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Abstract; Groundwater quality prediction can reflect the future trend of groundwater quality changes,and is an important link in
groundwater pollution prevention and control. To improve the accuracy of water quality prediction in automatic groundwater
monitoring , the ammonia nitrogen levels of three layers of groundwater monitored at the multi-layer monitoring base in the Greater
Bay Area (Guangzhou) from March to December 2022 were selected, a composite deep learning model combining integrated
empirical mode decomposition ( EEMD) and deep learning techniques ( RNN, LSTM, and GRU) was constructed after data
preprocessing. The effect of traditional machine learning model and different deep learning models in water quality prediction were
compared and analyzed, and the prediction effect of multi-step prediction of deep learning model was discussed. The results
showed that;(D Compared with a single deep learning model ,the composite deep learning model solves the problem of prediction
lag and has higher prediction accuracy and fitness. @ Fitness of the composite deep learning model is higher than that of the four
traditional machine learning models. In the four traditional machine learning models, only the fitness of MLR and RF predictions
is close to that of the single deep learning prediction. @ The multi-step prediction results indicated that the composite deep
learning model can accurately predict the change trend of groundwater quality within 3 days. The composite deep learning model
exhibits better predictive performance and generalization ability, which can provide support for groundwater quality prediction.
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Table 2 Descriptive statistical analysis for different layers

W T 38 B B ¥ME/(mg/L)  He/ME/ (mg/L) R/ (mg/L) FriE2E/ (mg/L) i B2 U i
%12 9.76 5.04 14.31 2.05 -0.22 -0. 69
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Fig.5 The first layer of groundwater EEMD results
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Fig.8 The second layer of groundwater prediction results
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Fig.9 The third layer of groundwater prediction results
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Table 3 Comparison of prediction effects of different deep learning models
JF=Y0A AR =R Y RNN LSTM GRU EEMD-RNN EEMD-LSTM EEMD-GRU
RMSE/(mg/L) 0.999 0.967 0. 748 0.368 0.309 0.316
12 MAE/(mg/L) 0.732 0.770 0. 463 0. 251 0.213 0.207
R? 0.552 0.580 0.749 0.939 0.957 0. 955
RMSE/(mg/L) 0.700 0. 662 0.525 0.362 0.227 0.208
2R MAE/(mg/L) 0.515 0. 456 0. 326 0.279 0. 155 0.132
R? 0. 230 0.312 0.568 0. 794 0.919 0.932
RMSE/(mg/L) 0.028 0. 024 0. 024 0.011 0.011 0.012
$3)E MAE/(mg/L) 0. 021 0.019 0.018 0. 009 0. 008 0.010
R? -0.076 0.175 0. 196 0. 821 0. 842 0.789
3.4 fREHSRFEIREH 45 22 5 M T MLR SVM RF DT % 4 fif

N AR GEHL G IR TY IR B 2 ST R AR GE L 22 I BB AR e LR 2 > B K Tt B
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Table 4 Comparison of prediction effects of different traditional machine learning models

J=3a I YRS MLR SVM RF DT

RMSE/ ( mg/L) 0. 847 1. 086 0. 846 1.339

£ MAE/(mg/L) 0.616 0.927 0. 654 0.981
R? 0. 678 0.471 0. 678 0.195

RMSE/ ( mg/L) 0.591 0. 625 0.588 0. 900

§ 22 MAE/(mg/L) 0.374 0.383 0. 396 0. 688
R? 0. 451 0.387 0. 457 -0.270

RMSE/ ( mg/L) 0. 023 0. 030 0. 025 0. 046

&3 MAE/(mg/L) 0.017 0. 026 0.019 0. 037
R? 0.272 -0.237 0. 134 -1.995

3.5 REFIRBEZHSKEM
R it — 25 Uk AN [ TR = ~J e 7 114 300 14 i
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B, AR 15 d RS T 28K (Rk2d
M3 d)KFEHM L, £S5 BRTARLKT
) 4% YR T 2 > A TR g 3 000 455 2R

£S5 F1EMTAESSKTUBR L

Table 5 Comparison of multi-step prediction effects of groundwater in the first layer

T/ d T A5 R RNN LSTM GRU EEMD-RNN EEMD-LSTM EEMD-GRU
RMSE/ (mg/L) 1.038 1.182 1. 041 0.365 0. 458 0. 407
2 MAE/(mg/L) 0. 810 0.913 0.703 0.269 0.352 0.302
R? 0. 544 0. 408 0. 540 0.944 0.911 0. 930
RMSE/ (mg/L) 1.170 1. 479 1.315 0. 468 0.523 0. 467
3 MAE/(mg/L) 0. 887 1. 161 0.968 0.341 0.391 0.333
R’ 0. 405 0. 050 0.248 0.905 0. 881 0. 905

IR | B2 T A 4 386 i, A5 78 7 15
I35 2 2 32 i A48 K 0000 205 2R 8 i A8 2% AH L
— R AR AN O TR 2 ) AR AR (1 T 15 22
XN, KR 2 (KR KK 2 d) B, EEMD-
RNN ,EEMD-LSTM . EEMD-GRU & 4 V& J 2% > i
A5 25 R A B 4 S 0. 944 0. 911,
0.930; K0 3(XREAE 3 d) B, T 45 5 1 41
& BEAY 9K 0.905 0. 881 .0. 905, | ik45 RIYTE
A 42 AZ 5 FEL DY, AT LA R KT T ARG B SR
I, & A TR 27 2] BRI ] P X R K 3 d K
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4 Zhig
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0.957.0.955, %% 2 2 Hu T K T 45 55 19 48045 B2
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