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Fig. 1 (A) Schematic sketch and (B) photographs showing the
experimental setup
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Fig. 2 (A) Effect of initial pH on the removal rate of nitrate nitrogen; Comparisons of (B) pH changes and (C) conductivity changes
before and after180 minutes of reaction

T 1MLRBER
Table 1 Correlation coefficient data
. i . . .. Dissolved oxygen  30-min
Parameter Time  Initial concentration Current density Conductivity — pH :
concentration removal
Time 1 0.1470 -0.0810 0.3161 0.4522 0.0420 -0.4103
Initial concentration  0.1470 1 0.2015 0.4350 0.1818 -0.0605 0.3183
Current density -0.0810 0.2015 1 0.0735 -0.0594 -0.110 0.1709
Conductivity 0.3161 0.4350 0.0735 1 0.4906 0.0508 0.0823
pH 0.4522 0.1818 -0.0593 0.4906 1 0.0709 -0.1863
Dissolved oxygen 37, -0.0605 -0.1105 0.0508 0.0709 1 -0.0555
concentration
30-min removal -0.4103 0.3183 0.1709 0.0823 -0.1863 -0.0555 1
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Fig. 3 (A) Variations of RMSE and R’ with hidden layer node number; (B) RMSE and R’ as a function of neuron number; (C) RMSE

change curves of different epochs
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Fig. 4 Effects of (A) initial pH, (B) initial concentration and (C) current density on nitrate nitrogen removal rate
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Relative energy
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P tion/(mg - L™ ty/mA-cm?)  (min)  tion/(mg-L) tion/(mg - L) (0/5
{e]
Before regula- 89.64 7.6 120 53.39 53.78 100
tion
4.4 30 82.03
444 60 70.48
After regulation 89.64 53.78 85
4112 90 59.46
112> 64 120 53.58
A 50 B 100
before regulation (verification)
after regulation (verification) = "
40+ 90t N
N 5 N
3 g
T30} = 80}
g 5
Q20+ s 701
e c
o) [0}
¥ o
10F 8 60} - - -after change (predication)
O —a— after change (verification)
0 50

30min 60 min 90 min 120 min
Energy consumption test

El5 (A) REFERULIRI IR . SRR LR A

0 30 60 90 120
Time/min

(B ) 7K BT A I i 25 e e FEE B Tt o 6 U245 1

Fig. 5 (A) Comparison of nitrate nitrogen removal rate before and after regulation of energy consumption verification test; (B)
Prediction and verification results of nitrate nitrogen concentration after water quality change
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Table 3 Predicted results of water quality change based on BPNN

Initial concentration/  Current density/

Group

. . Final concentration/ Target concentration/
Time/(min)

(mg- L) (mA - cm™) (mg L) (mg - L)
Before change 94.69 7.6 120 56.86 58.90
94.69 7.6 30 84.46
84.46 — 91.30 7.6—125 60 75.05
After change 58.90
75.05 — 84.46 125+ 16.8 90 66.83
66.83 16.8 - 18.8 120 58.90
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Fig. 6 Proposed electrochemical water treatment process
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Abstract

Achieving effective control of parameters in the process of nitrate wastewater treatment is critical to electrochemical
water treatment. The powerful nonlinear mapping ability, self-adaptation and self-learning ability of neural network
technology can optimize the electrochemical processing. However, there are few researches in this direction. Hence,
based on the test data of the electrochemical reduction of nitrate, an electrochemical prediction model was established
by using the BP neural network algorithm. Considering the correlation of various parameters in the electrochemical
process, the reaction time, initial nitrate nitrogen concentration, pH and current density were determined as the input
layer of the BP neural network for model establishment. Results showed that the optimal network configuration of 4-7-
1 was achieved by optimizing the hyperparameters of hidden layers number, and the numbers of neurons and epochs.
The predicted value of nitrate nitrogen concentration was consistent with the measured value, and the R’ value of 0.9095
was obtained. Meanwhile, the model predicted the effects of initial concentration, pH and current density on the removal
efficiency of nitrate nitrogen. In the weak alkaline environment, the stability and reliability of nitrate electroreduction
were higher than those in acidic and alkaline environments, and the predicted value of nitrate nitrogen was highly
correlated to the true value (R’=0.9908). The initial concentration was negatively correlated to the removal rate, while
the current density was positively correlated. Finally, the neural network model was used to control the electrochemical
nitrate reduction process. Energy consumption tests were designed by optimizing current density, and15% reduction
energy consumption was obtained within the same processing time and processing efficiency. Also, through the
prediction model, the effluent quality can be guaranteed by timely adjusting the parameter in the case of sudden water
quality changes. The research results can provide a reference for the intelligent control in the electrochemical removal
of nitrate. At the same time, combining the understanding of the electrochemical treatment system and artificial
intelligence technology, several ideas are proposed for the application of artificial intelligence technology in the field of
electrochemical water treatment.

Key words: Nitrate nitrogen; Electrochemical reduction; BPNN; Prediction model; Intelligent control
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