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Abstract: Aiming at the problems of low model prediction accuracy caused by the temporality, strong nonlinearity, and high dimensions
of water quality data, a water quality prediction model based on the IGJO-TCN-BiGRU-SA has been proposed. Firstly, missing data are
repaired through the CSI algorithm, while abnormal data are removed through Boxplot and FFT algorithms to enhance data completeness.
The GRA algorithm is used to analyze the correlation of water quality indicators and obtain strongly correlated water quality indicators.
Secondly, the BiIGRU model is employed as the baseline model to extract latent change features from the data. The TCN algorithm is
employed for local feature extraction from the data, enhancing the model’ s capability to extract features at different time scales. The SA
mechanism is used to adaptively update the feature weights of the BIGRU model, effectively extracting key features from global contextual
information. Finally, the IGJO algorithm is employed to optimize the 1.2 of TCN, the learning rate and neuron number of BiGRU, and
the key of the SA mechanism, thereby improving the accuracy of water quality prediction. The historical water quality data from the Huai

River Basin were used as samples for experiments. Compared to classic algorithms such as LSTM, GRU, BiGRU and TCN-BiGRU-SA,
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the IGJO-TCN-BiGRU-SA prediction algorithm proposed in this research achieved reductions of 19. 64% to 68. 29% in MAE, 25.47% to
75.19% in RMSE, 28.71% to 73.36% in MAPE, and 0.19% to 3.61% in R>. Experimental results indicate that the water quality
prediction algorithm based on IGJO-TCN-BiGRU-SA significantly enhances the model’ s predictive accuracy.
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Table 1 Observation range of water quality and Chinese water quality classification standards
. JFARIE (HbFRIK PR 0T A
KR SR Fh K bR (MR KPR T bR )
I 1 | v \
Temp/C 4.6~32.64 5~25 5~30 5~35 5~40 5~45
pH 6.39~8.922 6~9 6~9 6~9 6~9 6~9
DO/ (mg-L™") 0.16~13. 764 =75 6~7.5 5-6 3-5 23
COD/(mg-L_l) -1~13.729 <15 <I5 15~20 20~30 30~40
NH3—N/(mg-L_1) -1~1.92 <0.15 0.15~0.5 0.5~1.0 1.0~1.5 1.5~20
p(TP)/(mg-L7") -1~0.335 <0.02 0.02~0.1 0.1~0.2 0.2~0.3 0.3~0.4
EC/(;.Ls-cm’l) -1~1075. 14 100~1 000 100~1 000 100~1 000 100~1 000 100~1 000
TU/(NTU) 0.976~1921 <1 1~5 5~10 10~20 20~50
p(TN)/(mg-L™") -1~47.152 <0.2 0.2~0.5 0.5~1.0 1.0~1.5 1.5~2.0
*2 FRABIREMREIEESIT F & 7 1% 3 AT AL, Temp A1 DO AT 55 £, ifii
Table 2 Statistics of missing data in the original dataset pH.EC .p(TP) .p(TN) .COD,p(NH,-N) fl TU f) 5 ¥# %
K fi b whekn P BR g I 0.65%-6. 37%
7] 7N BFEAS 2/ % 2 — N
- BB BORK JEUAK R P 8t Curve 1 BT, CS1 B8 &
Temp/C 353 35 0 0 JE R I 8 Hr Curve 2 Fis . 5 BUE LR, 1
H 3534 3534 0 0 Vfor S 4 y N N
_— WHEAT CST k16 52 Sda , b 3R K Bt 1 8 o
DO/ (mg-L™") 3534 3534 0 0 .
COD/(mg-L™") 3534 3445 89 2.518 ¥y Curve 3 7R o
p(NH;-N)/(mg-L™") 353 3480 54 1.528 (3) T FFT B0k 00 45 M 7 i gl Aok PR
p(TP)/(mg-L7") 3534 3486 48 1.358 IR TR R S v b T Sl [ A R TR B
BC/(peeen™) 334 354 0 0 A s o T B 20 5 B 40 AR B 07 4
TNTO) 2 30 O3 ORI FRT SRR 0 S , I AT 2% B Ko
p(TN)/(mg-L'l) 3534 3534 0 0

AF 0. 113% ~2.518% , NIV 75 R A CSI B 216 &2 Bl 2k
ETN
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Fig.7 Results of anomalous data analysis based on boxplots
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Table 3 Abnormal data analysis results of water quality indexes
IKBUE PR 25% 50% 75% iR TH Al S FHE/ %
Temp/C 10. 65 17.50 24. 84 32.64 4.60 0 0
pH 7.85 8.00 8. 11 8.51 7.46 105 2.97
DO/ (mg-L7") 6.72 8.79 11.31 13.76 0.16 0 0
COD/(mg-L™") 3.40 3.99 4.07 5.06 2.55 225 6.37
p(NH;-N)/(mg-L™") 0.07 0.16 0.27 0.57 0.03 127 3.59
p(TP)/(mg-L™") 0.09 0.11 0.14 0.21 0.05 102 2.89
EC/(ps+cm™) 858. 80 925.56 984.91 1075. 14 669. 96 158 4.47
TU/(NTU) 8.3 17.18 28. 69 59.23 0.98 389 11
p(TN)/(mg-L™") 4.03 5.13 6.75 10. 81 0.05 23 0.65
(4) Bs )3 —Afeab 2 X = X
N, = (29)
Xow =X

Sy IR AR R A A S, ASBIE 5 3 3 a0 — A A [
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Fig. 8 Processing of missing data and abnormal data
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Table 5 Classification of correlation levels

HYRAEIRIREEAT[0,1 ] N M IX I3 7K B b ] B AH OC *ﬁj@ﬁg bl
PRI A R 5 I8 5 0 I T X AF B A 40 53, e e o
5 s, (%P (0.7, 1]
4 ARIRRAR ] O T, K I 46 A 1 — T30 5 H AR f6 b 2
_ Tabled Dperimentaldaa HCRHA T 0~ 1, BRI AR G P S MK T b
pon R MR VOR MR AR, JoP TP AR TR AL S A
/T 4.6 32.64  17.60 7.78 X e 1
ol - s 44 8.0 0.17 T 0.7, BURYE & KA LB NS Em K 3 M8
DO/ (mg-1.7") 0.43  13.02  8.69 2.75 B A A B, 7K 0 79026 455 0 10 i AR B HE AN 6
COD/(mg-L™") 2.67 4.70 3.87 0.39 s,
p(NH;-N)/(mg-L7") 0.0l 0.54 0.19 0.12 2.4 AERLTNEER
p(TP)/(mg/L) 0.03 0.21  0.11 0.03 ' i - —_ i
EC/(ps-em™) 680.27 1 132.57 899.20 83. 82 Ry *%ﬂ Y o 3 FJE, B 18 7 AR R 22 ( root
TU/(NTU) 0.06 60.00  50.33 11.56 mean square error, RMSE) SEE 4 XRZE (mean absolute
p(TN)/(mg-L™") .23 10.55 5.33 1.57

error, MAE ) | 27 46 % B 43 b 12 2 ( mean absolute
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—1.000 [0, +oo |, FRIRTIIMNRZE 1) BRI s MAE UGN 0,
EC 0.715 0.876 0.856 0.677 0.938 0.645 0.562 0.85 1 +o0 ] , %:2/?\‘ ﬁf{)“ﬂ 17%% E,(J_r'z‘ﬂ]ﬂ(qz ; MAPE E@E&ﬁf@ lﬁ j’\j
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TP [0.598 0.523 0.532 0.693 0.534 0.604 1 [0, 1] ’%’Tﬁﬂﬂﬁ*ﬁﬁ EI?M H *%EO RMSE , MAPE,,
MAE FE R T 0 SR B () TR 258N, R {548
NH,-N'10.781 0.664 0.734 0.784 0.708 1 0.808 0 }‘gﬁ 1 ?\?ﬂ?*ﬁﬂﬂ@ Tu%iﬁ%ﬁﬁ} , i_[‘ﬁz\itﬂuit( 30) -
COD [0.685 0.88 0.8360.676 1 (33) Fis,
TU {0764 0.62 0.669 1 07120 1 < . 2
RMSE = |-, (Y(i) = f(X;)) (30)
pH 07560795 1 - o
10.616 0 _ .
Temp o627 1 MAE—W; [ Y(i) - f(X,) | (31)
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e L Los200 MAPE =— x Y, —f x 100%  (32)
DO Temp pH TU CODNH-N TP TN EC N = Y (i)
N
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Fig. 9 Results of correlation analysis based on GRA R =1-" (33)
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Table 6 Inputs and outputs of the water quality prediction model

i 14 pH CoD EC DO TN NH,-N TP TU
pH COD EC DO TN NH;-N TP TU
DO Temp DO pH Temp DO TU DO
Temp pH Temp TU pH pH DO NH;-N
i A\ COD NH;-N pH NH;-N CcoD TU NH;-N
NH;-N TN COD EC EC COD
TN EC TN
EC
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Table 7 Measurement functions
Fpi PR E4i35°3 HBUAEEE S A
Fi(x) = X (Xx)’ 30 [-100,100] 0
i=1 j=1
ENTES Fy(x) = max;{ |« [,1 <i<nj 30 [-100,100] 0
Fy(x) = X ([x+0.5])° 30 [-100,100] 0
i=1
Fy(x) = Y, —xsin( /T2, 1) 30 [-500,500] -12 569. 487
i=1
n 1 n
g4 Fsi =—2()exp(_0.2 /%zxf) - exp [Tgcos(Zﬂxi)] +20 +te 30 [-32,32] 0
1
Fo(x) = 70002 X2 - Hcos<—) +1 30 [ -600,600] 0
Fi(x) =~ 2[<X—ai><X—a,»>T +e]™! 4 [0,10] -10.153 2
[ 5 4t 2 1 Fg(x) = 2[(X—a)(X—a) +e ]! 4 [0,10] -10.402 9
Fo(x) :—2[(X—ai)(x—a,)T+c,.]" 4 [0,10] -10.536 4
i=1
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Fig. 10  Convergence curves of different test functions
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Table 8 Comparison of test function optimization results of different algorithms
PREI4 eIty 1GJO GJO GWO PSO GA
P, Mean 0 2.006 8x107% 1.544 6x107" 8.312 5x10? 2.855 7x10'
Std 0 8.700 7x107% 4.884 8x107" 1.264 1x10° 1. 127 8x10"
F, Mean 5.099 3x107'% 1.881 51072 2.276 9x107"° 3.841 0x10° 7.370 8x107"
Std 0 3.518 3x107% 3.571 7x107"° 1. 026 8x10° 2.172 0x107!
F, Mean 2.2553x107° 1.589 5x107* 5.780 6x107* 2.500 5x107 1.232 8x1072
Std 2.430 7x107° 1.203 9x107* 2.626 8x107* 7.654 1x107° 3.394 6x107°
F, Mean -2.875 7x10° -4.425 6x10° -6.372 2x10° -9.259 7x10° -7.997 4x10°
Sid 2.758 4x10% 1.287 7x10° 6. 675 4x10? 4.665 6x10° 7.470 8x10?
P, Mean 4.440 9x1071° 5.062 6x107" 2.590 5x107" 1.910 9x1073 7.954 3x107!
Sid 0 1.655 9x107" 3.623 5x107"° 4.261 8x107° 6.522 4x107"
, Mean 0 0 2.898 1x107° 1.821 6x1072 6.162 9x107"
Std 0 0 6.348 3x107° 2.218 5%1072 8.180 5x107>
K, Mean -1.015 3x10" -9.642 7x10° -9. 133 6x10° -8.210 6x10° -7.557 8x10°
Std 6.206 3x107"° 1.710 7x107" 2.074 1x10° 2.632 1x10° 3.324 8x10°
F, Mean ~1. 040 3x10" -9.671 5x10° -9.012 9x10° -5.993 7x10° -4. 643 3x10°
Std 4.664 9x107' 2.180 3x107" 4.776 4x107* 9.704 3x107" 1.348 3x10°
F, Mean ~1. 053 6x10" -1.006 5x10° -1. 053 5x10" -9.219 0x10° -8.942 5x10°
Std 2.618 2x107" 1.633 2x107" 5.311 5x10°* 2.738 1x10° 2.740 2x10°
F9 PR, S H8 2825 (] 38 2k 22 4 900 S 36 D A o2 10 B 2 E

x99 ARFIRBEIEM ISR
Table 9 Evaluation indicators for different learning times
S UWH MAE MAPE RMSE R

100 0. 069 456 0.019 782 0.095 803 0.963 59
150 0. 057 025 0.016 6 0.0766 21 0.976 71
200 0. 056 437 0. 015 946 0.075 16 0.977 59
250 0. 040 089 0.011 332 0. 054 48 0.988 23
300 0.041 224 0.011 695 0. 055 426 0.987 81
350 0.041 381 0.011 739 0. 055 689 0.987 70
400 0. 043 068 0.012 171 0.057 97 0. 986 67
450 0. 045 997 0.012 774  0.060 044 0.985 70
500 0. 050 858 0.014 696  0.067 327 0.982 02

2% 9 AT, BRI 2% 2 Bk 250 1 MAE \MAPE |
RMSE H1 R? 43 % 0. 040 089.0.011 332.,0. 054 48 #
0. 988 23, FHXT T Higr 2% > YB3, 1t Asf %) A5 78 5 )
PERE A A, 4% ) B F 250 J5, MAE , MAPE il
RMSE Z#fs8hn, R® 22 T B, 2 BB AL H 35 401 5 3
%, LA HIE AR 2R ] B0 B A 250,

2) TCN [ 45 25 K4 (1) B 1

TCN AUE B 7 M E0E F I E N 64,128 Y 256, 51
BK/NBHEE R 3.5 87, KRB — B E N 2, R
L R HNR B TCN 28 S5k 18 I a0 o 128
BRGNS I R0 E N 2,

3)TCN " L2 fHE

TCN 1 L2 3l B MAET WA T T AR, F kit 401
AR, SR 1GJO L T8 TCN 1Y L2, T #fi e & 38

[0.000 1,0.0017, Frfgfeft 12 244 0. 000 106

4)BiGRU 24> R [ 2

BiGRU 2% R H T HSECER ALK, %5
KEFEURTFEA ; 25 2 Fad /NS SHE ORI,
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2 2] T At 22 2] TS 50 I 1 B A4S 0. 001,
0.01 ], Frfdic 22 22400 0.008 6,

5) BiGRU #14 e EHHf E

BiGRU #0038 B & )2 i 2 oo B, 34 m
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507, irf At BiGRU £ 0 M40k 32,
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Table 10 Evaluation metrics for model predictions

with different prediction durations

HR 10 o] 0, A A TN FF 22 it 8] S 1 d AY MAE,
MAPE ., RMSE 1 R* 43 %] & 0.037 321, 0.010 627,
0.051 389 Fi10.989 52, M ¥8 45 19 & BRI Fe AL, HOKH A5

S RUTRIMAFLES A B E N 1 d,
) MAE MAPE RMSE R?
I 1] 2.7 ETFUIXEMNRETNE RS
1 0.037 321 0.010 627 0.051 389 0.989 52 j’ﬂTgﬁﬁE IGJO-TCN-BiGRU-SA *ﬁﬁ!ﬁ@ﬁ?&‘rﬁ , %:,F‘
2o 000369 0004 OIS 095060y g 3 ORI AT HERE I, R T E 1GJO-TCN-
3 0.110 43 0.031 891 0.143 6 0.918 14 BiGRU-SA *ﬁﬂﬁ@ﬁﬂﬂ‘fﬁ,&ﬁ LSTM\GRU\BiGRU\ﬂ]
4 0. 151 58 0.043 101 0. 198 91 0.842 97 . N X NP
S 019038 0.056410  0.26097 072972 TCN-BiGRU-SA A% 20 5 1GJO-TCN-BiGRU-SA #47%f
o ' ' ' Foo BRI T PE 8 AR anER 11 firas . | TR R FR
6 0.202 12 0. 056 232 0.273 57 0.703 05 o
il AN B AR L2 5 DO A TN 25 SR &, aniEl 11 B,
F 11 BTSN SR BN SR
Table 11 Evaluation metrics for each model prediction based on the test set
JK AR bR T MAE MAPE RMSE R?
LSTM 0. 020 489 0.002 578 6 0.032 445 0. 969 05
GRU 0.0196 04 0.002 459 3 0. 029 583 0.974 27
pH BiGRU 0.016 508 0.002 071 0 0. 025 891 0. 980 29
TCN-BiGRU-SA 0.013 454 0.001 689 8 0.021 612 0. 986 26
IGJO-TCN-BiGRU-SA 0.009 1 0.001 142 2 0.015 013 0.993 37
LSTM 0.323 44 0. 042 637 0.500 25 0.961 62
GRU 0.321 79 0. 040 52 0.454 47 0. 968 32
DO BiGRU 0.275 21 0. 028 607 0.317 08 0.984 61
TCN-BiGRU-SA 0. 127 64 0.015 574 0. 166 48 0.995 76
IGJO-TCN-BiGRU-SA 0.102 57 0.011 102 0.124 07 0.997 64
LSTM 0.072 401 0. 020 46 0.098 127 0.961 77
GRU 0. 064 586 0.018 151 0. 081 954 0.973 34
COD BiGRU 0. 055 904 0.015 271 0.070 791 0.980 10
TCN-BiGRU-SA 0. 048 224 0.013 278 0. 067 109 0.982 12
IGJO-TCN-BiGRU-SA 0.034 748 0.010 072 0.048 134 0.990 80
LSTM 0. 021 482 0.264 99 0. 025 832 0.944 32
GRU 0.014 784 0.228 61 0. 020 979 0.963 25
p(NH;5-N) BiGRU 0.010 645 0.225 40 0.015 158 0. 980 81
TCN-BiGRU-SA 0. 009 686 0.197 19 0.013 249 0. 985 33
IGJO-TCN-BiGRU-SA 0.006 913 2 0.190 17 0.011 564 0.988 82
LSTM 0.004 147 3 0. 040 349 0. 005 388 3 0.959 35
GRU 0.002 488 9 0.024 733 0.003 471 6 0.983 12
p(TP) BiGRU 0.002 167 7 0.021 495 0. 003 008 O 0.987 33
TCN-BiGRU-SA 0. 001 609 4 0.016 651 0.002 102 0 0.993 81
IGJO-TCN-BiGRU-SA 0.001 35 0.013 557 0.001 8353 0.995 29
LSTM 11. 008 0.011 456 14. 030 0.957 09
GRU 8.683 6 0.008 875 3 11. 882 0.969 24
EC BiGRU 7.519 8 0.007 959 1 10. 268 0.977 03
TCN-BiGRU-SA 5.236 5 0.005 5 7.440 2 0.987 93
IGJO-TCN-BiGRU-SA 4.747 7 0. 004 908 2 7.3852 0.988 11
LSTM 1. 627 40 0. 178 57 2.502 0 0.918 98
GRU 1.457 50 0. 156 86 2.180 4 0.938 47
TU BiGRU 1.323 00 0.136 08 2.035 1 0. 946 37
TCN-BiGRU-SA 1.080 90 0. 105 84 1.642 0 0.965 18
I1GJO-TCN-BiGRU-SA 0. 969 43 0.102 99 1.442 7 0.973 04
LSTM 0.291 84 0. 056 541 0. 404 59 0.944 53
GRU 0.219 05 0. 045 231 0.283 64 0.972 72
p(TN) BiGRU 0. 131 30 0.025 208 0.175 20 0.989 59
TCN-BiGRU-SA 0. 108 57 0.022 914 0. 124 88 0.994 71
1GJO-TCN-BiGRU-SA 0.082 41 0.017 265 0.115 23 0.995 5
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Table 12 Evaluation index results of ablation experiment
KRR AR MAE MAPE RMSE R

BiGRU 0.016 508 0.002 071 0 0. 025 891 0. 980 29
BiGRU-SA 0.016 134 0.001 944 7 0. 025 037 0.981 56
pH TCN-BiGRU 0.015 215 0.001 808 8 0. 023 664 0.983 53
TCN-BiGRU-SA 0.013 454 0.001 689 8 0.021 612 0. 986 26
BiGRU 0.275 21 0. 028 607 0.317 08 0.984 61
BiGRU-SA 0. 163 86 0.019 736 0.212 11 0.993 08
bo TCN-BiGRU 0. 144 60 0.017 928 0. 199 64 0.993 87
TCN-BiGRU-SA 0.127 64 0.015 574 0. 166 48 0.995 76
BiGRU 0. 055 904 0.015 271 0.070 791 0.980 10
) BiGRU-SA 0. 053 339 0.014 850 0.070 410 0. 980 34
oD TCN-BiGRU 0.052 797 0.013 676 0. 067 490 0.981 94
TCN-BiGRU-SA 0. 048 224 0.013 278 0. 067 109 0.982 12
BiGRU 0.010 645 0.225 40 0.015 158 0. 980 81
o( NH,-N) BiGRU-SA 0.010 570 0.204 08 0. 015 056 0.981 20
’ TCN-BiGRU 0.010 133 0.200 34 0.014 151 0. 983 39
TCN-BiGRU-SA 0. 009 686 0.197 19 0.013 249 0.985 33
BiGRU 0.002 167 7 0. 021 495 0.003 008 0 0.987 33
o(TP) BiGRU-SA 0.002 131 5 0. 021 066 0.002 853 6 0. 988 61
TCN-BiGRU 0.001 760 3 0.018 072 0.002 366 8 0.992 16
TCN-BiGRU-SA 0.001 609 4 0.016 651 0.002 102 0 0.993 81
BiGRU 7.519 8 0.007 959 1 10. 268 0.977 03
EC BiGRU-SA 6.938 5 0. 007 356 5 8.656 7 0.983 73
TCN-BiGRU 6.815 8 0.007 232 3 8.486 5 0.984 36
TCN-BiGRU-SA 5.236 5 0.005 5 7.440 2 0. 987 93
BiGRU 1.323 00 0. 136 08 2.035 1 0. 946 37
- BiGRU-SA 1.292 20 0.133 27 1. 806 6 0. 949 22
T TCN-BiGRU 1.162 20 0.113 74 1.720 8 0.961 82
TCN-BiGRU-SA 1. 080 90 0. 105 84 1.642 0 0.965 18
BiGRU 0. 131 30 0. 025 208 0. 175 20 0. 989 59
o(TN) BiGRU-SA 0. 130 25 0. 025 002 0. 168 27 0.990 42
TCN-BiGRU 0.124 51 0. 024 502 0.151 51 0.992 23
TCN-BiGRU-SA 0. 108 57 0.022 914 0.124 88 0.994 71
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Fig. 12 Radar chart of predictive evaluation indicators based on ablation experiments
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