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Abstract: Accurate water quality prediction is essential for effective ecological water management. However,
water quality exhibits complex non-stationary dynamics and multi-dimensional nonlinear relationships driven by
temporal evolution and environmental variability. In multi-parameter river water quality prediction, intricate

spatial-temporal dependencies make it difficult for traditional models to effectively integrate dynamic topology
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and long-period features. To address this challenge, we propose a spatial-temporal graph convolutional network
(STGCN) model. In the temporal dimension, a masked sub-series transformer module is employed to extract long-
term trends through self-supervised pretraining. Combined with dilated causal convolution, it captures cumulative
water quality effects and alleviates the response lag common in traditional models when facing abrupt changes. In
the spatial dimension, a dynamic graph learning module integrates a predefined station-distance adjacency matrix
with a dynamic residual map to generate adaptive graph structures. Experimental results demonstrate that the
proposed model outperforms existing methods in water quality prediction, achieving an R? greater than 0.93 across
all water quality indicators.

Keywords: spatial-temporal graph convolutional networks; water quality prediction; dynamic graph convolution
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Fig.1 Schematic diagram of dilated causal convolution
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Fig. 4 Correlation matrix of different water quality indicators
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Fig. 5 Prediction performance of various water quality indicators using the proposed method
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Table 2 Multi-parameter water quality prediction performance of different methods

S8 i DCRNN STGNN MTGNN StemGNN STAEformer OURS
MAE 0.399 4 0.500 4 1.5399 0.527 5 0.3413 0.309 7
I RMSE 0.690 8 0.752 8 2.389 4 0.8452 0.602 9 0.573 9
R*/% 98.87 98.64 84.67 98.19 99.10 99.20
MAE 0.112 8 0.1212 0.118 7 0.146 2 0.099 5 0.1019
BA RMSE 0.393 1 0.388 4 0.437 8 0.412 0 0.378 8 0.374 0
R*/% 92.04 93.20 86.55 90.97 94.08 93.47
MAE 6.287 7 8.998 2 73716 6.740 7 5.873 8 5.858 2
&%  RMSE 17.800 4 19.929 7 19.152 1 17.403 7 15.184 3 15.220 7
R*/% 98.38 97.81 97.96 98.37 98.78 98.75
MAE 0.229 4 0.244 0 0.752 0 0.296 8 0.216 4 0.213 1
W4 RMSE 0.713 9 0.7329 1.160 9 0.799 6 0.697 0 0.690 9
R*/% 92.83 92.26 87.14 90.15 93.03 93.27
MAE 0.0809 0.094 8 0.0915 0.100 2 0.056 1 0.0522
pH RMSE 0.1357 0.141 6 0.1589 0.176 9 0.108 6 0.104 3
R*/% 98.80 98.64 88.11 97.56 99.23 99.28
MAE 0.2295 0.245 7 0.252 6 0.298 8 0.219 3 0.2106
T i R
RMSE 0.713 2 0.728 9 0.722 7 0.802 5 0.705 5 0.683 3
hFE L
R*/% 92.77 91.88 89.92 90.04 92.86 93.50
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Fig. 6 COD prediction performance of different methods
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Fig. 8 Prediction performance of three methods for each indicator at different forecast horizons
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Table 3 Experimental results of efficiency comparison

ZH DCRNN STGNN MTGNN StemGNN STAEformer OURS

MAE 1.223 1.701 1.688 1.352 1.134 1.124
ELiCiS 223k 109 k 170 k 1065k 1093 k 534 k
I 1} 18] /s 7.37 2.64 1.35 3.13 4.44 6.78
iz B ] /s 0.37 0.08 0.11 0.15 0.14 0.25

H AT, SCHR BT MAE R 1124, AT S 00 TINORS & o BT ) MAE AH B IR AL 7 STAE former $
T+ 0.9% , Z 8L 51.1% , AT LA MR 98020 S A7 09 o7 5 A STGNN FI MTGNN 45 2 8080 i 5 A i L 7Y il
WK B2 20 S HETE T 33.9% F133.4% , HLAT B S0 345 5 AH 4 DCRNIN A AL, 78 T0 JU0ORS F& | 11 25 R 46 280 30 32y T 249
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Table 4 Ablation study comparison

E 3l MAE RMSE R’ /%
W/O LT 3.965 6.230 72.26
W/O F 1.733 3.732 81.83
W/0 GW 1.504 3.477 85.62
Original 1.124 2.941 96.25

I 8] 245 05 T L B R T K A R AF A5 B 5 MAE FI RMSE 43 148 K T 54.18% 1 26.90% , R*[EA% T
14.98% , it A7 48 45 A T AR 30 1 < i 00 el () 44 9868 1) A7 20t s B2 B T MIST B3t 5 MAE Fil RMSE 43 Sl K T
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Fig. 9 Prediction loss of the model under different hyperparameters
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