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Table 1 Partial experimental data

S MKERE/(mg L) WRE/(mg L) RE/C HRER/(mg L) HUKIER/(mg L) HUKEE/(mg L) BRERE%

1 200 0.98 31 18.83 26.75 0.24 77.09
2 200 0.48 30.9 21.25 26.00 0.31 76.22
3 200 0.77 31.2 l1.61 43.66 0.24 77.24
4 200 0.89 30.8 34.70 14.87 0.29 75.07
5 200 0.54 31.1 41.96 15.62 0.29 71.06
6 200 1.11 29.2 23.13 16.91 0.18 79.89
7 185 0.7 30.5 33.89 11.88 0.26 75.12
8 173 0.56 32.1 18.56 32.64 0.21 70.29
9 173 0.88 323 6.19 33.28 0.23 71.06
10 100 1.4 30.8 4.84 22.79 0.16 72.21
11 100 1.05 30.3 9.15 20.22 0.16 70.55
12 185 1.09 31.1 25.29 8.35 0.28 81.67
13 173 0.77 323 9.15 35.10 0.26 74.28
14 100 1.6 29.5 0.00 22.47 0.11 77.42
15 86 1.35 31.7 12.37 4.28 0.16 80.45
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Fig.3 Flow chart of multi-Level neural network prediction algorithm
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Fig. 6 TN removal rate prediction results of each model
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Parameter prediction of anaerobic ammonium oxidation system based on
multi-level neural network model
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Abstract Due to the complex growth conditions and multiple factors of anaerobic ammonium oxidizing
(anammox) bacteria, the operation and control of the anammox process is very complex. In this study, a multi-
level neural network prediction model was developed to improve the prediction accuracy of total nitrogen
removal rate in the effluent of a single-stage SBBR autotrophic anammox system, and to determine the key
control parameters for engineering applications of the system. The first-level artificial neural network model
predicted the key indicators affecting the total nitrogen removal rate in the effluent through gray correlation
analysis. The second-level artificial neural network model added the data dimension based on the first-level
model, its artificial neural network was optimized with improving particle swarm optimization algorithm and its
search range of particles was expanded by using the idea of genetic algorithm variation, then its prediction
accuracy of total nitrogen removal rate was improved. The results showed that the predicted data basically
matched with the actual value, the average relative error of total nitrogen removal rate was 0.54%, the relative
error was 5.76%, and the root mean square error was 1.132 1. Compared with other predictive models, this
model showed better prediction accuracy. Further analysis showed that it would be an effective control method
to adjust the nitrous concentration in the effluent by controlling the aeration rate of the process system, which
can ensure the stability of the process reaction and realize the engineering application of anammox process.

Keywords  artificial neural networks; simulation prediction; improved particle swarm optimization;

anammox
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