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Figure 1- Location of the study area
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Table 1 — Average meteorological data of Kerman city for the 30-year statistical period (obtained from the Kerman
county meteorological organization, 2025)

Sunshine Relative
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Table 2- Statistical characteristics of the used data

parameters WS T P RH _R O3 PM2s
(m.se) (-C) (mbar) (%) (kj.m~) (ppb) (pg-m?)
Max 10 21.3 1033.46 96.37 2992 49.12 431.45
Min 0.5 -3.1 997.22 8.87 50 1.44 0
Mean 31 8.83 1016.4 38.9 1581.27 23.9 23.58
Median 2.62 8.8 1015.82 34.75 1582.5 19.61 19.71
Standard deviation 1.54 4.46 5.99 18.62 526.93 12.03 23.06
Skewness 14 -0.02 0.36 0.91 -0.37 0.55 12.05
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Figure 2- Importance levels of the selected variables
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Figure 3 — An artificial neural network with three
layers (Samii et al., 2023)
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Table 3 — Features of each model

Models ML

Optimal Parameters

Random Forest n_estimators: 463

Bootstrap:True, max_depth:20, max_features:0.5, min_samples_leaf:2, min_samples_split: 4,

Hidden Layer Structure: three hidden layer (100,100,100), Activation Function: Rectified
MLP Linear Unit (ReLU) Regularization Parameter (Alpha)=0.0061 Initial Learning Rate= 0.0046
Solver=Adam Maximum Number of Iterations (Epochs)=500 Random State=42

subsample: 0.8, reg lambda:5, reg_alpha:0.1, n_estimators:300, max_depth:3,

XGBoost learning_rate: 0.03, colsample_bytree: 0.8
CatBoost subsample:0.7, learning_rate:0.03,12_ leaf reg:3, iterations:1000, depth:6, border_count: 64,
atboos bagging temperature: 5
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Table 4 — Statistical indices calculated for the mentioned models during training and testing phases

Train Test
2 RMSE 2 RMSE
ML Models R (ppb) MAE (ppb) R (ppb) MAE (ppb)
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XGBoost 0.888 0.153 0.11 0.747 0.291 0.217
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MLP 0.774 0.248 0.19 0.693 0.308 0.236
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Abstract

Machine learning-based models are effective and practical tools for analyzing complex relationships between air
quality parameters and meteorological variables and identifying key factors influencing air quality. The aim of this
study is evaluation of three tree-based models’ performance namely —Random Forest (RF), XGBoost, and
CatBoost—and a multilayer perceptron (MLP) neural network model, using daily data of five meteorological varibles,
including wind speed, temperature, air pressure, relative humidity, and rainfall and two air pollutants (O3 and PM2.5),
to estimate the daily concentration of carbon monoxide during winter season in Kerman city, south of Iran. The models’
performance was assessed using statistical indices including the coefficient of determination (R?), root mean square
error (RMSE), and mean absolute error (MAE). Results indicated that the CatBoost model had the highest accuracy
in estimating CO concentrations, with a R2 of 0.778, RMSE of 0.284 (ppb), and MAE of 0.209 (ppb) during the test
phase. The performance of the XGBoost and RF models was relatively similar, with R2 values of 0.747 and 0.728,
respectively. The MLP model showed the lowest accuracy, with R2, RMSE and MAE of 0.693, 0.308 and 0.236 pbb,
respectively. These results confirm the superior skill of tree-based models in comparison to the neural network-based
model for estimating CO concentration in study region.
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