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PREDICTION OF WATER QUALITY INDEX USING A EXTREME LEARNING MACHINE WITH

PARTICLE SWARM OPTIMIZATION ALGORITHM

Pornpawit Saraboon'’, Subhorn Khonthapagdee?

Abstract

Fresh water is a crucial component. Only 0.3 of a hundred parts of fresh water that can be used by
people are surface waters. Nowadays, many nations, including Thailand, are concerned about the issue of water
pollution. To manage the water quality problem, it relies on the water quality assessment of surface water
sources using the Water Quality Index (WQI) to make decisions and deal with quality problems. In this research,
extreme machine learning (ELM) techniques were used with the particle swarm optimization algorithm (PSO),
known as PSO-ELM. It was used to predict the water quality index. The weights of the output node obtained
from the ELM will be adjusted to find the best value to make the model more accurate in predicting the water
quality index. As a result, PSO-ELM has similar RMSE values to ELM model. However, PSO-ELM models require
more computation time than ELM models. The results may not be optimal compared to the processing time.
Therefore, when using the PSO-ELM model, it should be used to adjust other parameters such as the number

of hidden nodes, the input weight, or the bias of the model.
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AN597 1 wansen hyper-parameter fifviualifu PSO algorithm

asadi w c1 2
1 0.5 0.1 0.9
2 0.5 0.3 0.7
3 0.5 0.5 0.5
4 0.5 0.7 0.3
5 0.5 0.9 0.1
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G0N FuTaY o
a1 (Un)
RMSE MSE RMSE MSE
1 5 6.617 43,79 7.448 55.47 0.0025177001953125
2 25 5.411 29.28 6.183 38.23 0.0027587413787841797
3 50 4.684 21.94 5.136 26.38 0.00251007080078125
4 125 4519 20.42 4.879 23.81 0.023756027221679688
5 625 3.735 13.95 4.263 18.17 0.09894108772277832
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