HoKFE AR 2024 ,43(5) :143-149 Water Purification Technology

e, BB, MO%SE, 4. BT CNN-LSTM i Tl R AK K BB AL J]. kAR, 2024, 43(5) :143-149.
YANG L X, WANG M R, LIN X L, et al. Prediction model of industrial effluent quality based on CNN-LSTM[J]. Water Purification Technology,
2024, 43(5) :143-149.

E T CNN-LSTM B T Ml H 7Kk 7k J& 7 i 4% B

i EE EA R ML A —E T R

(1. RIFITE 2B LR G4 AR PGS 030619;2. thdt KRRl 5 TRk ILPERJE 030051 ;3. ILTH4
S H K AL FE AR B oL I PE R R 030006)

WOE TABOKSHEZRG Y, SERT TN T 5 /K K I DA TR T AT A A SRR B L, A RS AR T —
T B9 B U 22 W 45 ( convolutional neural network , CNN) FlH A5 112 M 4% (long short-term memory , LSTM ) fiili & 14 Tl & 7K 7k
J S S AR BR TNAR 2 ( CNN-LSTM) o A T 52 4 il 412 Tl B2 K S50 1 s e e A sh 251k B 8 T 2 /Mg shi 0,
CNN B8 i 8] )3 50 B 2R 47 oo AR AE SR IR, R LSTM AR 28U 2 > Bisf (8] 77 5 B4R 1) B 13 ARRAF , 57 CNN-LSTM Tk J3 /K
R FH%F B KK B ik 2 B (COD, ) VEA S (TP) 3 WHEARIEAT I 00T, 455 K00, 5 CNN F LSTM W5~k v
HEAUAH LY, CNN-LSTM FUi A58 28 (1% 5F- 240 468 X {152 22 8 (MAE ) A J5 1225 %8 (MSE ) B8/ FUMBCR B . 28 8 ReH 4 4ib 5
B Tl I K R AR K SR A TR0, T kg T K K 5 P A 452 A I RTOARS v 2 skl B (36 550 T AT PR SRR RN He SR AR 3
KEIF BRZMY(CNN)  KEBHCIZME (LSTM) Tl i AGKRTM ¥ aher 0ors: fiakm 15—k
FESES . X703 ERARIRED: A XEHS: 1009-0177(2024)05-0143-07

DOI; 10. 15890/j. cnki. jsjs. 2024. 05. 016

Prediction Model of Industrial Effluent Quality Based on CNN-LSTM
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Abstract Industrial wastewater contains a variety of pollutants, so it is of great significance to predict the quality of industrial
wastewater in advance so as to treat it quickly. For this reason, a new predictive model (CNN-LSTM) for industrial wastewater quality
pollutants based on the fusion of convolutional neural network (CNN) and long short-term memory (LSTM) was proposed in this
paper. In order to better capture the time sequence and dynamics of industrial wastewater data, multiple sliding windows were set up in
the model. CNN algorithm was used to extract high-dimensional features of time series data, and LSTM model was used to learn the
time series features of time series data. CNN-LSTM industrial wastewater prediction model was established, and three indexes of
biological oxygen (COD,) content, ammonia nitrogen content and total phosphorus (TP) content in wastewater quality were predicted
and analyzed. The results showed that the mean error rate (MER) and mean square error rate ( MSE) of CNN-LSTM model were
smaller than those of CNN and LSTM model. The model can accurately predict the effluent quality of industrial wastewater, and can
provide effective and feasible technical support and decision-making basis for on-line monitoring and precise control of industrial
wastewater quality.

Keywords convolution neural network (CNN) long short-term memory (LSTM) industrial effluent quality prediction sliding

window method pretreatment normalization
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Fig.2 Thermal Diagram of Correlation Coefficient Matrix
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Tab. 1 Data Structure of Model
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Tab.2 Parameter Settings for LSTM

e CA LSTM #5754
AL 1
il 1
5V 1
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&3 CNN 2HE
Tab.3 Parameter Settings for CNN
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Tab.4 Parameter Settings for CNN-LSTM
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Tab.5 Comparison of MSE and MAE Mean Values of COD,,
=RFR N MSE “F-H){H MAE 3444 MSE 1 il MAE {5 %l
CNN 0. 084 0.079 [0.076,0.097 [0.069,0.101]
LSTM 0.125 0.103 [0.109,0.145] [0.086,0.133]
CNN-LSTM 0. 047 0. 040 [0.031,0.058] [0.034,0.054]
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Fig. 5 Comparison Results between Real Values and Predicted
Values of COD, under CNN-LSTM Model
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Fig. 6 Comparison Results between Real Values and Predicted
Values of Ammonia Nitrogen under CNN-LSTM Model
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Tab. 6  Comparison of MSE and MAE Mean Values of Ammonia Nitrogen
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CNN 0.091 0. 100 [0.075,0. 142] [0.094,0. 157]
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Tab.7 Comparison of MSE and MAE Mean Values of TP
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CNN-LSTM 0. 090 0.086 [0.058,0. 171] [0.079,0.163]
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Fig.7 Comparison Results between Real Values and

Predicted Values of TP under CNN-LSTM Model
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