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Abstract  
 
Particulate Matter induced air pollution is known to have significant 
negative impacts on both the environment and human health. This 
research evaluates the effectiveness of various decision tree 
ensemble models in predicting daily PM10 concentrations in 
Thiruvananthapuram, Kerala, from July 2017 to December 2019. 
Seven decision tree ensemble models, namely Random Forest, Extra 
Trees, Gradient Boosting, AdaBoost, LightGBM, XGBoost, and 
Histogram-Based Gradient Boosting are employed here. To address 
missing data in the dataset, kNN imputation is utilized for a cohesive 
dataset suitable for model training. The models utilize both 
meteorological and air pollutant variables, with performance 
assessment using metrics such as the coefficient of determination 
(R²), root mean square error (RMSE) and mean absolute error 
(MAE). The findings indicate that the Extra Trees regression model 
provided the best prediction performance (R² = 0.9397, RMSE = 
6.664 μg/m³, MAE = 4.950 μg/m³). Histogram-Based Gradient 
Boosting and Random Forest also demonstrate strong predictive 
capabilities. The explainability of the best prediction models is 
conducted by the feature importance analysis process. Feature 
importance analysis highlighted sulfur dioxide (SO2) as the most 
significant pollutant influencing PM10 levels, alongside 
meteorological factors like wind speed and rainfall, enhancing both 
prediction accuracy and interpretability of results. This research 
represents the first comprehensive effort to predict PM10 levels in 
Thiruvananthapuram using machine learning techniques, addressing 
a gap in regional air quality studies.  

  
Keywords: PM10, Decision Tree, Extra Trees, Random Forest, 
Histogram Gradient Boosting. 
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1. INTRODUCTION  
Particulate matter is the total amount of solid and liquid particles 

suspended in the air, many of which are harmful. Inhalable particles with a 
diameter size of 10 micrometres or less are referred to as PM10 (1). Asthma, 
respiratory infections, lung cancer, and chronic obstructive pulmonary 
disease(COPD) are all caused by exposure to PM10 (2). The elderly and 
children with chronic heart or lung disease are most likely to suffer negative 
health effects from PM10 exposure, according to the researchers (3,4). 
Increased PM10 concentrations have been linked to a higher mortality rate 
(5). The prevalence of cardiovascular disease (CVD) in India is one of the 
highest in the world. The annual number of CVD deaths in India is anticipated 
to rise from 2.26 million in 1990 to 4.77 million in 2025  (6,7).   

Innovations in computational methods and the availability  of large 
amount of data storage devices, have resulted in the development of 
applications for predicting air pollutant concentrations for a spectrum of uses 
(8). Machine learning algorithms have been successfully applied to the 
forecasting of a wide range of air pollutant concentrations over a variety of 
time scales (9). The accuracy and dependability of air quality forecasts are 
improved by utilising a variety of machine learning methods for both short-
term and long-term PM10 level prediction (10). The prediction of PM10 
levels is benefiting greatly from the use of traditional regression techniques, 
tree-based models, hybrid models, and deep learning techniques, which 
provide improved accuracy and the capacity to efficiently handle massive 
amounts of environmental data. These developments have a major impact on 
environmental management plans and public health campaigns that try to 
reduce air pollution. 
 
2.RELATED WORKS 

Many researchers tried to forecast particulate matter concentrations, 
both PM10 and PM2.5 using machine learning methods. The researchers  
developed a neural network based model that accepted PM10 concentrations 
and meteorological parameters as input variables, in order to predict the 
PM10 concentration for the next day (11). A random forest model that uses 
satellite, meteorologic, atmospheric, and land-use data for predicting daily 
PM2.5 concentrations at a resolution of 1 × 1 km throughout an urban area, 
was proposed in this study (12). The researchers described a successive over 
relaxation support vector regress (SOR-SVR) model for the PM10 and PM2.5 
prediction, based on the daily average aerosol optical depth (AOD) and 
meteorological parameters measured in Beijing during the years 2010 to 
2012 (13). An ANN-SVM forecasting model with a two-year data set of air 
pollutant and meteorological parameters from Taiyuan, China, and then the 
Taylor expansion forecasting model to revise the forecasting goal, resulting in 
a high accuracy rate is reported in a research study (14). In the research 
work of (15) , the researchers proposed a PM10 forecast model focused on 
Long Short Term Memory (LSTM) for Seoul, Korea.  
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A comparative study of Artificial Neural Networks (ANN), Boosted 
Regression Trees (BRT), and SVM machine learning models to predict PM10 
and PM2.5 levels based on traffic, meteorological, and pollutant data 
collected from various locations in London from 2007 to 2012 is presented in 
the study (16). The researchers developed a model to estimate daily 
concentrations of PM1, PM2.5, PM4, PM10, and PM-Total based on weather 
variables by employing the hybrid dragonfly-SVM algorithm (17). Fuzzy 
inference system optimized using particle swarm optimization and genetic 
algorithm was developed by the researchers  for forecasting PM10 and other 
air pollutants (18). The research work that predicts the hourly concentration 
of PM10 in Seoul using tree-based machine learning reported that LightGBM 
model was superior in prediction performance (19). ANN with different 
network training algorithms was employed to predict hourly PM10 
concentrations in Chongqing City of China (20). A hybrid deep learning 
method of encoder-decoder convolutional neural network combined the 
Long Short-Term Memory (LSTM) model was developed for PM10 prediction 
and it reported R2 value of 0.88 and a mean absolute error value of 7.24 (21). 
 
3. ORIGINALITY 

In this study, decision tree ensemble prediction models are employed 
for prediction of PM10 in Thiruvanathapuram, the capital city of Kerala. 
Feature importance analysis of PM10 is also carried out in this study, since it 
plays a crucial role in understanding which variables significantly influence 
the model's  prediction of PM10 values. Thiruvananthapuram demonstrates 
the traits of a city in development, with great potential for expansion and 
modernisation. Even though Thiruvananthapuram has comparatively lower 
pollution levels than other large Indian cities like Delhi, effective air quality 
management requires constant monitoring and preventative actions. So, to 
lower the particulate matter concentrations in Thiruvanathapuram and to 
lessen the health hazards related to air pollution in the city, ongoing research 
is needed to anticipate and monitor PM10 with greater accuracy.  This 
research study is novel as it is the initial attempt in Kerala to predict PM10 
levels using advanced machine learning techniques, specifically decision tree 
ensemble models. It incorporates feature importance analysis to identify key 
factors influencing PM10 concentrations, providing actionable insights for 
pollution control. By focusing on proactive air quality management in 
Thiruvananthapuram, a developing urban center with relatively low 
pollution levels, the research emphasizes accurate prediction and 
preventative strategies to support sustainable growth and health protection. 

 
4. SYSTEM DESIGN 

This study was conducted for the capital city of Kerala, 
Thiruvananthapuram. The ambient air quality monitoring station in the city 
is located at Plammoodu (Latitude: 8.51°N, Longitude: 76.94°E). Kerala State 
Pollution Control Board owns and operates the monitoring station. 
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Thiruvananthapuram generally exhibited better air quality in comparison to 
bigger Indian metropolitan areas such as Delhi and Mumbai. The city 
frequently ranks in the "Good" to "Moderate" categories on the air quality 
index (AQI) scale, with limited occurrences of severe pollution. The area's 
ambient air quality is negatively impacted by population density, personal 
vehicle usage, traffic congestion, housing construction, business and 
industrial units, and other factors. The data for the analysis was obtained 
from the Central Pollution Control Board's website. The data was collected 
for 914 days, from July 1, 2017 to December 31, 2019.  

The dataset included daily values for seventeen features, encompassing 
date, air pollutant variables, and meteorological parameters, in addition to 
the target variable of daily PM10 values. The dataset included detailed 
temporal information with date values specifying the day, month, and year. 
Additionally, it contained daily concentration levels of various air pollutants, 
including Particulate Matter 2.5 (PM2.5), Nitric Oxide (NO), Nitrogen Dioxide 
(NO2), Nitrogen Oxides (NOx), Ammonia (NH3), Carbon Monoxide (CO), 
ozone, and Sulfur Dioxide (SO2). Wind Speed (WS), Wind Direction (WD), 
Ambient Temperature (AT), Relative Humidity (RH), Rainfall volume (RF), 
Solar Radiance (SR), and Buoyancy Pressure (BP) and Rack Temperature 
(Temp) were among the meteorological parameters included in the data set. 
The prediction models were developed in Python using the Colab Notebook 
of the Google Cloud Computing service environment. Figure 1 shows the plot 
of PM10 values over the study period from 2017 to 2019. 

 

Figure 1. PM10 values over the years 2017 to 2019 

Due to instrument malfunction, power loss, or communication 
problems, the dataset contained missing values. KNN imputation was used to 
handle missing values, which accounted for less than 5% of the dataset. KNN 
imputation was chosen because it effectively handles missing values by 
leveraging relationships across the sixteen air pollutant and meteorological 
variables while maintaining the dataset's multivariate structure (22,23). It 
captures the spatial and temporal dependencies contained in the dataset, 
resulting in accurate estimates influenced by weather and pollutant 
interactions.  Furthermore, KNN is computationally efficient, adaptive, and 
produces more trustworthy imputations than simpler approaches such as 
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mean or median imputation (24,25). Rather than the simplistic approach of 
filling all the values with mean or median, it is a more powerful and useful 
strategy in which the missing value is estimated based on the mean of the 
neighbors (26). A distance from the missing values is defined in this method, 
which is known as the K parameter (27). The scikit-learn class KNNimputer 
was used here to fill in the missing values in a dataset and the parameter K 
was set to 15. KNN imputation with k=15 was chosen because it produced 
imputed values that preserve the original dataset's statistical properties, 
including mean, variance, and distribution shape (28). So, this empirical 
evaluation confirmed that the natural patterns in PM10, other air pollutants 
and atmospheric variables remain intact. Another reason for the choice of 
k=15 in KNN imputation was due to the balance of the bias-variance tradeoff. 
Smaller k values (e.g., k=1–5) cause high variance by overfitting to noise or 
outliers, while larger k values (e.g., k=30 or above) lead to high bias, over 
smoothing the data and losing local patterns (29,30). With 5% missing data 
in this dataset, k=15 ensured there were sufficient comparable neighbors to 
accurately impute values, even for features with multiple missing entries 
(31,32). The imputed dataset included 914 daily records of PM10 along with 
associated feature variables. 

 
Figure 2. Correlation heatmap of PM10 

A visualized heat map of the Pearson correlation coefficient between 
the input features and PM10 is shown in Figure 2, where blue represents 
positive correlation, while yellow indicates negative correlation. Those 
parameters that were highly positively correlated to PM10 are PM2.5, NH3, 
NO2, Ozone and SO2 (correlation coefficient > +0.40). The heatmap indicated 
that wind speed and rainfall were negatively correlated to PM10. 

In this study, seven decision tree ensemble machine learning 
algorithms, namely, Random Forest, Extra Trees, Gradient Boosting, 
AdaBoost, LightGBM, XGBoost, and Histogram-Based Gradient Boosting were 
used for PM10 prediction. A random forest (RF) is a tree-based ensemble 
approach that uses a large number of weak decision tree learners that are 
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developed in parallel to reduce the model's bias and variance (33). RF is an 
ensemble technique that builds numerous decision trees during the training 
phase and subsequently averages their predictions to yield a more precise 
and stable outcome than a single tree (34). This method alleviates the 
overfitting issue in individual decision trees by averaging outcomes from 
several models. RF employs the bootstrap aggregating, wherein each tree is 
trained on a random subset of the data (35). This element of randomization is 
essential for ensuring that the trees remain uncorrelated, hence enhancing 
model performance. 

The extremely randomized trees algorithm is a machine learning 
technique that was created as an extension of the random forest algorithm 
(36). It is also known as extra trees (ET). ET is an ensemble machine-learning 
algorithm that incorporates predictions from several decision trees to 
increase accuracy and reduce computational complexity (37). The ET method 
includes creating a randomized ensemble of trees and aggregating their 
predictions in a suitable manner, such as averaging in regression problems or 
majority voting in classification problems (38). ET uses the same concept as 
RF, training each base estimator with a random subset of features, but using 
the entire training dataset. However, when splitting the node, it chooses the 
best function and the corresponding value at random (39).  

Gradient Boosting is an ensemble approach employed for predicting 
continuous outcomes by integrating several weak decision tree prediction 
models (40).  This model is constructed incrementally, beginning with a basic 
model and progressively incorporating weak learners to enhance predictive 
accuracy (41,42). Each new model is trained to rectify the faults of its 
predecessors, concentrating on the residuals. This approach employs 
gradient descent to reduce the loss function (43). 

Light Gradient Boosting Machine (LightGBM) is a sophisticated gradient 
boosting system, engineered for efficiency, precision, and scalability (44). It is 
an open-source framework created by Microsoft. It utilizes a leaf-wise 
growth technique, in contrast to traditional gradient boosting, which employs 
a level-wise growth approach (45). The leaf-wise growth strategy optimizes 
tree growth by prioritizing splits in the leaf with the greatest potential to 
minimize the loss function, enhancing precision and efficacy (46). LightGBM 
facilitates parallelization through two methods: feature-parallel training, 
wherein distinct computers handle various feature sets, and data-parallel 
training, which involves partitioning the dataset across many machines (47). 

AdaBoost (Adaptive Boosting) is an ensemble learning method that 
integrates several weak learners to formulate a robust predictive model (48). 
This approach improves the efficacy of basic tree models by concentrating on 
the errors from prior iterations, rendering it especially helpful for regression 
tasks. It was created by Yoav Freund and Robert Schapire in 1996 (49). 
AdaBoost emphasizes weak learners with significant prediction mistakes, 
adaptively modifying their relevance during the training process (50). 
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XGBoost (eXtreme Gradient Boosting) is an innovative and widely 
utilized gradient boosting method, created by Tianqi Chen and Carlos 
Guestrin at the University of Washington in 2016 (51). XGBoost optimizes the 
boosting process by gradient boosting, L1 and L2 regularization, and parallel 
processing during tree construction (52). XGBoost is generally regarded for 
its flexibility and scalability, as it is engineered to accommodate enormous 
datasets and efficiently process billions of instances (53). 

HistGradientBoosting (Histogram-based Gradient Boosting) is a 
gradient boosting framework that utilizes histogram-based methods to 
enhance the training of decision trees, rendering it especially appropriate for 
extensive datasets (54). The fundamental innovation of histogram-based 
gradient boosting resides in its data preparation and partitioning 
methodology (55). Histogram-based methods convert continuous features 
into discrete bins prior to the commencement of training (56).  

 
              Figure 3. System design diagram 

Feature importance analysis is an important process in machine 
learning that evaluates the contribution of each feature to the model's 
predictions by assigning scores based on their impact (57). This aids in 
determining which features are most influential and which are irrelevant, 
resulting in dimensionality reduction and improved model efficiency.  It 
enhances interpretability by providing insights into the relationships 
between the input features and the target variable, making it easier to 
explain model decisions to stakeholders (58,59). Feature importance analysis 
in decision tree ensemble models entails determining how each feature 
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contributes to the model's predictions.  These models determine feature 
relevance by calculating how much a feature decreases impurity (e.g., Gini 
impurity or entropy) or improves the loss function across all trees during 
splits (60). In scikit-learn Python library built-in characteristic named 
feature_importances provide access to the importance scores. 

In this work, all the models were trained on 80% of the dataset and 
then tested on the remaining 20% to determine their ability to predict PM10 
concentrations.  The predicted PM10 values were compared to the actual 
values using three evaluation metrics: coefficient of determination (R2), root 
mean square error (RMSE) and mean absolute error (MAE). The system 
design of the reseacrch work is diagrammatically represented in Figure 3.  
 
5. EXPERIMENT AND ANALYSIS 

The monthly variation trend of PM10 levels in Thiruvananthapuram is a 
significant element of air quality assessment, indicating the influence of many 
environmental conditions and anthropogenic activities on air pollution. 
Figure 4 showed that PM10 levels are elevated to the highest values during 
the wintertime, i.e., from November to February and after that a decline is 
reported during the summer season (from March to May). It should also be 
noted that PM10 concentrations were lower during the showery season of 
Southwest Monsoon which typically begins in early June and lasts until 
August. During the Northeast Monsoon season, which lasts from October to 
November, PM10 values decreased to their lowest levels. This was consistent 
with the results from the correlation heatmap, which indicated that rainfall 
and wind were negatively correlated with PM10 values. The heatmap in 
Figure 2 also demonstrated that temperature, wind direction, and solar 
radiance had a positive association with PM10 levels, indicating that 
increases in these variables were linked to elevated PM10 concentrations. 
Since the summer season in Kerala is characterized by high temperatures and 
high solar radiance, this correlation is in agreement with the summer 
monthly variation trend of PM10.  From these observations, it can be 
concluded that the PM10 is truly season dependent. 

 
              Figure 4. Monthly variation trend of PM10 

Table 1 presents the comparison results of the daily predicted PM10 
and actual PM10 values of the validation dataset for each model. When 
considering the prediction accuracy of PM10 for the validation data set, the 
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Extra Trees, Histogram Gradient Boosting and RF algorithms exhibited 
relatively higher accuracy results. Extra Trees demonstrated the superior 
prediction performance with the highest R2 = 0.9397 and the lowest RMSE = 
6.664 μg/m3 and MAE = 4.950 μg/m3 values. This indicates that 
approximately 93.97% of the variance in PM10 levels is explained by the 
Extra Trees model and also low error metrics suggests that the predictions 
made by Extra Trees are very close to the actual values, indicating high 
accuracy. The Histogram Gradient Boosting model demonstrated 
performance comparable to that of Extra Trees, achieving an R² of 0.9391, 
with the lower RMSE of 6.699 μg/m³ and MAE of 5.008 μg/m³. Following 
closely, the Random Forest model also exhibited slightly lower performance, 
with an R² of 0.9318, RMSE of 7.085 μg/m³, and MAE of 5.186 μg/m³. 
Gradient Booting model indicated comparable performance to the above-
mentioned models (R2 = 0.9251, RMSE = 7.430 μg/m3 and MAE = 5.335 
μg/m3). In this study, all other boosting-based ensemble models (LightGBM, 
AdaBoost, and XGBoost) demonstrated lower performance. The XGBoost 
model recorded the least predictive performance, with the lowest R² value of 
0.6539, along with the highest RMSE of 15.971 μg/m³ and MAE of 13.101 
μg/m³. 

Table 1. PM10 prediction accuracy  
Model R2 RMSE (μg/m3) MAE (μg/m3) 

Random Forest 0.9318 7.085 5.186 
Extra Trees 0.9397 6.664 4.950 

Gradient Boosting 0.9251 7.430 5.335 
LightGBM 0.7952 12.283 10.255 
AdaBoost 0.8529 10.411 8.616 
XGBoost 0.6539 15.971 13.101 

HistGradientBoosting 0.9391 6.699 5.008 

The scatter plots of the predicted PM10 values by the seven ensemble 
models using the validation data set, and the actual PM10 values are shown 
in Figure 5 to Figure 11 respectively. The red dotted line represents the 1:1 
line and is used to assess how closely the predicted PM10 values match the 
actual values. For Extra Trees, Random Forest, HistogramGradient Boosting 
and Gradient Boosting models, the PM10 values strongly agree on the 1:1 
line, whereas in the case of AdaBoost, LightGBM and XGBoost, the scatter is 
huge and so the accuracy of PM10 prediction of these models is low. 
 

 
Figure 5. Scatter plot of predicted PM10 values by Random Forest model 
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After prediction performance analysis, the best four tree models 
selected were Extra Trees, HistogramGradientBoosting, RF and Gradient 
Boosting models.  Feature importance analysis was conducted to determine 
the contribution of input variables to model predictions. For Extra Trees, 
Random Forest, and Gradient Boosting models, feature importance was 
calculated using their respective tree-based libraries in Python, leveraging 
feature_importances property.  For the Histogram Gradient Boosting model, 
permutation feature importance was applied. This feature importance 
analysis approach provides insights into key factors influencing PM10 levels 
and aids in refining predictive accuracy. 

 

 
Figure 6. Scatter plot of predicted PM10 values by Extra Trees model 

 

 
Figure 7. Scatter plot of predicted PM10 values by GradientBoosting model 

 

 

Figure 8. Scatter plot of predicted PM10 values by LightGBM model 

 

Figure 9. Scatter plot of predicted PM10 values by AdaBoost model 
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Figure 10. Scatter plot of predicted PM10 values by XGBoost model 

 

 
Figure 11. Scatter plot of predicted PM10 by Histogram GradientBoosting model 

Table 2. Feature Importance analysis in PM10 prediction 

Extra Trees 
Histogram 

GradientBoosting 
RF Gradient 

Boosting 
SO2 SO2 SO2 SO2 
NH3 CO WS CO 
BP NO2 CO WS 
WS WS BP BP 

NO2 SR NO NO 
CO NH3 NO2 NH3 
WD NOx NOx WD 
SR RF WD RF 

Ozone BP NH3 NO2 
RH PM2.5 RF Ozone 

The most important ten features affecting the PM10 prediction using 
these models are shown in Table 2. The feature analysis process highlights 
that SO2 is the most significant feature consistently identified by all four 
models as influencing PM10 predictions, underscoring its crucial role in air 
pollution dynamics. Other important air pollutants include CO, NO2, and NH3, 
which contribute to particulate matter formation through atmospheric 
reactions. Additionally, meteorological factors such as wind speed, rainfall, 
and barometric pressure significantly impact PM10 levels by affecting 
pollutant dispersion and accumulation. 

 
6. CONCLUSION 

Forecasting PM10 concentrations is vital for environmental monitoring 
and public health management systems. Since air pollutants and 
meteorological conditions are linked in a complex way, air quality modelling 
is a difficult process. Hence, machine learning techniques can be applied to 
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improve the modeling of air pollutant concentrations. In this study, the 
feasibility of seven decision tree ensemble models in predicting the 
particulate matter PM10 concentrations of Thiruvananthapuram city is 
investigated. Extra Trees model exhibited superior prediction model with 
highest R2 value and lowest RMSE and MAE error metric values. The next 
best performing prediction models are HistogramGradientBoosting, Random 
Forest and Gradient Boosting models. After prediction process, the feature 
importance analysis is done to determine how much each input feature 
contributes to the predictions made by the above four best models. The  most  
important  feature  influencing  the PM10 prediction is SO2. The other air 
contaminants that affect PM10 prediction are CO, NO2 and NH3, while the 
prominent meteorological features affecting PM10 are wind speed, rainfall 
and barometric pressure. This study is a pioneering effort in 
Thiruvananthapuram, employing decision tree ensemble models  for PM10 
prediction. It improves prediction accuracy while identifying key pollution 
drivers through feature importance analysis, offering actionable insights for 
targeted mitigation strategies. 
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