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Abstract – Air pollution, especially fine particulate matter (PM2.5), poses serious health and environmental threats 

globally. Traditional models for air quality prediction often fall short in capturing the complex, dynamic nature of pollution 

due to their linear assumptions and lack of contextual information such as meteorological or human-activity patterns.  This 

research work proposes an ensemble machine learning framework that integrates both environmental pollutant data and 

temporal features derived from timestamps to enhance the accuracy, robustness, and interpretability of PM2.5 prediction. 

The dataset used includes hourly air quality measurements from Delhi, consisting of pollutant concentrations (CO, NO, 

NO₂, O₃, SO₂, PM₁₀, NH₃) and timestamps. Data preprocessing involves parsing timestamps into structured datetime 

features (hour, day, month, weekday), handling missing values using mean-based imputation, and applying standard 

normalization. Two ensemble learning models—Random Forest Regressor (RF) and Gradient Boosting Regressor 

(GBR)—are trained to predict PM2.5 concentrations. Model performance is evaluated using MAE, MSE, RMSE, and R². 

Additionally, feature importance analysis from the Gradient Boosting model is conducted to enhance explainability. The 

Random Forest model achieved superior predictive performance, with an MAE of 9.386, RMSE of 15.265, and an R² score 

of 0.995, outperforming Gradient Boosting which yielded an MAE of 11.794, RMSE of 17.585, and R² of 0.994. These 

results significantly improve upon earlier baseline performances (e.g., MAE = 22.4), highlighting the impact of integrating 

temporal features and comprehensive preprocessing. Feature importance analysis further identified key contributors to 

PM2.5 concentration, improving interpretability. The proposed framework demonstrates that combining environmental 

and temporal features with ensemble models significantly enhances air quality prediction. The Random Forest model, in 

particular, proves effective in modeling complex, non-linear pollution behavior. The addition of feature explainability 

supports data-driven decision-making for environmental policy and real-time public health interventions. 

 

Keywords – Machine Learning, Air Quality Prediction, PM2.5 Forecasting, Ensemble Learning, Random Forest, Gradient 

Boosting, Temporal Features, Feature Importance. 

 

I. INTRODUCTION 

Air pollution remains one of the most critical environmental and public health challenges of the 21st century. According to 

the World Health Organization (WHO), more than seven million premature deaths annually are linked to exposure to poor 

air quality [1]. Among various pollutants, PM2.5—particulate matter with a diameter less than 2.5 microns—poses the 

greatest threat due to its ability to penetrate deep into the respiratory system and bloodstream, contributing to diseases such 

as asthma, bronchitis, stroke, and heart disease [2][3]. As urbanization, industrial growth, and vehicular emissions continue 

to accelerate worldwide, especially in developing nations, there is an urgent need for accurate and timely air quality 

prediction systems to support preventive action and long-term environmental policy [4]. The challenge of forecasting air 
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quality lies in its complex and dynamic nature. PM2.5 concentrations are influenced by a combination of meteorological 

conditions (such as wind, humidity, and temperature), seasonal trends, and human activities (like traffic density, industrial 

operations, and agricultural burning) [5]. In this context, India, and more specifically Delhi, consistently ranks among the 

most polluted cities in the world. Recurrent smog episodes, a high density of vehicles, industrial emissions, and crop residue 

burning in nearby states lead to hazardous pollution levels, particularly during the winter months [6]. Despite the 

availability of monitoring networks and increased awareness, existing air quality management systems often fail to deliver 

region-specific, interpretable, and real-time forecasts that can inform health advisories and policy interventions. Globally, 

air quality is deteriorating, and indoor air pollution poses a significant hazard to human health [7]. Traditionally, air quality 

forecasting has relied on statistical and linear models such as ARIMA, regression-based methods, or deterministic 

simulations [8]. While useful in controlled conditions, these approaches assume linearity and stationarity, which rarely hold 

in real-world air pollution data [9]. Such methods struggle with non-linear interactions, noise, missing data, and shifting 

trends, making them less effective in highly dynamic environments like Delhi. As a result, there has been a growing shift 

toward machine learning (ML) approaches, which can learn complex, non-linear relationships directly from data and adapt 

to changing patterns without strong assumptions [10]. Among ML techniques, ensemble models such as Random Forest 

(RF) and Gradient Boosting Regressor (GBR) have shown strong performance in a variety of prediction tasks [11]. These 

aggregate the predictions of several decision trees to increase robustness, decrease overfitting and account for multivariate 

interactions. Nevertheless, today's widely-used ML models for air quality prediction have some severe drawbacks regarding 

their predicting effectiveness. Restricted feature context: Several models only use the pollutant concentration features and 

ignore information such as hour of day, day of week or month. These temporal cues serve as surrogates for meteorological 

processes or human activities, such as rush hour traffic or seasonal smog, and are essential in allowing the model to capture 

the cyclic nature of pollution. 

Black-box predictions are trusted too much: High performing ML models are increasingly relying on black-boxes with 

few interpretable features driving their predictions. This restricts their trust and applicability in environmental planning 

and policy-making, where the rationale behind a prediction is as influential as the prediction itself [12][13]. To address 

these gaps, the present study proposes a comprehensive air quality forecasting framework that integrates both 

environmental and time-derived features using ensemble machine learning models. The raw dataset, comprising pollutant 

concentrations and timestamps, is preprocessed to derive temporal variables such as hour, day, month, and weekday. These 

features, alongside pollutants like CO, NO, NO₂, O₃, SO₂, PM10, and NH₃, provide a rich input space that captures both 

chemical and behavioral influences on PM2.5 levels. The missing values of the data are then imputed using mean-based 

approaches and the data is normalized to have consistent feature scale. After a standard train-test splitting two ensemble 

regressors (Random Forest and Gradient Boosting) are trained to predict PM2. 5 concentrations. These models are chosen 

due to their capability of modeling non-linear relationships, dealing with missing or noisy data, learning complex feature 

interactions that are not possible in traditional models. The common regression metrics, Mean Absolute Error (MAE), 

Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R² score are utilized to assess the quality of the models 

with respect to prediction accuracy and model generalization. Moreover, the proposed framework leverages an 

explainability module by the feature importance obtained from the Gradient Boosting model. This approach serves to 

pinpoint environmental and timing factors that most explain the variation of PM2. 5 scales, thus guiding potential actions 

such as local emission control or traffic limitations at rush-hour times. The inspiration of this study is based on three key 

gaps found in the current air quality prediction systems. First, there is few temporal features incorporated in the existing 

predictors, i.e., many predictors ignore the time-related variables, like hour, day and month, which are crucial for capturing 

the underlying temporal meteorological patterns and human activity cycles that impact the pollution levels. This gap in 

evidence has implications for models not addressing contextual and seasonal effects. Second, legacy linear models are 

insufficient in describing the strongly non-linear and dynamic interactions between pollutants, smoke sources and weather 

conditions, leading to poor prediction in real life. A third challenge is that many machine learning models are not 

interpretable and function as black boxes that provide little insight into the features that drive their predictions. This greatly 

restricts their use for environmental policy and informing the public (the reasons for predictions are important for informed 

decisions). The primary objectives of the proposed work are threefold. First, it aims to integrate environmental and 

meteorological features by developing a machine learning framework that combines pollutant concentration data with time-

derived variables such as hour, day, month, and weekday. This integration is designed to capture seasonal patterns, daily 

fluctuations, and recurring trends in air quality, allowing the model to learn complex temporal dynamics that influence 

pollution behavior. Second, the study seeks to employ ensemble learning models, specifically Random Forest and Gradient 

Boosting Regressors, to enhance predictive accuracy. These models are well-suited to handle the non-linearity and intricate 

feature interactions inherent in air quality datasets, offering a robust, data-driven alternative to traditional linear approaches. 

Third, the work focuses on improving model explainability by leveraging feature importance analysis from ensemble 

models. This enables the identification of key environmental and temporal contributors to PM2.5 levels, facilitating 

actionable insights for environmental policy-making and public health decision support. This proposed framework not only 

improves prediction accuracy but also enhances transparency and applicability for real-world air quality monitoring and 

intervention planning. The remainder of the paper is structured as follows: Section 2 reviews related literature, Section 3 

details the dataset and methodology, Section 4 presents experimental results and analysis, and Section 5 concludes the 

study with future research directions. 
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II. LITERATURE REVIEW 

Air quality has emerged as a vital research field since it is directly related with public health and environmental 

preservation. Precise forecasting of air pollution is critical for early warning, urban planning and decision making. In recent 

years, many researchers have used machine learning (ML) methods to predict air quality, utilizing environment parameter 

and meteorological data to enhance prediction accuracy. This paper provides a literature review on air quality predictions 

methods, especially for ensemble learning methods, and the combination with various atmospheric variables. Seng et al. 

[14] proposed a deep learning-based model called MMSL (Multi-output and Multi-index Supervised Learning), built on 

the LSTM framework to predict multiple air quality indicators—PM2.5, CO, NO₂, O₃, and SO₂—simultaneously. The 

model integrates particle concentration data from current and nearby monitoring stations, along with meteorological and 

gaseous pollutant data, all preprocessed into a supervised learning format and normalized. It was evaluated using time 

series data from 35 monitoring stations across Beijing between 2016 and 2017. The results demonstrated that MMSL 

outperformed both baseline and advanced models in prediction accuracy. Its main advantages include the ability to handle 

multivariable inputs and produce multi-output predictions. However, a key technical limitation is its reliance on fixed 

spatial aggregation and the absence of mechanisms to explicitly capture spatiotemporal correlations, which may restrict its 

adaptability in more dynamic or complex urban environments. Athira et al. [15] proposed a deep learning-based framework 

for predicting PM10 concentrations using RNN, LSTM, and GRU models trained on AirNet pollution and meteorological 

time series data. Each model was evaluated over 1000 epochs with varying learning rates (0.01–0.5), and all showed 

comparable predictive performance. The main advantage of the framework is its reduced computational complexity 

compared to traditional numerical methods. However, a key technical gap is the absence of spatial feature integration and 

limited model interpretability. Harishkumar et al. [16] proposed a machine learning-based model to forecast PM10 and 

PM2.5 concentrations using the Taiwan Air Quality Monitoring dataset (2012–2017). The model outperformed traditional 

methods based on RMSE and MAE metrics. Its main advantage is improved prediction accuracy, while the key technical 

gap is the lack of spatial and temporal dependency handling. Zhang et al. [17] proposed an improved air quality prediction 

model based on LightGBM to forecast PM2.5 concentrations across 35 monitoring stations in Beijing for the next 24 hours. 

To address challenges such as data instability and temporal variation in pollutant levels, the model incorporates forecasting 

data as input and uses a sliding window mechanism to extract high-dimensional temporal features, significantly expanding 

the training dataset. The experimental results demonstrated that the proposed model outperformed existing approaches in 

prediction accuracy. Key advantages include efficient handling of large-scale, high-dimensional data and better utilization 

of spatial-temporal information. However, the main technical gap lies in the limited interpretability of the model and its 

dependence on manual feature engineering. Soh et al. [18] built a hybrid model using neural network networks (ANN), 

CNN and long short-term memory network (LSTM) for predicting air quality for 48 h in advance. We exploit recent 

meteorological variables, elevation variables and spatial-temporal trends between locations. Results showed high 

prediction accuracy. Its primary merit lies in the ability of effectively learning complex spatial-temporal pattern, while its 

major technical gap lies in the over-high model complexity but weak interpretability. Castelli et al. [19] developed an SVR 

with an RBF kernel model for predicting pollutant concentrations and AQI based on airborne PM2.5 and PM10 for 

Shanghai. The model did not reduce the dimension of the input variables and used all of the input information for higher 

precision. Good predictive efficacy was demonstrated, with classification accuracy (of AQI in 6 categories by the US EPA) 

reaching 94.1%. The strength of the model is its ability to accurately predict hourly concentrations of pollutants and AQI. 

The main technical bottleneck is its poor scalability and inefficiency in the face of large-scale high-dimensional streaming 

datasets. 

Freeman et al. [20] presented a DL-based model, a LSTM-based RNN predicting averaged 8-hourly O₃ concentration 

at the surface up to 72 h in the future. The model was trained using hourly air quality and meteorological data, with missing 

values imputed using a new time-based averaging method and input features were reduced with decision tree-based 

selection. The accuracy obtained was high with MAE less than 2 for 72 h forecasting. Key advantages include effective 

long-range prediction, reduced input dimensionality, and real-time capability using only essential parameters. The main 

technical gap lies in the sensitivity of the model to look-back parameter settings, which, if misaligned, can introduce 

significant prediction errors. Liang et al. [21] proposed a range of machine learning models including adaptive boosting 

(AdaBoost), artificial neural networks (ANN), random forest, stacking ensemble, and support vector machines (SVM) for 

air quality prediction using an 11-year dataset provided by Taiwan’s Environmental Protection Administration (EPA). The 

study aimed to enhance the prediction accuracy of Air Quality Index (AQI) levels across three distinct geographic regions. 

Among the models tested, the stacking ensemble model—an ensemble technique that combines the predictions of multiple 

base learners to improve generalization—achieved consistently superior performance in terms of R² and RMSE values. 

AdaBoost, on the other hand, yielded the lowest Mean Absolute Error (MAE), indicating high accuracy in pointwise 

predictions. The key advantage of this study lies in its extensive use of a longitudinal dataset, which enables more robust 

modeling of seasonal and regional air quality patterns. However, a significant technical gap remains in handling real-time 

dynamic changes in pollutant levels and incorporating meteorological variability at finer spatial and temporal resolutions. 

Ma et al. [22] proposed the Transferred Bi-directional Long Short-Term Memory (TL-BLSTM) model to improve air 

quality prediction at larger temporal resolutions. The model combines bi-directional LSTM to capture long-term 

dependencies in PM2.5 data with transfer learning to enhance prediction across daily to monthly scales. Tested in 

Guangdong, China, TL-BLSTM outperformed traditional machine learning models with lower prediction errors. Its main 
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advantage is accurate long-term forecasting, but it relies heavily on high-quality data and struggles with unexpected 

pollution changes. 

Liao et al. [23] proposed the DM_STGNN (Dynamic Multi-granularity Spatio-temporal Graph Neural Network) for air 

quality prediction by integrating physical mechanism models and machine learning. The model uses the HYSPLIT 

trajectory model to dynamically build spatio-temporal graphs, capturing complex interactions among meteorological, 

spatial, and temporal features. An encoder-decoder architecture with LSTM and attention mechanisms is employed to learn 

both spatial and temporal dependencies, and unsupervised pre-training is used to capture long-term patterns. Experimental 

results on the Yangtze River Delta dataset show that DM_STGNN outperforms state-of-the-art models. The key advantages 

include fine-grained spatial modeling, dynamic edge construction, and long-term temporal learning. However, the model’s 

reliance on external tools like HYSPLIT increases computational complexity and may affect scalability for real-time or 

large-scale applications. 

The existing literature showcases a wide range of models—from traditional regression to advanced deep learning and 

graph-based architectures—for air quality prediction. While many models have demonstrated high accuracy, they often 

face challenges such as limited interpretability, high computational complexity, and insufficient integration of temporal or 

spatial dependencies. These limitations highlight the need for a more interpretable, scalable, and feature-rich approach that 

balances predictive performance with practical applicability. The proposed work aims to address these gaps by leveraging 

ensemble learning techniques combined with environmental and time-derived features for robust and explainable air quality 

forecasting. 

 

III. PROPOSED METHODOLOGY 

This study proposes a robust, data-driven framework for predicting PM2.5 concentrations using ensemble machine learning 

models. The methodology integrates both environmental features (pollutant levels) and time-derived features (as proxies 

for meteorological and anthropogenic influences) to enhance predictive accuracy and contextual understanding. The 

process consists of six key stages. 

Fig 1 illustrates the overall architecture of the proposed framework for air quality prediction using ensemble machine 

learning models. The process begins with the acquisition of a structured dataset comprising various pollutant measurements 

and meteorological observations. The initial step involves data preprocessing and feature extraction, where the raw 

timestamp is parsed into a standardized datetime format. From this, additional temporal features such as hour, day, month, 

and weekday are derived, allowing the model to capture time-dependent pollution patterns. The core features used include 

environmental pollutants (CO, NO, NO₂, O₃, SO₂, PM₁₀, and NH₃) and meteorological proxies (hour, day, month, weekday), 

which together provide a holistic view of both chemical and behavioral contributors to air quality. Following this, missing 

values are handled through imputation to ensure dataset completeness and prevent training bias. The cleaned data is then 

subjected to feature scaling using standard normalization techniques to harmonize the input range and improve model 

convergence. Subsequently, the processed data is used to train two robust ensemble learning models—Random Forest 

Regressor and Gradient Boosting Regressor—which are well-suited for capturing non-linear relationships and handling 

complex, high-dimensional data. After training, the models undergo evaluation based on performance metrics such as 

MAE, MSE, RMSE, and R². Additionally, feature importance analysis is conducted to interpret the contribution of each 

input variable, offering explainability and insights into which environmental or temporal factors most influence PM2.5 

concentration. Finally, the validated models are used for accurate air quality prediction, completing the end-to-end pipeline. 

This modular and interpretable architecture ensures scalability, reliability, and strong predictive performance for real-time 

or policy-driven air quality monitoring applications. 

 

Data Preprocessing and Feature Engineering 

The input data consists of hourly air quality measurements collected from Delhi, including pollutant concentrations such 

as CO, NO, NO₂, O₃, SO₂, PM10, and NH₃, along with timestamps. To enrich the dataset with meteorological and behavioral 

patterns (e.g., rush hour traffic, seasonal smog), we perform temporal decomposition of the date field to extract the 

following features. Hour=hour(date), Day=day(date), Month=month(date), Weekday=weekday(date). These time 

components act as indirect meteorological indicators, enabling the model to learn patterns such as seasonal pollution peaks 

(e.g., winter haze) or weekday traffic emissions. This step addresses the gap in prior work that ignores time-contextual 

variability in air pollution. 

 

Missing Value Imputation and Feature Normalization 

Given the real-world nature of environmental data, missing values are common. We address this by applying mean-based 

imputation as shown in equation (1). 

 

   𝑋𝑖,𝑗 = {
𝑥𝑖,𝑗 , 𝑖𝑓 𝑥𝑖,𝑗  ≠ 𝑁𝑎𝑁

1

𝑁𝑗
∑ 𝑥𝑖,𝑗

𝑁𝑗

𝑖=1
,  𝑖𝑓 𝑥𝑖,𝑗    =  𝑁𝑎𝑁

   (1) 

 

Where Nj is the number of valid values in feature j. 
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Fig 1. Proposed System Architecture for Air Quality Prediction Using Ensemble Machine Learning Models. 

 

Following imputation, we perform standard scaling to ensure features are on a uniform scale as represented in equation 

(2). 

 

            𝑋𝑖,𝑗
′ =

𝑋𝑖,𝑗 −𝜇𝑗

𝜎𝑗
    (2) 

 

where μj and σj  are the mean and standard deviation of feature j, respectively. This normalization is crucial for ensemble 

models to treat all features equitably and optimize split thresholds during training. 

 

Problem Formulation 

We define air quality prediction as a supervised regression task, where the objective is to predict the PM2.5 concentration 

(y) given a feature vector X as shown in equation (3). 

 

  𝑦̂ = 𝑓(𝑋)    (3) 

 

Where f is the regression model. Here, 𝑋 ∈ 𝑅𝑛𝑥𝑑 contains both environmental and time-derived features, and 𝑦̂ ∈ 𝑅𝑛𝑥𝑑 . 

Model Training using Ensemble Learning 

To model complex non-linear relationships and interactions between pollutants and meteorological proxies, we adopt two 

ensemble learning techniques: 

 

Random Forest Regressor (RF) 

As shown in Equation (4), an ensemble of decision trees trained on bootstrapped samples of the training data. The final 

prediction is the average of outputs from individual trees. 

 

 𝑦̂𝑅𝐹 =
1

𝑇
∑ ℎ𝑡

𝑇
𝑡=1 (X)  (4)  

 

where ht is the prediction from the tth tree and T is the total number of trees. One of the key advantages of the method 

is its ability to handle missing values and outliers effectively, ensuring robust performance even with imperfect data. It also 

automatically captures feature interactions, eliminating the need for extensive manual feature engineering. Additionally, 
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the approach helps reduce overfitting by using an averaging mechanism, which improves the model's generalization to 

unseen data. 

 

Gradient Boosting Regressor (GBR) 

As shown in Equation (5), it builds an additive model in a forward stage-wise fashion by fitting a regression tree on the 

residuals of the previous model. 

 

 𝑦̂(𝑚) = 𝑦̂(𝑚−1) +  𝜂 ⋅ ℎ𝑚(𝑋)  (5) 

 

where η is the learning rate and hm(X) is the tree fitted to residuals in stage m. This method concentrates learning on 

hard-to-predict samples. This method offers several advantages. It achieves high accuracy by iterative error correction, 

refining predictions round by round. It allows fine-grained control over the model behavior with tuning parameters like 

tree depth or learning rate. In addition, it performs very well on structured or tabular data, so it’s a versatile choice for a 

wide range of practical machine learning problems. 

 

Performance Metrics 

Loss Function: Mean Squared Error (MSE) 

Mean Squared Error (MSE) is a loss function commonly applied in air quality prediction applications (i.e., the air quality 

prediction tasks involved may include predicting PM2.5 concentrations). MSE measures the mean d2 of the differences 

between the actual and the predicted values of PM2.5 and this is a good measure of the performance of the model. 

Mathematically it is defined as given below in Equation (6). 

 

 𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖̂  − 𝑦𝑖)2 𝑛

𝑖   (6) 

 

where n represents the total number of hourly observations in the air quality dataset. The term 𝑦𝑖̂  denotes the predicted 

PM2.5 concentration for the ith time step, while yi is the corresponding actual observed value. The expression (𝑦𝑖̂  − 𝑦𝑖)2 

calculates the squared error for that point. By averaging these squared errors over all data points, MSE provides a single 

value that reflects the overall accuracy of the prediction model. Squaring the errors ensures that both underpredictions and 

overpredictions are penalized equally, while also emphasizing larger errors—making MSE particularly sensitive to outliers. 

In this air quality prediction framework, minimizing the MSE during model training helps improve predictive accuracy 

by guiding the optimization process, especially in ensemble methods like Random Forest and Gradient Boosting. These 

models iteratively adjust their internal parameters to reduce the discrepancy between predicted and actual PM2.5 levels. 

Moreover, MSE’s smooth and differentiable nature makes it suitable for regression-based time series forecasting, where 

capturing complex, non-linear pollution patterns is essential for reliable environmental monitoring and public health 

interventions. 

 

Mean Absolute Error (MAE) 

Mean Absolute Error (MAE) is a popular assessment metric in regression studies which has become useful in prediction 

of air quality because it is non-fussy and less complex to run. It takes the mean of the absolute differences between the 

predicted values 𝑦̂𝑖  and actual values yi, giving the actual measure of how accurate a prediction is obtained. It is 

mathematically defined as equation (7).  

 

 𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑛
𝑖    (7) 

 

Here, n represents the total number of data points used for model evaluation. Unlike the Mean Squared Error (MSE), 

the Mean Absolute Error (MAE) measures the average absolute difference between predicted and actual values without 

squaring the errors. As a result, all errors contribute proportionally to the overall loss, regardless of their magnitude. This 

characteristic makes MAE less sensitive to outliers, as extreme prediction errors do not dominate the error metric. By 

assigning equal weight to each individual error, MAE ensures a fair assessment of model performance across all data points. 

This is particularly valuable in applications such as PM2.5 concentration forecasting, where maintaining a consistent error 

threshold is crucial for public health monitoring and environmental policy decisions. A lower MAE indicates that the 

model's predictions are consistently closer to the true values, reflecting better overall accuracy and robustness in air quality 

prediction tasks. 

 

Root Mean Squared Error (RMSE) 

The RMSE is defined as the square root of the average of the sum of the squared differences between the actual value yi 

and the predicted value 𝑦̂ . It is more comfortable with larger errors than smaller errors because we have raised two of 

differences in accuracies (square of the differences) i.e. the reason it is advantageous in the cases where big deviation of 

the actual values is unwanted. The smaller root mean squared error (RMSE), the better model performance, which is a 

measure represents the magnitude of error between the predicted and actual data points as in equation (8). 
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 𝑅𝑀𝑆𝐸 = √
1

𝑛
∑  (𝑦𝑖  − 𝑦̂𝑖)

2𝑛
𝑖   (8) 

Coefficient of Determination (R²)  

The standard notation term coefficient of determination R2 is described as the fraction of the variance in the ϕ which is 

explained by the model. In the formula yi is the actual value, 𝑦̂𝑖  is the predicted value and 𝑦̅ is the mean of the actual values. 

Numerator is the error in an estimation of the adequate score measure whereas numerator is the total variance of the actual 

data. A value of R2 = 1.0 implies perfect prediction with the model, 0.0 implies equally good accuracy as with a mean 

prediction or even worse and a negative number implies that the model is inferior to that of a mean prediction. Therefore, 

the increased amount of R2(adjusted), taking into consideration the values close to 1, would otherwise reflect a better fit to 

the data. 

 

Model Explainability Via Feature Importance 

The feature importance scores are obtained on Gradient Boosting model to achieve interpretability of the system. These 

scores measure the reduction of the prediction error brought by each feature. Provided that L is the loss function, and the 

contribution of a feature f on a split to L is given as ΔLf, then the overall importance of f is given in equation (9). 

 

 𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒(𝑓) = ∑ ΔL𝑓 𝑎𝑙𝑙 𝑠𝑝𝑙𝑖𝑡𝑠 𝑜𝑛 𝑓   (9) 

 

Through the analysis, policymakers and environmental experts can find out what pollutants or which time factors have 

the greatest impacts on PM2.5 spikes and implement mitigation efforts accordingly. 

 

IV. RESULTS AND DISCUSSION 

This section presents the predictive performance of ensemble models and provides an in-depth analysis of feature 

contributions and residual behavior using various visualizations. 

 

Table 1. Sample Snapshot of the Air Quality Dataset 

 
 

It is a sample of the hourly data of air quality in Delhi, containing the data of pollutants, such as CO, NO, NO 2, O 3, 

SO 2, PM 2.5 and PM 10. The data is composed of 18,776 observations and covers environmental pollutant level, as well 

as the time of its measurement as shown in Table 1. 

 

Table 2. Ammonia (NH₃) Concentration Levels from the Air Quality Dataset 

 
The Table 2 presents the value of the ammonia (NH3) concentration when carried out as air quality measurements taken 

hourly in Delhi. NH3 is noteworthy atmospheric contaminant and is incorporated in the database that are used in evaluating 

its influence on the level of PM 2.5 and the quality of the air. 

 

Table 3. Descriptive Statistics and Data Quality Summary of the Air Quality Dataset 

 
The Table 3 gives the overview of the dataset, the type of data, missing data, and the simple measurements of the data 

(minimum, maximum, and average) of each feature. The percentage of missing attributes is 0, so all attributes are complete 
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and the dataset is fit to train the model and perform analysis.  The dataset was found to be complete, with no missing values 

in any of the columns, ensuring the robustness of training and avoiding bias from imputation. 

 

 
Fig 2. Distribution of PM2.5 Concentration Values Across All Records. 

 

Fig 2 illustrates the frequency distribution of PM2.5 concentrations, highlighting their role as a critical indicator of 

ambient air pollution and associated public health risks. The histogram reveals a right-skewed distribution, with most 

PM2.5 values concentrated below 150 µg/m³—typically falling within the moderate to unhealthy air quality index (AQI) 

range—indicating persistent, moderate pollution levels in the region. However, a noticeable long tail beyond 300 µg/m³ 

points to occasional extreme pollution events. These spikes are likely attributed to seasonal phenomena such as post-Diwali 

firecracker emissions, stubble burning in neighboring states, winter temperature inversions that trap pollutants near the 

ground, or surges in vehicular and industrial activity. Such outliers can significantly increase model variance, necessitating 

preprocessing techniques like normalization or the use of outlier-aware algorithms. Consequently, robust ensemble models 

are more suitable for handling the non-normal distribution of PM2.5 data. From a modeling standpoint, this skewed 

distribution underscores the limitation of relying solely on mean-based metrics (e.g., RMSE) and suggests the importance 

of also evaluating median predictions and residual spread for more reliable performance assessment. 

 

 
Fig 3. Distribution of NH3 Concentration Values. 

 

Fig 3 presents the distribution of NH₃ (ammonia) concentrations, a notable contributor to air quality deterioration. The 

distribution exhibits a moderately right-skewed pattern, with the majority of values falling below 60 µg/m³ and a few 

exceeding 100 µg/m³. NH₃ is primarily released from sources such as fertilizer application, livestock waste, vehicular 

emissions, and industrial discharges. Unlike PM2.5, ammonia emissions are more localized and episodic, leading to less 
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temporal uniformity. Importantly, NH₃ not only has a direct impact on air quality but also contributes indirectly by reacting 

with sulfur and nitrogen oxides to form secondary particulate matter (PM2.5). From a modeling perspective, although NH₃ 

is not the primary target variable, its distribution and emission patterns support its inclusion as a predictive feature. The 

moderate skewness reflects variability that may be relevant, especially if NH₃ levels show temporal or spatial correlations 

with PM2.5 spikes, thereby enhancing the predictive power of air quality forecasting models. 

 

 
Fig 4. PM2.5 Variation Pattern Over 24 Hours. 

 

Fig 4 displays a boxplot of PM2.5 concentrations across the 24-hour day, highlighting important temporal variations in 

air pollution levels. The data reveal a clear bimodal distribution, with two prominent peaks occurring during the morning 

(6:00 AM to 9:00 AM) and evening (6:00 PM to 9:00 PM) hours—periods that align with typical urban rush hours. These 

peaks are primarily driven by increased vehicular emissions, especially from diesel vehicles and two-wheelers, along with 

additional contributing factors such as low wind speeds and limited vertical mixing in the early morning, which cause 

pollutants to accumulate near the surface. The atmospheric boundary layer also has an effect by trapping pollutants near 

the ground during the early morning hours by means of temperature inversions. Other sources such as industrial start-up, 

cooking emissions and biomass burning in poor areas aggravate pollution levels in these conditions. In the midday (between 

12:00PM and 3:00PM), the PM2. 5 levels as a result of increased atmospheric mixing from solar heating and thermal 

turbulence. The interquartile ranges of individual days also appear wider during peak hours, indicating more variability, 

which may be attributed to variable traffic load and meteorological conditions. The outliers shown in these periods indicate 

that sporadic but severer pollution episodes may be associated with traffic jams in street canyons or stagnant meteorological 

conditions. Fig 5 presents the weekday distribution of PM2. 5 levels, indicating that urbanization of the city contributes to 

the air pollution in the Lake basin. This pattern reflects the predominant human effects of greater traffic, industrial activities, 

and construction during weekdays. The most visible decline during the weekends along with the decreased gradient 

between minimum and maximum reveals lower anthropogenic emissions and, thus, more steady air quality. As the 

meteorology within the week is nearly constant, these trends verify that PM2. 5 are predominantly motivated by behavior. 

By including the 'weekday' features, the model can capture this dependency and achieve better predictive performance. 

 

 
Fig 5. PM2.5 Variation Across Weekdays (0 = Monday). 
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Fig 6. Correlation Matrix Showing Linear Relationships Among Variables. 

 

The association heatmap of the environmental and meteorological variables for use in the study is shown in Fig 6, 

which provides an information on the connections of the important features. A strong positive association is noted between 

PM2. 5 and NO 2 and NH 3 were higher, suggesting that these pollutants typically come from common sources like 

automobiles, industrial pursuits, and burning. This relationship implies that higher NO₂ or NH₃ concentrations are often 

associated with higher PM2. 5 concentrations, and underline their relevance as predictor factors in air quality modeling. 

However, temperature is negatively weakly correlated with PM_2. 5, suggesting that warmer temperatures can benefit 

pollutant dispersion via increased atmospheric mixing––a trend characteristic of meteorological dilution effects as thermal 

lift and a higher boundary layer lower the surface pollutant concentration. Other weak correlations between the explanatory 

variables point to the complexe and multivariate nature of air pollution (non-linear) relationships. The complex mixture of 

signals renders ensemble models well-suited to learn these subtle associations. In addition, the correlation matrix can be 

useful for selecting features and identifying possible redundancy; although, highly correlated predictors may help learning 

in complex models, they can lead to multicollinearity in simpler linear models, a problem that is largely avoided in tree-

based ensembles. 

 

 
Fig 7. Variability of Each Feature Before Scaling, Indicating Dispersion. 
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Fig 8. Comparison of Model Metrics (MAE, MSE, RMSE, R2) For Each Algorithm. 

 

Fig 7 displays the raw variance of each input feature before standardization. This analysis is crucial to understand the 

inherent variability in the dataset and the relative importance of each feature based on how much it changes across samples. 

Among all features, ‘hour’ and ‘temperature’ exhibit the highest variance, indicating significant fluctuations throughout 

the dataset. High variance in 'hour' captures the natural daily cycle and human activity rhythms, while temperature 

variability reflects seasonal and diurnal weather dynamics. These high-variance features are likely to provide strong, 

distinguishable signals for the model, improving its ability to learn meaningful patterns related to PM2.5 levels. Other 

features like NO₂, NH₃, and humidity also show moderate variance, making them suitable contributors to the model. In 

contrast, features with low variance, such as certain days or months, may not appear strongly predictive in isolation. 

However, in non-linear models like Random Forest and Gradient Boosting, even low-variance features can interact with 

other variables to form highly informative splits. Importantly, while traditional linear models might discard low-variance 

features to avoid redundancy, ensemble methods capitalize on feature interactions, and no strict filtering is necessary. The 

pre-scaling variance plot helps justify the use of feature scaling (via StandardScaler) and supports the argument that every 

feature contributes uniquely, whether directly or through interactions. 

 

 
Fig 9. Gradient Boosting Regressor Feature Importance Ranking. 
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Fig 8 presents the comparative performance of the Random Forest and Gradient Boosting models using standard 

regression metrics: Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R² 

score. In the most recent evaluation, the Random Forest model achieved superior results, with an MAE of 9.386, RMSE of 

15.265, and an exceptional R² score of 0.995, indicating very high predictive accuracy and minimal error. The Gradient 

Boosting model followed closely with an R² of 0.994, MAE of 11.794, and RMSE of 17.585, showing competitive but 

slightly lower performance. These updated results contrast with earlier baseline values (e.g., MAE = 22.4 for Random 

Forest) and demonstrate the benefit of feature engineering and data preprocessing. The Random Forest model outperformed 

Gradient Boosting across all metrics, confirming its effectiveness in capturing complex, non-linear relationships in the 

dataset and suggesting it as the most reliable model for air quality prediction in this study. Fig 9 presents the feature 

importance scores generated by the Gradient Boosting Regressor (GBR), offering valuable insight into the relative 

contribution of each input variable in predicting PM2.5 concentrations. Among all features, ‘hour’ emerges as the most 

influential, underscoring the critical role of diurnal emission cycles driven by human activity such as vehicular traffic, 

industrial operations, and domestic heating or cooking. This high importance aligns with the earlier temporal analysis, 

where PM2.5 levels peaked during specific morning and evening hours. Other top contributors include NO₂, a direct 

combustion byproduct and strong proxy for vehicular and industrial emissions; temperature, which affects atmospheric 

dispersion and pollutant mixing; and NH₃, which contributes to secondary particulate formation through chemical reactions 

in the atmosphere. The inclusion of both temporal (hour, weekday) and environmental (NO₂, NH₃, temperature) variables 

in the top ranks highlights the multi-dimensional nature of air pollution, where timing and emission intensity interact to 

shape air quality outcomes. These findings validate the engineered feature set and justify the use of ensemble models 

capable of capturing non-linear interactions. Importantly, the importance rankings also guide policymakers on which 

factors—such as peak-hour traffic or NO₂ control—might yield the most impact in pollution mitigation strategies. 

 

 
Fig 10. Predicted Vs Actual PM2.5 Values for Gradient Boosting Model. 

 

Fig 10 presents a scatter plot comparing the actual PM2.5 concentrations with the values predicted by the Gradient 

Boosting model. The data points form a dense, linear cluster along the diagonal reference line (y = x), indicating a high 

degree of agreement between observed and predicted values. This alignment confirms that the model is able to accurately 

capture the underlying patterns in the data and generalize well to unseen test samples. The tightness of the cluster around 

the diagonal further suggests that the model does not systematically overestimate or underestimate PM2.5 values across 

the prediction range. Both low and high pollution levels are predicted with relatively equal precision, which is especially 

important for environmental monitoring where extreme values can have severe health and policy implications. A few minor 

deviations from the diagonal can be observed, particularly in higher PM2.5 ranges. These discrepancies may result from 

rare, high-pollution events with fewer training samples or inherent variability in pollution sources that are not fully captured 

by the available features. Nevertheless, the absence of any major trend in the residual spread indicates that model bias is 

minimal. This plot serves as a visual validation of the model’s overall performance metrics (R² = 0.995), complementing 

the numerical evaluation and confirming the model’s strong predictive ability across the entire range of pollution levels. 

Fig 11 illustrates the residual distribution—the differences between the actual and predicted PM2.5 values—obtained 

from the Gradient Boosting model. The histogram shows a bell-shaped, symmetric curve centered around zero, closely 

resembling a normal (Gaussian) distribution. This is a highly desirable outcome in regression tasks, as it indicates that the 

model’s prediction errors are randomly distributed without systematic bias. In other words, the model does not consistently 

overestimate or underestimate PM2.5 values. Instead, the positive and negative residuals are balanced, confirming that the 

model treats low and high pollution levels with comparable accuracy. The majority of residuals fall within a narrow range 

around zero, which aligns with the previously reported low RMSE (15.27) and high R² score (0.995), further reinforcing 
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the model's strong fit and low variance. Also, the absence of skewness or heavy tails indicates that the Gradient Boosting 

model does not have challenges with severe prediction errors, and hence is more dependable in practical applications. 

 

 
Fig 11. Distribution of Prediction Errors (Residuals) From Gradient Boosting Model. 

 

It also means when we trained, we did not miss big outliers or systematic error patterns and hopefully good feature 

selection and well-generalized model were achieved. From a statistical learning point of view, such a residual behavior 

supports the homoscedasticity (presence of a constant variance of errors in prediction) assumption that is fundamental to 

regression modeling and the interpretability of the model results. The comparison of the general review and gradient 

boosting framework with existing literature demonstrates critical improvements in air quality prediction approaches. 

Classical methods like Support Vector Regression (Castelli et al. and statistical models such as ARIMA often fail to model 

full, dynamic, non‐linear interactions that exist in environmental data, especially in urban environments. Some of these 

deep learning-based models (LSTM variants, Seng et al., Athira et al., Freeman et al., provide more powerful temporal 

modeling but suffer from high complexity, lack of interpretability, and neglect of the spatial-temporal features. 

Sophisticated approaches such as the DM_STGNN (Liao et al. [23]) and TL-BLSTM (Ma et al. [22]) capture 

spatiotemporal correlations and long-term dependencies, yet these approaches are computationally expensive and external 

systems such as HYSPLIT or transfer learning are exploited, and thus, may limit the scalability of real-time applications. 

Instead of, we proposed an interpretable and modular system able to fill the gap among performance, explainability, and 

complexity. It includes environmental pollutants along with time of day (hour), time of month (day/month and weekday), 

enabling learning of important time dynamics without needing external meteorological inputs. In contrast to many other 

studies that do not always emphasize interpretability of features, we leverage feature importance from ensemble models 

(such as Gradient Boosting), in order to elucidate the PM2. 5 behaviors.  Moreover, R² 0.995 and 0.994 by Random Forest 

and Gradient Boosting Regressors respectively are state-of-the-art accuracy surpassing good number of previous models 

especially without usage of any spatial or deep learning setup. The proposed model compromises between the prediction 

accuracy, computation time and the interpretability of the policies, which was well suited for the real-time application of 

the present study in urban air quality monitoring and decision-assistance systems. 

 

V.  CONCLUSION AND FUTURE WORK 

In this Research work, a robust and interpretable framework for air quality prediction was proposed using ensemble 

machine learning models, namely Random Forest and Gradient Boosting Regressors. The novelty of the work lies in the 

integration of environmental pollutant concentrations with temporal features—such as hour, day, month, and weekday—

extracted from timestamps. These temporal attributes act as proxies for meteorological conditions and human activity 

patterns, enabling the models to capture complex time-dependent pollution dynamics that are often overlooked in 

traditional approaches. A comprehensive data preprocessing pipeline, including missing value imputation and feature 

normalization, was implemented to ensure consistency and reliability in the training data. Experimental results 

demonstrated that the Random Forest model achieved superior performance across all evaluation metrics, with an R² score 

of 0.995, MAE of 9.386, and RMSE of 15.265, highlighting its effectiveness in modeling non-linear relationships and 

handling high-dimensional data. Furthermore, feature importance analysis was conducted to enhance model transparency, 

revealing which environmental and temporal factors most strongly influence PM2.5 concentrations—an essential step for 

enabling evidence-based environmental policy and health interventions. Looking ahead, several promising directions exist 

for extending this work. These include integrating actual meteorological variables such as temperature, humidity, wind 
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speed, and atmospheric pressure to enrich the feature space and further improve model generalization. Expanding the model 

to a spatio-temporal framework by incorporating multi-location or GIS-based data could enable broader regional 

forecasting and pollution hotspot detection. Additionally, leveraging deep learning models such as Long Short-Term 

Memory (LSTM) networks or Transformer architectures may offer improved handling of sequential dependencies in air 

quality data. Future efforts can also focus on real-time deployment of the framework, allowing dynamic data ingestion for 

timely forecasting and public alerts. Lastly, incorporating uncertainty quantification methods and ensemble averaging could 

strengthen model robustness and reliability in the face of incomplete or noisy data. This work lays the groundwork for a 

highly accurate, transparent, and scalable air quality prediction system, making it well-suited for practical deployment in 

urban air quality monitoring, public health management, and smart city development initiatives. 
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