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Background

Wastewater Treatment Plants (WWTPS)

 Flow rate,

* Pollutant load,
 Chemical environment
« Hydraulic conditions

Traditional Treatment:

Conventional mechanical and biological wastewater treatment cannot eliminate all
pollutants which can enter surface water bodies together with treated wastewater.
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Background

Wastewater Programmable Logic Controller:

* Sensors
« monitor chemical usage, pH, water levels in the tank, alarms, and other system
Information

* generate automated reporting and record keeping
« allow data transfers to external storage or network locations
« allow remote access from any computer with a network connection

Ardi et al. (2020)
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Previous works

Artificial intelligence (Al) and machine learning (ML)

* Modelling:
« Atrtificial neural networks (Chen and Kim, 2006).
« Support Vector Machine regression (Ayaet al., 2016)
« Multilayer perceptron (Chew et al., 2017)

» Feature Extraction
« Moving average filter (Smith, 1999)
« Genetic algorithm (GA) (Li and Yan, 2019)
 Particle swarm optimization (PSO) (Ye et al., 2019)
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Dynamic Feature Selection

« Water quality is affected by the dynamic characteristics of the bacteria (Hu et al.
2019)

« Data-driven methodology. (Mbamba et al., 2019).
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Spatio-Temporal Feature Extraction

Spatial relationshipscharacteristics
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Spatio-Temporal Feature Extraction contd

Available data
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Spatio-Temporal Feature Extraction contd

Available relationship extraction

e Pearson r correlation:
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Classifier

Support Vector Machine (SVM)
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Experimental Data

The experimental data is a benchmark data retrieved
from https://archive.ics.uci.edu/ml/datasets/water+treatment+plant

Data Set

Characteristics:

Attribute

Characteristics:

Associated
Tasks:

Multivariate

Integer, Real

Clustering

Number oT 507
Instances:

Number of

Attributes: 38

Missing Values? N/A

Area: Physical
Date Donated 1993-06-01

Nymber of Web 183981
Hits:
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Evaluation

Confusion matrix

Actual Values

Positive (1) Negative (0)

Positive (1) TP FP

Negative (0) FN N

Predicted Values

U ¥

Unitec TePukenga




Expected results

On average, the current Spatio-temporal feature selection outperforms 15-20%
compared to time-series on fault detection in the k-nearest neighbours' algorithm by
ten-fold cross-validation.

The highest accuracy is 80.75%, it is not a very good classification result, and we
need a better classifier.

U ¥

Unitec TePukenga




Conclusions

Positive

« Currentresults show that our methods work.
Challenges

 We need better results for a journal paper.

 We need chemical knowledge.
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