that uses an algorithm that applied to an air pollution data namely particle number count concentrations ([PNC]), an ultrafine particles data series data gathered
and particulate matter data case study in United Kingdom and Malaysia. from AQMS S 2001
Malaysia from year 2 Lo
The development of the BRT model involves determining the model algorithm settings of the main model input parameters (learning rate, 2000 - 2013 (with o fole
number of trees and interaction depth) that were tested using the R software (version 3.02) by choosing a10-fold cross-validation approach 122,640 hourly data % b
with combination of Ir 0.05 and tc 5 of training set for BRT models. were collected from | g 600 3N
My_Atmos functions as a predictor tool and applicable to visualized concentration of pollutions overlay on a map which is generated from two monitoring S 40018
My_Atmos system. The advantage of the base of My_Atmos, BRT: . = 20073
- i s stations, S 07
J BRT method can deal with complex data and explain the variability of data; 9 t S o
° BRT model can provide a much smoother gradient, analogous to the fit achieved when using gbm and My_Atmos packages; F.)arame e.rs were © 30018
‘ <
o BRT technique handle sharp discontinuities, which is an important advantage when modelling the distributions of pollutants that involved in the 100 12

only occupy a small proportion of the sample environmental space.

It was found, that the coefficient of determination (R?) value for the BRT best iteration models were above 0.60 for [PNC] in urban
environment. The fine and course particle number (FPNC and CPNC) were found to be 0.75 and 0.72 respectively for one of coastal dataset
while R? value of 0.78 and 0.85 were obtained for Malaysia data. Further investigated were performed to rank factor influenced. It was
found, that Carbon monoxide (30.28 %) gas and followed by temperature (16.81%) and wind direction (16.4%) were found the high factor
influenced PM,, in urban environment. The interaction index (H-index) between parameters to concentration of pollutants were also
examined graphically and in numerical form (H-Index). It was found that the H-Index between parameters 0.3 to 0.4 indicated that the BRT
technique able to explain the science of air pollution. The consistent results to produce the best model from the best iteration, able to rank
the best parameters that influence most to the concentration of predictor and able to predict interaction between variables premise BRT as
one of the method or tools to analyse air pollution data. My_Atmos is interactive and applicable to any industry. BRT own geographical
view of its operating system demonstrates applicability for both domestic and international end users as the user can use this model from
any part of the world.
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The working system is to demonstrates structures, functionality of the algorithm setting and
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INTRODUCTION TO'MY_ATMOS

This presentation will discuss the used of an artificial intelligent method namely the ‘stochastic boosted regression trees’ (BRT) approach
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DELIVERABLE OUTPUT
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THE QUEEN’S

1. The BRT method has the ability to deal with complex data and explain the variability of particles in environment;
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2. The combination of Ir 0.05 and tc 5 of training set for BRT models was the lowest error of RMSE compared to other combination

3. The performance of all the models are within acceptable range which is up to 61% variance explain.

4. BRTs demonstrated the contribution from industrial zone and where by motor vehicles dominant sources of PM,,was identified
and their interactions (Index up to 0.4) between factors can explain fundamental facts.

5. A clear benefit of BRTs for air pollution applications is their ability to model complex variable interactions and non-linear
effects, which are the norm in air pollution and which can be difficult to determine and model using other approaches.
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