 09 =2 5015 8 SR 05 R T LSTM A 4R 7 1 ARG 2R, S5 AR 5 SRR S 7K 0 26 T (19 461 2 bF
B0 AR AL G000 6 FUE R A 28 P 45 (CNN-LSTM) B AR AE CNN L AlA T EFE 254 327 T RRAE IR0 A T3 RS ARL (A e 1k . R B 11t
PRI 12 T BOAE 3 2022 4F 7 ] —2024 4F 10 1 i W I BScHis , % ASE 280 F000 1 A 1464 7 90EE . 45 SRR B < 7E 12 )6 7 WO il /K R S 4 T v, A SC
2 11 1) EFE-CNN-LSTM #8714 5 /£ 5 119 CNN . LSTM I CNN-LSTM A U AH LB AR F -score V- BB A& T+ 2 53 518 T 1 24% .29% Fil 9% , ik 1
EFE 251 1A 5otk . BT 12 9 2Rl g AR B XIS T R, A B T L A AR AT T R T D O K B K
SR AT SRS 1 T R A

KRR HAE SR IR s DLES % SRR T O 3 5 7K T
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Research on water quality prediction model for municipal pumping stations
based on CNN-LSTM with enhanced feature extraction

CHENG Yang'?, YIN Hailong""
1. School of Environment Science and Engineering, Tongji University, Shanghai 200092
2. Shanghai Municipal Drainage Affairs Center, Shanghai 200001

Abstract: The prediction of water quality at municipal pump stations is of significant guidance for the operational management of urban drainage
systems and the control of river pollution during wet-weather events. This paper proposes a water quality level prediction model based on enhanced
feature extraction (EFE), a convolutional neural network (CNN), and a long short-term memory (LSTM) network. The model first utilizes the CNN to
extract rich informational features from the input data, followed by the LSTM to capture temporal dependencies. Finally, cross-entropy is employed as
the loss function for the water quality level prediction. Compared to the conventional CNN-LSTM model, our proposed model integrates an EFE
structure into the CNN, thereby enhancing its feature extraction capabilities and improving overall model stability. To validate the model’s
performance, monitoring data from 12 municipal pump stations in the central urban area of Shanghai, collected from July 2022 to October 2024, were
used. The results demonstrate that in the prediction of water quality levels across the 12 pump stations, the proposed EFE-CNN-LSTM model shows an
average increase in the overall Fl-score of over 24%, 29%, and 9% compared to traditional CNN, LSTM, and CNN-LSTM models, respectively,
which validates the effectiveness of the EFE structure. The model achieved high accuracy on the test sets for all 12 pump stations, indicating its
excellent suitability and practical engineering value. The research methodology presented can provide a valuable reference for water quality prediction
at municipal pump stations and for the formulation of pump operation and control strategies.

Keywords: enhanced feature extraction; machine learning model; municipal pumping station; water quality prediction
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1 3|5 (Introduction)

TR PR I Al AR v 3l DX T RO ™ O, AN 38 7K b TR T 30 F AR08 32 el R R K A2 s 3 n . A2
2R S VA T B il ) HE K R G, AR Tt H 43 BBCHIE RS AR Sy A v HERICRE X, TR R I T K A8 O o e R A2
TRHEAT AR IS T % |, 28 T B il HE T RS2 9N K AR L T SR AR T TS Yk B R HE K R GE RN TS 43I
A, VA RAE R OURR Y L5 58 2 55 5, S 35CHET 22 32 G /KA b i 3 e vk B 3 v, TRTE K BN e R e
KB DIREDC HAw, H2 H I ITE FR SRIG  Ti ECR  T R AR 28 iR I X T T 1Y) 32 B e HE ORI
2 AT T K BT AN R 1 IR TR A A 0 BT T AR K BT AT S, A T RS T B S R
HER B A A ] SR, Dol o) 52 AN K AA K B B 7 A

B8 G Bl 27 T I VS A g, ORI 22 1) 1 58 38 T G K AL g 2 2T BRI 38 K A 05 el (78 0 25 4%
2023 ; XNZNAE, 20245 FF A HE55 2025 ) AR VAT, AL 7 T S Bl AR sl i, A7 oK 55 10 & e AR R 1 R B 194
i, XA AEHLAS 27 > FEAR LA 3 A BN K 5T A7 ) T b 2 I 28 Hy 1 L 17 20 ) FH R G5 A R A1, T
7z TR K Z2 58K o U AT (R 2055, 20205 Noori et al., 20205 25 55 g 45, 2021). i T4 BB 48 ) 2%
(Convolutional Neural Network , CNN) (Khan et al.,2020) ZE 5 AE HE B T A O0 SR BE L B P 25 (2024 ) M 2 T
BN R oy VT 9 I R IR % v TR 731 i N U e A e e 6 a7 T BT S T = e S
&, KA BHEIZ M2 (Long Short-Term Memory, LSTM) (Graves, 2012 ) 7£ 7K 5t T 450 55 2 4 i 4 762 >fe (Bt
55,2024 1 T ZR A, 20245 Yin et al.,2025). 24 1 e #- BU A K B bR BOAE B A A SR bRy 1 /Y
JAIAYE , — L 50K CNN 5 LSTM [ 28 9 6 R A 2 1 5L T CNN-LSTM (1% 7K BT filI A A . Zhang 55 (2024 ) 4
Y R R AL 3R Y CNN-LSTM {8 7K A 7K BT A AL Barzegar 45 (2020) 42 1 1 = 2 45 BV 28 [ 2%
{1 CNN-LSTM Y] ] 7K 44 7K J5 7 I A5 Y . Yang 45 (2021) A4 12 1 190 )22 45 FH bl 28 199 2% 9 366 74 )22 LSTM £ CNN-
LSTM Vi 5 7K A4 7K J5T T A 76 . A% 258 19 22 )22 CNN I 2% 25 44 ( Barzegar et al.,2020; Pan et al.,2020; 1 B 45,
2024) i A 285 A B AN BB BOE T — DB RUZ X MRBRISE M BRI S5 T (B 7E:
HESEIURE T AR e e V7 TR — 2L b TR RS IRBE ) |, &0t Z2 R & A o 5 |, i
LM B RHIE AT RE © 2 JCIEERR M F R R A A RRIE ) T SUE B EERE AR e e I, 2 )25 )2
St PO B BOE T BRSO BB T R MR S, 1 USRI R Te A s

ARSCHE T — 5L TR AR $E B AL % CNN-LSTM 7K 5T FUii A2 78 . 545 58 1 22 )22 CNN W 458 A8 [A] 1) /2
ATCAE CNN _EFlA EFE 4584, HLAER FHRRE 52 B0 8 ) FSE RURS 8 Pk EFE 2509 G d6 5k 22 1 4 A 2 3 — 1k
PR Y . ke 2 3 HE RE WS AT AU 22 il 22 J22 CININ 190 28 v A P o T2 1 2 1) R () s RE DRIE 28 3e 22 J2 RS TR il
Ji B 72 SR RE A% WA M A T W) AR AR R Y R SCE B R — R ERRE T 2 A A
PE— 2D G TR LS AR SCLRL b T R X 12 38 T R 0 2022 4F- 7 H —2024 4F 10 H # i 0 i dls S 52
X4, e MU T 2 K AL L BRI O e AU S F LA B B TR TR AL B8OR I3 50 A BB AR i A RRAE
AT A IR AL SN 4 I 22K B A R A PERE L 7RIS AR v, S5 £ CNN L LSTM Al CNN-LSTM £ # iJ
XL, LSAIE EFE 2548 1943 R0rE AR DISE b ASBIFSER AR 12 )8 S ul S B 1 A i WIF9E 05 i ml oy
T IR 3 7K I T K 52 3l 3o A 45 ) SR 1) 1 i (b A

2 M5 7% (Materials and methods)

2.1 HiEEKIR

WX Ry i POk X HEK REE . AELE A BT 28 i I B B0t HEAK R X B 4 A X S5 1 O i JL itk
L TRICT 12 T BOR s AR AR G EAT TS, AT 6 JAE R K SR B N 6 JHE 5 I R o, T E AR TR BV
iSRG R CII {81 RE IR/ = S TIBTE

ASSCIESAE A 12 9 AL 3l AR TE 2 W DU KRR |, I ) 25 8 R 2022 4F 7 A —2024 4 10 A %58 2 A 5 RE
T KA B U A O A T LA EIOR B TR TE AL RS R A, DL S AR 2= 75 %8 i (Chemical Oxygen
Demand, COD) 124 A (Ammonia Nitrogen, NH3—N)%T'§1‘/‘3%€J§F .
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E1 EhOEE 2R RS TR ST
Fig.1 Distribution of 12 typical municipal pumping stations in Shanghai downtown area
2.2 FRNERIME
220 HEEEEGZITIEZE A SCHE ) EFE-CNN-LSTM A5 1 45 44 40 18] 2 T 7 . i A KO 2 i 120 /4> i Z1 1
R T LKA, L R B 9 B I T LR L B TR TF LA 2L . COD B NH-N F8 AR iR B2, 4 s A58 o2 24 i
i ZI ) COD 5% NH,-N F8 bRk i . % J2 31 COD F1 NH,-N B4 M B 520 19 ¢ 2 |, BF LAAS SCHR COD 1 NH,-N 847
o s 3 [ B2 s o b

El2 EFE-CNN-LSTM #8154
Fig.2 EFE-CNN-LSTM model structure

Y — 2k phy DU R B2 0, 23 ) e A2 B O PR R R — A 4 3% (Fully
Connected, FC) )2 , ERHARAEE i e 45 0l e AE B , O (0 )5 SRR AR B L G FR R = )2 EFE-CNN 25/ 2 AL
AT DL 200 2 U A 80 B A6 B 4 B L AR . 20 B AR A B S BN E A R 2 LSTM [ 26 2 %
2H A BR B . R PR AT LA SR BCR A R BRI OC R L S, )2 Y FCE AR S0N AY B AR
EFE-CNN-LSTM #5213 i il 5 45 BV 28 0 28 5 4 BB AZ I 26 O SR AE DL 35, TEOR BR 25 I RRIE 4R U5 1)y
BLRE T LA b, W AR T TR A Bk
2.2.2 EFE-CNN4i# A3CH2 0 EFE-CNN 2544 W 3 iR . 54 EFE-CNN B 16— > — 45 T2
Conv1D JZ . —/~ RELU J#7 R %L 5% 2215 31— LayerNorm J2 . $E £ — 4B T LA B FYUZ AR BT A
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i 56 UG B2 5 RELU B0 pRECRR I 7 > B0 (] A AR St 56 3R IR s e 84 . st A B8
XIS P RPIRES H (X)) A1),
H(X)=RELU(WOX + b) (1)
A, RELU S 30E eREL, W o B BUZRE S, © B BUE T, b A E 0 it . & 3 K (4385 EFE 2544,
LFE IR 25T N 2 0 — PR oy . AR 253 AZ O A 2T AR R (2).
F(X)=H(X)+X (2)
SR T 0 3 LA B 30 o Ok R (R A A
A 3E o AR ARG, R T s AR S S 8N
o BB < ) L 5 ), 3 2 g A e e O 1 IR )=
FRIEXTRI IR A LR SCfF B s st /e i3 — 1k
R — b2 PR A — AR 3 — 1L
HEVR A FE (B FEAR ) I3 —1k , 117 J2 3 — b R VR R A 48
(CRAREAS ) IH— Ak . RIAS SO RE AR 22 [B) - T8 51K, 9T LA
b a2 ) =1 = B F A =Y = B v B oy L Sl = N U ES o
G 3 REA Y HI AT 22 00— L TR R S mf;ﬁiﬁxﬁﬁw
R 2535 He M2 A — b — F P RDE BT R AR 4
FI, BRARBE T B2 RAE ORGSO T 190 48 X R 445 P 1 3 o 1
223 LSTM M4  LSTM 4% 2 1% 2h i 45 [ 2% (Recurrent Neural Network, RNN) i —Fp A8 (K | & e A 5L
fiff TR RININ [ 45 2683 85 31 2 JRI1ASfS 85 g A A ) 2 LSTM [ 45 RS EAZ B e 5 M AN 18] 4 7, Hop, € 36 7R LSTM g B4
TCIRAS , h Frm BT BB 2R B CAZ B AT & 32K TP 8 F - s3] s AT TR T g2 Bt 3R
FERGERITAR AT B, TR S5 R W) 67 53 BT IR A i S B R 447
AT TR D A B S T RS A s e
Sigmoid PRI H 5 I R B/, FH TR 1 1 — B 2 BT
W& C, . B RERE, AW (3).
fi=o(wx[h,_..x]+0,) (3)
K, b, ET— B 200 B2 RS &, S S BT 2 Y
B AAEL 0, R b, 53 A AT T A ASCER i . A AT T
SR T R T A OCIRAS 43 WL (4) ~(6).
i,=o(w x[h_,.x]+0b,) (4)

C, = tanh(w, x[h,_,.x]+b,) (5) B4 LSTMIgIZH# T 44

C=C_ xf+C, xi (6) Fig4 LSTM memory cell structure
S € WIERIRES . €, WHF M TEIRT w0, Ao, 4510 A T T4 B B TE (RS BT b, AT b, 4351y b o
F R 1413 i Sigmoid BRI P 25 tanh S0 SRS 1 B TR A5 ) L T3 (7)~(8).
o,:U(wUX[h,_l,x,}+bu) (7)
h, = 0, X tanh(C,) (8)
S by R EARTS o, 11 b, 43501 141 EORCTR AR LSTM AL B TC 4 M ot T F WL S0 T e i
R A B BB A Mo 15 K SRR S

3 SEIRIZIT (Experiment setup)

3.1 HiEmALE
311 AEREREOBIEAE A A RS AR R R FE R AR, I 2 — e RO i T
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AR SR R 7K S5 45 G R0 DA /NI ROBE (— A~/ IS — SRS ) BT LA L b pAY o R S A g /N R R . )
B AL | RS 3 e O AR T LA K B PRI T AL % COD HINH-N R BE, U1 b P AP S3 (LA g X 7 £
ANEFHEAR A SR I b 7 41 T 7K 5 AR 2 B PR 7 e T

312 HUEHASEMERELAIE 23500 IR 15 A S AR G DR AR R, WACAE B A4 K0 A R il
AT A S AR O SRS (R T S v 0 S W, AT MHBR . T REE T SR (R, AR AR — K
LT T — ) T {ELSECARD 5 A 2R o BRI 2R 2 O A 53 1K 226 B 0 i 221 18 250 Bl L ol £ N g SECARR 3 iR 2 R i)
B ] B ROR

313 ARELARIE O D AR AL ] RORE 22 S (R, g R SO B TN ZRAR RE M, A SCR I Z-score
PRUEATT 10 AR R4 T AL B, AR UL (9).

x’=x_'u (9)

O, AR B0 AR xS AR L R o 23 S R AR B B R AR 22
32 HE&ENS

AR SCREAY ) i N\ BRI 2 i V24 /NI CRLAE S /NI ) (9 R R o RV /KA L B N 3 e 4B S T LA
B TR TFHLAS R R Nx24 /N COD 5 NH,-N 545 e 5, B0 H AR {52 5 AT /N9 COD 2 NH,-N 545
WREE B UL RS 459 31 i A B - H AR B AR A AU 4R . A SR 2022 4E 7 H—2024 47 H
AR T I SRR RIS UEER | T AE 4 Jay I [ X 25 88 RN k4R A 70 53, LAHoAS (2 ] e 510 A A ]
I, F5 2024 4F 8—10 H i % T4 - e 28 AR SO 2R AR A IS RE A KON 15360, IR R AR AR K
1216.
3.3 EERE

A SCHE RIS F Pytoreh #5 2 (Paszke et al.,2019). —4EEBUAL I RT B8 y 3, IR K I ST same FX
DLRHF AT 51 B FEANAR 95 )25 LSTM 19 28 Bt )= 1) 4 2 152 & hy 384 R ] Adam P ALSS , W1 0H 5 > ik hy
0.002 , A FE FIF K A 2.5%10°. f# F ReduceLROnPlateau T H R 1877 2% ) KA AL Ry S BE N AE , dropout %X
WM 0.2. Batch size &0 64, FEYIZREE L YIZRBIRY 30 3k . 7E R0 E4E T I b A B 7R R PG R4 6 NV
IR, A3 TR 5 11,2,3,4,5,6, 7R RORUE, K 8L NV HLS I RERUAE S IE AR b R BUIR S, DI NS 5.
R JEAE—~ NVIDIA RTX 3090Ti &+ %
3.4 BEGLETE

K U L H AR5 & A SO K B 1) 43 AN [R] A5 9 (Umair et al., 2019 ;43 15 LA, 2021 5 fE
I, 2023 FRIETE 55, 2023) , YIRS T 7K 5 45 2 . PRI Ik, A S T 43 S 0 A A b i T FO(E (F -
score) A B8 (Precision) F143 [7] 3R (Recall ) A PEAL AR 7Y 14 00 4 BE (Chen et al.,2020; Nasir et al., 2022 ; Guo
et al.,2024). 31X 3 Al J5 35 SO (10)~(12).

. TP
= — X
Precision TP + FP 100% (10)
TP
Recall = m X 100% (11)

181 X hec
F-score = 2 X Precision X Recall % 100% (12)

Precision + Recall
FH, TP FP AT EN 43550 S B E B ECEE ARE (550 RN AR B 98 AR SO F -score 2R FRAFARTRY (1) Fu il oE i %,
F\-score K, 32 BB [ T3 000 vk ff o5 o, 1k BB 4

4 R 5718 (Results and discussion)

4.1 FRib/KBRERIRRT
AR S IR (CHl 2R K BR3 b A vfE ) (GB 3838-2002) FICT5 7K Z54& HERUFR #E ) (GB 8978-1996) , 5 COD #1
NH,-N ¥ i %] 23 R A 6] 19 25 2% BARS BARHEAN T - COD Rl 43y 5 AN (1~V 25, FB A X 6] 43 51 Sk 0~40
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40~100,100~150,150~500 F1>500 mg- L' ; NH,-N %] 53 hy 4 4~ 25 4% (I~1V 28 ), H A X 8] 530 K 0~2.2~15 .
15~25 F1>25 mg- L. 12 JEZE 5 7F 2022 4F 7 H —2024 4F 10 H #[8] COD F1 NH,-N $5 bR ¥ JE 45 28 UAEAS 5 Hean
TR 2R AR IFTLLE N, 650G VREHAEAN 5 A, 158 T 14.8%; 8 5 HI 115 a1V
LR A7 LA T 70%. R, 6 .8 Fl 115 ZE 5 A2 4E COD EBAR XU . N F 2 W LIE H,1.8. 10 F1 11 %
T TV RS PAEAR A 7 LI T 30% , 77 7E NH,-N ¥ B R AR KUK .

F1 DK 12 ERE CODIRRESHRALLL

Table 1  Proportions of sample categories for COD at 12 selected municipal pumping stations

Kl FEAS i L i FEA H
'y I 1l 111 v v Sk G I 11 111 v \% JERVN

1 11.7% 18.8%  24.8% 38.8% 5.9% 100.0% 7 20.1% 5.0% 3.1% 63.9%  7.9% 100.0%
2 39.1% 10.6% 5.7% 43.6% 1.0% 100.0% 8 12.0% 4.6% 9.5% 73.5%  0.4% 100.0%
3 12.8% 5.6% 30.5%  46.1% 5.0% 100.0% 9 6.4% 20.0% 124%  552%  6.0% 100.0%
4 12.6% 10.4% 9.5% 63.9% 3.6% 100.0% 10 25.2% 5.4% 7.2% 61.5%  0.7% 100.0%
5 18.9% 15.0% 6.1% 59.3% 0.7% 100.0% 11 9.4% 6.8% 7.5% 76.2%  0.1% 100.0%
6 10.9% 9.2% 13.9%  51.2% 14.8% 100.0% 12 13.4% 10.5%  32.2% 37.1%  6.8% 100.0%

F2 DR 12 R NH, NS & SRRA S

Table 2 Proportions of sample categories for NH,-N at 12 selected municipal pumping stations

Tk A b v A A L

it I 1 11 v SR 95 I 1 111 v FERUN
1 12.5% 28.9% 21.3% 37.3% 100.0% 7 15.1% 35.3% 22.7% 26.9% 100.0%
2 10.5% 9.2% 60.3% 20.0% 100.0% 8 2.4% 27.3% 22.8% 47.5% 100.0%
3 10.0% 41.1% 26.4% 22.5% 100.0% 9 5.3% 62.8% 22.0% 9.9% 100.0%
4 3.2% 25.1% 59.8% 11.9% 100.0% 10 7.0% 11.4% 46.3% 35.3% 100.0%
5 8.1% 25.7% 57.1% 9.1% 100.0% 11 10.1% 13.3% 30.2% 46.4% 100.0%
6 10.7% 12.5% 56.7% 20.1% 100.0% 12 7.8% 30.8% 37.3% 24.1% 100.0%

4.2 HEEIT 5 AT

T 12 EE A 2R A R 55 Y T A S A s AT A A e 25 57, S BOR R Sl 4R Rk A v iy AR ek
KR, HIL, #1512 ) R uh e 56 4E 4% [ 237 #1125 CNN LSTM . CNN-LSTM il EFE-CNN-LSTM #5
RUIF L ECE TR S0 i . e, £ % L B CNN

e s . R3 ATHHLEEFSIERIR COD HERR S RIAMZK F -
RO = A EFE 45 ) — 4E % UM 2% L LSTM N e eeore

Table 3 The overall F|-score of COD class prediction across four machine

B JE )2 LSTM X 4% , CNN-LSTM 8 Bk T % 4 learning models

EFE 258 , HAx 854 5 EFE-CNN-LSTM A5 %1 A [7] . F —score

TE 12 Al R [, COD I NH,-N $5 hR i 5 43 RIS N LSTM  CNN-LSTM EFE-CNN-LSTM
LTI ) HEAK Fi-score 45 R ANFR 3 L 4 TR . AR ! 60.1% 39.7% 72.4% 82.1%
3R PAT LA il EFE-CNN-LSTM 876 coD - 2 09 o o0 Lo
RINH-NHEBRRRE A B0 RO TR 0 P e
score. 15 CNN I LSTM A Y A Lt , CNN-LSTM A5 7 H 5 70.9% 65.3% 73.7% 80.3%
87 B F-score, 1) ] CNN-LSTM # BI 455 1 6 66.4% 61.9% 76.7% 82.5%
CNN $2 U AT LSTM 4 12 B 5 10 M6 28 0 15 7 67.9% 62.3% 78.1% 83.4%
A 5 Barzegar %5 (2020) (19 92 5 45 16 — 80 A 1L 8 0% 0L % s
M_E, EFE-CNN-LSTM B8 £E 12 JE A3 P ) fE 1 1 65.0% 60.9% 71.5% 80.9%
B HEAR F -score 73 BIHETE T 24.1% .29.6% F19.0%; 12 66.1% 64.7% 73.9% 82.6%
TE NH,-N $8 bR B 43 2 #t I, EFE-CNN-LSTM #& g 65.4% 63.0% 74.6% 81.7%
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A% R Fscore 43 B4R TF T 26.8% . 29.9% F1 E4 AMALES TR NH NHEIRRE S BFAURE P -score
11.6%. ﬁg{ﬂ\ﬁET EFE éf':ﬂ:@ Xd‘*ﬁﬂﬁmu ‘l‘i ﬁ‘é?féﬂﬂ’»] Table 4 The overall F|-score of NH-N class prediction across four

machine learning models

HRME. -
e ‘; F U A —— Zi % \; é = ]—S(:()re
4.3 lzgﬁlﬁm*iifﬁ’” * o HRA CNN LSTM  CNN-LSTM EFE-CNN-LSTM
EFE-CNN-LSTM 5 81 75 12 48 5% 3 (9 1A 48 | 1 62.3% 61.0% 68.7% 81.4%
Y 7K o SR T 25 SR an 1 5 s, Hod B AR bR R 2 60.2% 61.5% 72.5% 80.3%
COD i NH,-N FEbR U B K 2 AR IR TR R 3 3 65.5% 64.7% 77.6% 80.5%
FIBORIFA k6970 TE b R fEcopdy 1 o e o T
5 1.3% 0.9% 8.2% 81.7%
A i) KA WAL, F,-
FRor g e v BLRUAE TV 2846 {i_ﬂ(}ﬁ%éﬂbﬂiﬁﬁ F, . 65.9% 65.0% 6.8% 8150,
score 1% 85.7%~90.6% , 14 1] % 12 ik 87.5%~92.5%, T sesa o esou 5050
2B O F S Yo KR B A R iR A BE T s EV 8 64.6% 62.7% 71.7% 80.1%
SRS K 5T U e R R R RS B AR R 9 66.3% 61.6% 75.5% 80.2%
64.3% , SR BURX IR O R e, 10 O T s
K 5 5 6 0 e e 112K 50 1 70.3% 68.8% 72.4% 83.0%
78 T~ 255 2R BN 2 B AR 12 63.6% 62.3% 71.5% 81.4%
PRI A3 8 5% 814K (75.6%~85.7%). 4E NH,-N T 63.9% 62.5% 72.4% 81.2%

FE bR BE 43 G0 v AR A 11 2SR 11 2S5 0K T

B TR B AR E , F-score 4EFFAE 79.7%~87.3% Z 18] , {71 H 6 H A5 B NHL-N A9 B A4S I 8 7 , 10 B AR AR X6}
AR B NH,-N A2 A RE T80 5 76 TV 28 AR 90K 5T T A7 76 B S ARG ot B2 - A 11 238 25 5 s A TS A 0K T il
I rp 22 AR X P 58 F -score B . R [m) 6 L o, BN COD Y 22 AR T4 GE (F\-score $21{H 81.1% ) B§ AL T
NH,-N(F -score ¥l 81.0% ) , {H W 5 7 A% IR mSbl v W B2 IX 0] 1 X5 3R IUAL 55 , AT e -5 4 sk BE A AR () M s 148
BB AT A G, S /N A 27 ST TR

5 HEX 12 EREKRERRANLE R

Fig.5 Water quality class prediction results of 12 municipal pumping stations
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Fig.6  Confusion matrices of COD and NH-N class prediction at 12 municipal pumping stations

5 4512 (Conclusions)
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4)ffi ] EFE-CNN-LSTM #E AU 7E 12 JA 32 35 45 H A9 IRAE TS T 88 ks B, B By o e Pk A R
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