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Abstract: Box-Behnken response surface methodology (BBD-RSM) and back propagation artificial neural network (BP-ANN)
algorithms were used to model and predict the process parameters (contact time, initial concentration, temperature, pH) of activated
carbon adsorption of total phosphorus (TP), and the reaction conditions in the BP-ANN model were optimized in combination with
genetic algorithms (GA). The results showed that in the BBD-RSM model, the P<0.0001, which could better predict the TP removal
process, and contact time was the most significant parameter for TP removal, with the relative influence order of the factors in the TP
adsorption process being: contact time > pH > temperature > initial concentration. The BP-ANN model was used for optimization,
and the optimal network structure was 4-8-1. Sensitivity analysis showed that the factors affecting the TP removal rate were ranked
as contact time (34.05%) > pH (28.67%) > temperature (19.56%) > initial concentration (17.72%). Based on the BP-ANN model, the
GA was used to optimize the operating conditions of the artificial percolation system, and the optimization results for the TP removal
process were: contact time of 720.53min, initial concentration of 2.75mg/L, temperature of 30.62°C, and pH value of 5, achieving the
optimal removal rate (99.63%). Experimental validation analysis showed that BP-ANN-GA had a higher R* (0.9939) and lower
RMSE (1.2851) compared with BBD-RSM when predicting against the experimental values, indicating that this model had better
predictive ability and could better describe the TP removal process in the constructed rapid infiltration (CRI) system.

Key words: box-behnken design response surface methodology (BBD-RSM); back propagation artificial neural network (BP-ANN);
genetic algorithm (GA); total phosphorus (TP); constructed rapid infiltration (CRI) system
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Table 2 Predicted values and errors of TP removal rate under different conditions of different models
e A 7 TP LBR%H(%) 7

A B C D JESAIER BBD-RSM Fiiil] PRI BP-ANN TJiiill R
1 300 2 35 7 79.67 78.86 0.0102 79.78 -0.0014
2 600 2 25 7 89.78 90.26 -0.0053 89.45 0.0037
3 900 2 25 9 87.64 88.41 —0.0088 87.66 —-0.0002
4 900 2 35 7 91.34 89.67 0.0183 91.35 -0.0001
5 600 1 15 7 85.3 85.84 -0.0063 85.67 —-0.0043
6 900 3 25 7 90.61 90.82 —-0.0023 90.56 0.0006
7 300 3 25 7 79.38 79.19 0.0024 77.68 0.0214
8 600 1 25 5 91.41 91.04 0.0040 91.34 0.0008
9 600 2 25 7 91.37 90.26 0.0121 91.37 0.0000
10 300 2 15 7 74.63 75.02 -0.0052 75.34 -0.0095
11 300 1 25 7 78.42 77.8 0.0079 77.65 0.0098
12 600 3 15 7 86.37 86.66 —-0.0034 86.74 —-0.0043
13 900 1 25 7 89.38 89.16 0.0025 89.32 0.0007
14 600 2 35 5 92.64 92.11 0.0057 91.99 0.0070
15 600 2 25 7 90.13 90.26 -0.0014 90.52 —-0.0043
16 900 2 15 7 87.68 87.21 0.0054 87.20 0.0055
17 600 1 35 7 86.88 88.28 -0.0161 86.88 0.0000
18 600 2 15 5 88.63 87.77 0.0097 88.35 0.0032
19 600 2 25 7 89.64 90.26 -0.0069 89.33 0.0035
20 300 2 25 9 74.39 74.69 -0.0040 74.48 -0.0012
21 600 1 25 9 86.34 85.61 0.0085 86.39 —-0.0006
22 600 3 35 7 89.36 90.51 -0.0129 89.35 0.0001
23 900 2 25 5 89.61 91 -0.0155 89.56 0.0006
24 600 2 25 7 90.38 90.26 0.0013 90.76 —-0.0042
25 600 2 35 9 85.66 86.11 -0.0053 85.43 0.0027
26 600 3 25 9 88.66 87.75 0.0103 89.04 —-0.0043
27 300 2 25 5 80.8 81.72 -0.0114 81.01 —-0.0026
28 600 2 15 9 84.03 61.32 0.2703 84.02 0.0001
29 600 3 25 5 92.49 56.02 0.3943 92.40 0.0010
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Table 3 BBD-RSM Analysis of variance
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CcD 1.42 1 1.42 121 02896 AEE
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Table 4 BBD-RSM ANOVA fits statistical parameters
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Table 5 Table of weights and thresholds for BP-~ANN models

N ZRE w;
MZTC i WIghk
i) JE

1 1.0839 0.4044 0.4657 -1.3216 -2.8592 -0.1367

2 -1.099 0.214 0.7553 -1.9798 1.6648 -0.0295
3 1.0578 -1.1752 1.53 -0.1994 -1.1053 0.1699
4 2.0294 0.2303 1.2785 -0.0577 1.0249 0.3969 B
5 0.3863 -1.0979 1.5579 -0.3037 1.1515 0.472
6
7
8

WAL R
EEE pHH  WE b BUE w W b

1.3232 -1.6155 0.5562 -0.7589 1.5121 -0.0238
-0.7373  0.5062 2.4609 -0.6022 -1.6372 -0.4231
1.0268 0.2175 -1.9051 -0.7706 2.3499 0.2478
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Fig.9 The curve of adaptation value with the number of

iterations
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Table 6 Experimental validation of BBD-RSM and BP-
ANN-GA models

- BBD-RSM BP-ANN-GA
- e
F T [ (min) 703.81 704 720.53 720
WG (mg/L) 2.61 2.6 2.75 2.8
i 31.46 31.5 30.62 30.5
pH {8 3.97 4.0 5 5
LR (%) 99.80 97.73 99.63 98.82
FHXF IR ZE (%) 2.07 0.81
R 0.9779 0.9939
RMSE 2.9762 1.2851
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