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Reservoir Water Quality Three-dimensional Prediction Method
Based on ICS Optimization RBF
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Abstract; Aiming at the shortcomings of existing water quality prediction models in data noise reduction,
initial setting and optimization of network parameters, and accuracy improvement, an optimized three-
dimensional water quality prediction model was constructed. The key parameters of water quality were
screened by using the principal component analysis algorithm, the three-dimensional water quality
parameters and meteorological data were de-noised based on the fully set empirical mode decomposition
algorithm based on adaptive noise combined with the wavelet threshold model, the feature data set was
extracted by using the three-dimensional convolutional neural network (3-D CNN) and the dynamic
initial values of hyperparameters in radial basis function ( RBF) neural networks were optimized by an
improved cuckoo search algorithm (ICS) based on autoencoder ( AE). The comparison and verification
results of the measured data from twenty-two typical online monitoring stations and six handheld
monitoring stations in the Dashuigiao Reservoir area of Xuwen County, Zhanjiang City, Guangdong
Province showed that turbidity and algae density were positively correlated with total nitrogen, and
chlorophyll was positively correlated with temperature, the proposed water quality prediction model was
superior to the existing literature methods in five typical accuracy evaluation indicators. The research
results can provide reference for management departments and researchers to monitor water quality.
Introducing inertial weight and adjusting position parameters to improve CS to speed up the convergence of
RBF network. The autoencoder was used to initialize the initial values of network parameters to avoid the
defects of artificial random setting. Adding WT algorithm can effectively reduce the white noise in the
decomposition and reconstruction process of the fully set empirical mode decomposition algorithm based on
adaptive noise.
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Tab.1 Performance comparison of different hidden

units models

(58T MSE/ RMSE/
- MAPE R D/%
Bk (mg’-L7?) (mg-L7")
18 0. 134 0.224 0.307  0.900 99.5
25 0. 059 0.118 0.201 0.920 99.9
40 0. 102 0. 194 0.239  0.916 99.7
38 0.172 0.228 0.319  0.889 98.9
75 0.204 0.330 0.420  0.875 98.1
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Tab.2 Description of water quality and meteorological data

LD B {E i 2
KR (WT)/C 28. 451 2.333
pH {& (pH) 8. 086 0. 206
S (EC)/(uScm ") 155.014 2.953
T f 4 & (DO) /(mg-L™") 7.930 0.717
ARG (AN)/(mg-L™") 0. 084 0.017
KB R R 1 h 45 £ (CODMn ) /
SH (mpL) 1. 856 0. 030
MBS (TP) /(mg-L™") 0. 089 0. 036
MAE SR (TN)/(mg L") 0.905 0.027
#hEE (T)/NTU 0.814 0. 027
AR (C)/(ng-L7h) 0. 006 3.030 x 10 ~*
BEEEE(AD) /(AL 1) 9.846 x 10°  3.117 x 10°
. IR (AT) /C 29.730 2.451
5 7K & (R)/mm 1.383 0.571
AHX VR EE (AH) /% 85. 582 9.252
x3 HOEE
Tab.3 Component matrix
& A1 RS2 Y3
WT -0. 605 0. 043 -0.370
pH -0.507 0. 802 -0.113
EC -0.855 -0.279 0. 062
DO -0.420 0. 633 0.617
AN 0. 870 0.323 0. 107
CODMn 0.519 -0.259 0. 858
TP 0. 672 -0.026 -0.490
TN 0. 446 0. 805 -0.178
FEAE(E 2.775 1.942 1.192
TR % 39. 646 67.395 84.427
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Tab.4 Correlation coefficients of meteorological factors,

water quality parameters and turbidity parameters

=L T C AD
AT 0.824" 0.923° 0.822°
R 0.862" -0.288 0.814"
AH 0.853" 0.116 0.242
pH 0.812* 0.882" -0.126
AN -0.103 0.821" 0.842°
CODMn -0.063 0.128 -0.049
TN 0.892" 0.901 " 0.886 "

T = RIRTE 0. 05 G (XUR ) S E 25 o
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Tab.5 Comparison of different algorithms

MSE/ MAE/ RMSE/
Y R D/%
(mg>+L°%) (mg-L™") (mg-L°")
PWCAIR 0.103 0. 185 0.261 0.945 99.9
PWCIR 0.209 0.299 0. 358 0.901 96. 8
PWAIR 0. 184 0.285 0.328 0.915 97.0
PWCAR 0.270 0.375 0. 496 0.872 92.8
RBF 0.330 0.438 0.550 0. 838 91.5

W5 BT 52 1 A TR0 ASE 7R 5 PW IR 0 000452 780 % L
MSE MAE .RMSE R . D 4} 3|42 F} 50. 7% .38.1% .
27.1% 4.9% .3.2% ; 5 PWAIR T Il 52 %1 % I,
MSE MAE . RMSE R . D 4} 3|2 F} 44.0% .35.1% .
20.4% 3.3% .3.0% ; 55 PWCAR i I 455 %0 %} 1,
MSE MAE _RMSE R .D % 34 F+ 61.9% .50.7% .
47.4% .8.4% . 7.7% ., 5 RBF Fi | B 5 %} M,
MSE .MAE .RMSE R . D 4 3|42 F+ 68.8% .57.8% .
52.5% 12.8% .9.2% , i 14 fl 52 5 45 5L e
ICS B33 %55 Jr 44 4 10 5 780 330 00 % 8 52 ) e K, Rk
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Tab.6 Performance of different models

MSE/ MAE/ RMSE/

B 2 2 1 1 k /%

(mg”+L77) (mg:L7") (mg-L7")

PWCAIR 0. 103 0.185 0.261  0.945 99.9
PWCACR 0. 165 0.251 0.289  0.921 97.5
BRT 22 -2 0.221 0. 345 0.419  0.878 94.7
ANFISt24 0.134 0.232 0.293  0.927 98.4
SRR B 0.218 0.319 0.388  0.890 95.2
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Fig.6  Actual and predicted values of turbidity, chlorophyll content and algal density
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Fig.7 Three-dimensional distributions of water quality parameters
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