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Abstract

This study focuses on the classification prediction of surface water quality, utilizing water quality data
from the Daihekou monitoring site in Qinhuangdao City between 2018 and 2024. By integrating the
traditional time series model (ARIMA) and the bidirectional gated recurrent unit model (BiGRU) into
a combined model (ARIMA-BiGRU), the predictive performance for future water quality changes is
systematically evaluated. The results demonstrate that the ARIMA model effectively captures linear
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trends and seasonal patterns in water quality indicators through its differencing operations and au-
toregressive mechanisms. Meanwhile, the BiGRU model enhances nonlinear prediction accuracy by
employing bidirectional temporal modeling, which integrates both historical and potential future in-
formation. The combined ARIMA-BiGRU model further leverages synergistic advantages: it first uti-
lizes ARIMA to extract linear components and periodic features from the sequence, then employs
BiGRU to deeply analyze the complex nonlinear dynamics within the residuals, achieving precise mod-
eling of multi-level spatiotemporal correlations in water quality parameters. Compared to individual
models, the ARIMA-BiGRU combined model exhibits stronger robustness in short- and medium-term
prediction tasks, significantly reducing prediction errors in water quality classification. This model
not only provides a hybrid framework that balances linear statistical principles and deep feature ex-
traction for water quality forecasting but also supports differentiated decision-making plans—from
short-term pollution alerts to long-term ecological management—through its multi-scale predictive
capability. This approach holds significant practical value for enhancing the scientific rigor and for-
ward-looking perspective of water environment management.
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PR BT T S A3, DA K PRI AR SR MR e 70 38 3T 1 /K B Tl A v M AT T S . AR AREE 7]
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FEIL T A TR AR 2 S 5 T AT A ) ST I O TR Ak Ao A VRATE FE BTAE FH FR B SRR 5 T 2018 4 6
H % 2024 45 3 HIMIES [ B, BATREUEE 4 /N — IR AR R SR, 15 TEAAE /K i 2 8 3 A AR A s
PEo XKL ST B B, BATESE 7 LURNTUEZE R pH (. B33 (EC). WA (DO). =

DOI: 10.12677/sa.2025.143061 86 gt 5N A


https://doi.org/10.12677/sa.2025.143061

e

LR AR E(IMN) . BEE(TP) LA E A NH, N ) o XSRS 2 VAR S BK FURI I S B S 8, el
AR WK . A R AR . B T IR S S B AR, T DORK SRR L, J5 s
Bt ) SR AR Y, IR AR B TR A BRI T BEAh, A T AR AR v b A T R
BT R EHR 20 A R B HAR T, GRBIERE . Fw AR A, 17 T
REVAEIE, WOysE—BIRNRD KPR S LR B PR R B 1 IR S

N T AR SRR I S T R R 1, BRAT AR 5 AN B Y5 R AT B (1 A0 B 1 M 1 R BT 55
I 5t 2R /K K 2 s 00 S ) 5040 A B Gt 4 /DN BRI — YRl s PR KT B D, B BRI 6]y
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FRIEAE K R, BN ANEMGEEIES ARIMA FRZMPHE, i KRB MR A0, SR
I 2REE RN P(y, | X, ) = Softmax (W, - H, +by) » J:H1 H A BIGRU HIESURAS, W, A1 by ok th = AL
M E
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FITERR , FLHTAC IR T AR R0k 88.0%, B HA Beom i Aa e M o 11 2RI 2 v 56 R W46
35.3%ZF H 1R T FIE(E 90.3%, FHEVIL: )G HFaE T 88.0%-89.6%I[X [A], iFBHARE GEA &2 I /K B 5 1

P RHE S AR R R .
Table 1. Classification report
#=1 HERE

25 K RERCIE S F1{H

| 0.62 1.00 0.77

Il 0.93 0.95 0.94

I 0.91 0.85 0.88

v 0.87 0.83 0.85

\% 0.79 0.96 0.87

£V 0.94 0.68 0.79

FoF 0.84 0.88 0.85

I 1 0.89 0.89 0.89

ARSI o FE RN AR HEAT T T, I T T SR AR R T A R . RS R 1
F RS, BRI BIRERARE . A B2 FL 432077715 0.89. 0.89 11 0.89, UM AL 7E B AAK R £
BT RAFIOERE  IXUERA T BT A AL TE AL FE 2 AT 25 B 1A R RN BT S 11 J5(FL-score 0.94).
V Z(F1-score 0.87)/K iR AR B fE, - FIRERASE . A RIZE A FL 4340531 0.84. 0.88 1 0.85, ixX 4L
FRFRERAE T X ATA S RIPERE M SR VR, R PERE R IT -

ML PIRIE R R S PPl 45 Rk, BEBITE K 4 AT 55 R B B () B A PR R o VRVEHE o 2 0t
MAMERE S T AR ATt R, RBRIN 2 oK P20 B & BRI PR ) . XA HERh 321X 21 88.8%,
BE T ARIMA-BIGRU 7R & 224 78 I 77K ot B 48 R ISR B b R s

M 2 HT 250350 ROC HiZkth T LAE HH ARIMA-BIGRU YR8 & A 7E 7K 5 59 ST 55 Hh g B o
AN RE T . BT KB AUC (B35 0.98, oA 1 25(Class 0)FIIVZE(Class 3)f# AUC 1A% 1.00,
KB REE AT T 56 K X 3 IEOREAS, B UE 7 HAE S 4R P RIE SRS JR 2 OC R (A 2 . |
Z5/KJ5i(Class 0)1) AUC iy 1.00, &5 1RIEFE 100%1) 4 [F15, R IR RN iy SR 4 K8 (a0 1 28) 31
B4t 5. %5V J5(Class 5)f) AUC 24 0.98, BARTH AR, (E T AT, HAEZEMgmIE
(68%) IR T REA R e Ve AR AL ARSI AN . B AUC {E(35 > 0.98) 3 BB AL 7 S /K 5 M il 37 =
WL ORI, JUILTE DX AR AR K B S (2R 5TV RILFRE, PN B e it ml {5
FERI > G R

M 2 R BLE W, TR A EAIE ISP 2 A % N 88.01%,  HL &% 4T B 1) i A 2 I 8l
(86.99%~89.56%), K FHMIRI/EA [FHHE T4 FIRI M EGRMFREE 52870, 1 FOKRCFI AR
2 > 90%) M V FUKIR (A EIZE > 92%) 1R AR e, P FLAE A 84.60%, HIACFY FLAE A
88.00%, it WIS AL AEHEAR I RAT 55 v A& a2 B PERE

SV 9T 45 SRR B R P AR R AR RIS TN RE /7, INBCE- AR AE . BRI A FL 734
PR B KT, AHAAEE — SR 22 R o A PR RIS B . 15, AU 5 S AR SR B e AR A
REELAT BB . BRI e L S E DA SRR B 1 A M 38 v R PR RS Y (0 T A, RO
T RFAE TR O e B B AR BRAE, DR TUAR (S B R BRI T4 ik, BB R B 5250
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Figure 1. Confusion matrix
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Table 2. Cross-validation results
2. XXNIWIELHER

45 HERf 2 EENEIE F1{8

Fold1 86.99% 82.00% 84.00%
Fold2 89.56% 88.00% 88.00%
Fold3 87.88% 80.00% 81.00%
Fold4 88.03% 87.00% 85.00%
Folds 87.58% 85.00% 85.00%
- 88.01% 84.60% 84.60%

NP T R M T 45 SR LR B, AT REAE R RAE DA TR A . RR SRR
TBE (R TR ZRA AR P 2 SRR AR B vh IR 200 R, I SR R B B 7 21 2 T R AL 031
AP, BEAN, KRR AR e FE S I R A o T A5 R A R, ROR & 80 KRR AR
1] FAY A LA P B ELGS AR BRI 58 SR o I R RUBE R R BRI 3R, KBRS (B AN A2 4k,
i B A A P (R B2 B RE ) DASR s TN AE R P . 28 BPIR, ARRIIBE T2t — PO Hm AL BE . RfAIE
e, BERUZUN, IFIE 05 RE KT HR AR AT [ R HOREM,  DASR TR TR ) T A PE AT AL RE

5. &hig

ASCHEH T ARIMA-BIGRU TR A R B 2 /K B 4320510, M2 B W 0 650 v B B 22 4RI 3
ATSEAERT 7T . SeBb 4 RN, @R XA GRU J25 ARIMA (454, R G AT R HE /K 5 B (i 574K
FPE S AR S R . R HATAS S UE X B PR REHEAT VP4, P X7 3R IA B 88.01%, I0F T AEALHFR
EVESTZAGEE ) I IRIEHFES ROC HIZ /by, HE— BAEst TR BYTE Sk B 70 AT 55 R i dt bk, G
HAEZHER 2KV 2KR) IR B R RBLZE o 2B A /K5 RIS VPG B LR 22 M, PR B
TSR SRy .
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