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Enormous energy consumption

Large amount of excessive sludge

Physical drivers of climate change
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[dReactor configuration
1.Effective volume : 5 m3
2.Reactor type: Submerged-

” : ; AnMBR
_ __ | == LMembrane module
o Effluent specification
wastewater ( 1.Element type: Hollow fiber

2.Material: polyvinylidene
difluoride (PVDF)
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| % ' 3.Total membrane area: 6
Raw wastewater ‘ Gas meter 2 fos .
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Figure 1. Picture of the entire experimental procedure and

schematic diagram of the pilot-scale AnMBR system.
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Prediction of membrane fouling in a pilot-scale AnMBR treating municipal wastewater
by machine learning technologies
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CIThe conventional membrane
cleaning timing is determined
artificially, a time lag occurs.

COMachine learning is
introduced to predict the TMP
variation that represents the
membrane fouling behavior in
the AnMBR. Energy
consumption and cost
reduction can be realized by
greatly improving the service
life of the membrane
according to the accurate
membrane cleaning timing
based on the prediction results.
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Results and Discussion

CdTotally 115 days of data
set were extracted and the
train: test was 4:1.

COThe MSE curves
decreased promptly
during the training process
of each model.

OThe R? was selected as
the accuracy evaluation
for predictions. The R>of | i
the ANN and the LSTM can
reachupto 0.62and 0.81, .~ /|
respectively. 0] |

OThe fine-tuning of the ' | |
models was required for |
superior prediction 3 : o
performance.
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Figure 4. Result of ANN and LSTM models

((a)(b): values comparison,(c)(d): MSE curve).

[dDHyperparameters
» Learning rate : 0.01
» Batch size: 2

S KFYRXTAFEY T A REZT VY —

v XIZH

VEAIBR AT O S x#E R L, EBN/-4E
- IEAB T Oy RDOETEE|ER L,
T, BALBITNIZLOAWERETH D, AR TIE, KEE

[T %

W EDEExERB T 5, b%F, =

T ILIET F— T 12022

R X\

NLZa—JI)Lbxy =7

IWTIR7 77 U FRIETILZREERL 7,

Material and Methods
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Figure 3. 8 extracted operation parameters and 2 models for the TMP prediction.

»Epochs: 1000
»Drop out rate: 0.1

Model Structure Actlva.tlon LOS.S Optimizer
function function
ANN 8 units for each
2 hidden layers RelU MSE Adam
LSTM 150 units
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