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ABSTRACT

Forecasting of the Air Quality Index (AQI) is an important task due to nonlinear interaction
among pollutants in the atmosphere and time changes. In this case, the most commonly used
techniques depend on using sequential deep learning models such as Recurrent Neural
Networks (RNNs), Long Short-Term Memory (LSTM), and Gated Recurrent Unit (GRU).
Although these techniques prove to have the ability to model sequential data, their limitations
include high sensitivity to parameters and inability to work properly when the data is
heterogeneous. To overcome those limitations, we propose to use a more advanced
forecasting framework by combining multiple machine learning models, such as HistGradient
Boosting, Gradient Boosting, Extra Trees, Random Forest, and K-Nearest Neighbors.
Stacking and weighted blending were applied for modeling different types of predictive
patterns. Also, conformal prediction was used to get uncertainty estimation. The results show
a high effectiveness of the proposed approach as demonstrated in the metrics, R? score =
0.9696, RMSE = 20.521, MAE = 14.559, and MAPE = 7.51%. The metrics for agreement
and reliability, including WI (0.9921), KGE (0.9638), and NSE (0.9696), also validate the
stable nature of the model performance. The developed method offers better prediction
reliability, smaller errors, and accurate estimation of uncertainties, which makes it applicable
for AQI predictions.

Keywords: AQI Forecasting, Ensemble Learning, Gradient Boosting, Time-Series Prediction,
Uncertainty Quantification, Air Pollution Modeling

INTRODUCTION

One of the key environmental problems that the world faces today is air pollution, which has
a significant effect on both the environment and human health. Decreasing human exposure
to pollutants and effective environmental management require the continuous measurement
and prediction of air quality. One of the popular measurements of air quality is the Air
Quality Index, which indicates the extent of air pollution [1]. Governments and
environmental organizations may execute timely pollution-control measures and offer early
health warnings thanks to accurate AQI predictions. Reliable AQI prediction is becoming
more and more crucial in highly urbanized areas like Delhi because of the frequent
degradation of air quality caused by fast urbanization, vehicle emissions, building activities,
and seasonal biomass burning [2]. In relation to predicting pollution levels in the future, the
conventional AQI prediction methods like the statistical and regression methods have been
largely employed. In an ever-changing environment, however, the conventional prediction
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methods tend to falter because they fail to account for the complex nonlinear relationships

between air pollutants and weather [3].
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Fig. 1. Air quality forecasting system [4]
The Fig.1 shows an AQI prediction system that employs a prediction engine in predicting the
air quality index based on meteorology prediction and current air quality measurements.
Through feedback mechanisms, the prediction data keeps on increasing the prediction
accuracy.
For predicting future pollution values, the conventional AQI prediction methods like
statistical and regression models have been widely employed. However, under changing
environments, these methods often lack the capability to consider the complex non-linear
interactions between the air pollutants and weather parameters, resulting in an inadequate
level of prediction performance [5]. Due to the capacity of machine learning algorithms to
learn complex patterns from raw data directly, they have been extensively used for predicting
AQI in order to overcome these limitations. As against conventional statistical approaches,
methods like Random Forest, Support Vector Machines, and Artificial Neural Networks
exhibit improved predictability [6].
The objective of this work is to develop a high accuracy AQI forecasting model based on the
use of advanced methods for developing ensemble models through stacking and blending of
gradient boosting and decision tree algorithms. This includes a wide range of feature
engineering techniques, such as time lags, rolling average, exponential trend features, and
interaction between pollutants. The machine learning and ensemble algorithms are tested
under cross-validation taking into account the time series aspect to ensure the robustness of
results. TimeSeriesSplit are used in OOF stacking to avoid data leakage. Conformal
prediction is applied to the forecasts to ensure their reliability.
Table 1. Comparative analysis of recent AQI forecasting approaches based on methods,
contributions, and limitations

Ref. Method / ’ Dataset / ’ Key Limitation
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Technique Study Area Contribution
Pande et al. [1] | BIRNN  (Deep | Delhi, India Captured Limited to a
(2024) Learning) temporal specific
dependencies for | geographical
accurate AQI | region.
forecasting.
Susilawati & | Machine Beijing PM2.5 | Demonstrated Model
Bustomi [6] | Learning Dataset effective AQI | performance is
(2026) prediction using | dataset-specific.
a real-world
dataset.
Sarkar et al. | Deep Learning + | Review Study | Proposed High
[7] (2026) Federated privacy- computational
Learning preserving complexity.
distributed AQI
prediction
frameworks.
Lakshmi & | Hybrid ML-DL | Environmental | Improved AQI | Requires a large
Raju [8] (2026) | Model Datasets prediction volume of
accuracy through | training data.
hybrid
intelligence.
Dutta et al. [9] | Edge @ AI  + | Real-Time Enabled low- | Potential
(2026) Quantized Deep | Monitoring latency AQI | reduction in
Learning Systems prediction on | prediction
edge devices. accuracy.
Singh & | Random Forest + | Indian Cities Combined Complex model
Nagpal [10] | LSTM Hybrid feature selection | architecture.
(2026) with  temporal
sequence
modelling.
Somboonmark | ARIMA + ANN | AQI Time- | Enhanced Integration
et al. [11] | + Regression Series Data forecasting increases
(2026) performance implementation
through  hybrid | complexity.
modelling.
Kumari et al. | A, IoT & Big | Review Study | Reviewed Practical
[12] (2026) Data advanced implementation
monitoring and | remains
pollution control | challenging.
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strategies.
Kumar et al. | Deep Learning + | Phoenix, USA | Improved Computationally
[13] (2026) Hyperparameter prediction expensive.
Optimisation accuracy through
feature analysis
and  parameter
tuning.
Celik et al. [14] | Machine Global Studies | Identified Limited
(2026) Learning & research trends, | experimental
Deep Learning gaps, and data | validation.
Trend Analysis scarcity issues.
Alam et al. [15] | Machine Bangladesh Achieved Limited
(2026) Learning Models | and India improved scalability across
regional AQI | diverse regions.
prediction
performance.
Bhatt & | Machine Review Study | Presented a | Lacks real-time
Goswami [16] | Learning Review comprehensive validation.
(2026) review of ML
techniques  for
AQI prediction.
Mohandas et | AlexNet + | India Combined deep | High training
al. [17] (2025) | TabNet Hybrid feature complexity.
extraction  with
model
interpretability.
Madan et al. | Hybrid Deep | Environmental | Integrated AQI | Limited model
[18] (2026) Learning and Health | prediction with | generalisation.
Data healthcare
impact
assessment.
El Mghouchi & | Ensemble Multivariate Developed  an | High model
Udristioiu [19] | Learning + Deep | Air  Pollution | integrated Al | complexity.
(2026) Learning Data framework  for
sustainable AQI
prediction.
METHODOLOGY

Based on CPCB air quality dataset and rigorous feature engineering, this paper proposes a
state-of-the-art ensemble model for daily AQI forecasting in New Delhi, India. This approach
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consists of using numerous machine learning models through a stacked and blended
framework that takes care of any possible leakage in the process, such as HistGradient
Boosting, Gradient Boosting, Extra Trees, Random Forests, and K-Nearest Neighbors.
Conformal predictions provide accurate uncertainty estimates, while time series split-based
out-of-fold stacking helps in preserving temporal relations and improving generalizability.

A. Dataset Description

The Central Pollution Control Board (India) supplied the data set for analysis through Air
Quality Data in India (2015-2020), which is available publicly on the Kaggle website. The
data set for Delhi can be developed using the station-day.csv file for air quality information
and stations.csv for station details. Apart from the target AQI value, the dataset also consists
of pollutants that include PM2.5, PM10, NO, NO:, NOx, NHs, CO, SO, Os, Benzene,
Toluene, and Xylene. In order to form a consolidated AQI index, pollution values are pooled
from various monitoring stations daily. The cleaned dataset will be structured temporally,
with the missing values being replaced by the median imputation method for time-series
analysis purposes.

B. Data Preprocessing

The initial task during the data pre-processing stage involves filtering data for Delhi city only
as well as combining station_day.csv and stations.csv based on station ID. For creating an
AQI data set for one city, the data are sorted according to the chronological order, and a daily
aggregation of pollutant levels across stations is performed. The target variable is considered
to be AQI, while the pollution variables selected are the relevant ones. As part of enhancing
the quality of the data, median imputation is applied to fill missing pollutants.

Feature engineering is done by introducing lagged variables, rolling statistics, exponentially
weighted moving average, temporal features for seasonality and cycles, pollutants
interactions, and AQI trend features. Feature engineering results in the creation of the final
feature matrix by removing invalid records generated while generating features. To avoid data
leakage, chronological splitting of the data set is done where 70 % of the data is taken for
training and 30 % for testing purposes. Normalization of features is done using the Standard
Scaler method.

The complete workflow for the AQI prediction process has is shown in the Fig.2 above, in
which the process starts from feature engineering followed by data pre-processing before
building the proposed ensemble learning technique and the deep learning models, which are
used today (Bi-RNN, Bi-LSTM, LSTM, and KRR). The most precise and efficient AQI
forecasting technique can be obtained after testing and comparing all models’ performances by
considering various parameters such as RMSE, MAE, MAPE, R? WI, KGE, NSE, and CCC.
Existing AQI Forecasting Models and Architecture

Four AQI forecasting models are constructed in this research paper, namely, bi-directional
RNN, bi-directional LSTM, unidirectional LSTM, and kernel ridge regression. The data is
divided into consecutive samples through a 14-day window approach to identify the temporal
relations. The AQI on the subsequent day will be forecasted based on designed features and
pollutants.
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Air Quality Data in
India (2015-2020)

Performance Evaluation Metrics
1. Coefficient of Determination (R?)
2. Root Mean Square Error (RMSE)
3. Mean Absolute Error (MAE)
4. Willmott Index (WI)

5. Kling—Gupta Efficiency (KGE)

Fig. 2. Proposed AQI Forecasting Workflow Based on Hybrid Ensemble Learning
The models of Bi-RNN and Bi-LSTM are two kinds of deep learning models that help improve
feature learning capabilities in terms of processing in two ways: from left to right and from
right to left, in addition to incorporating self-attention capability to identify important time
instances. The LSTM model, by contrast, is a baseline deep learning model that captures
sequences in one pass from left to right. KRR is a non-linear machine learning model based on
the RBF kernel.
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Adam Optimizer and Huber Loss Function are utilized for the training of all deep learning
algorithms. Early Stopping and ReduceLROnPlateau techniques are adopted to ensure that
overfitting is minimized while at the same time increasing the robustness of the training
process. The models will be trained using a batch size of 32 for a maximum of 500 epochs.
Enhanced Model Ensemble Learning Framework
To detect different trends in air quality index data, an ensemble learning approach, which
combines numerous machine learning algorithms, including HistGradient Boosting, Gradient
Boosting, Extra Trees, Random Forest, and K-Nearest Neighbors, has been recommended in
the proposed AQI forecasting system. Each individual algorithm learns different characteristics
of AQI and enhances the effectiveness of the model prediction.
OOF predictions made using Time Series Splitting are leveraged within a stacking algorithm
architecture for better generalization by avoiding data leakage and creating reliable meta
features. The Ridge Regression meta-learner is then used to generate predictions using these
meta features. In addition, weight-blending, which is done via stochastic weight generation,
allows the models to contribute their maximum. The use of conformal prediction makes it
possible to generate AQI forecasts with prediction intervals.
Performance Evaluation Metrics
Coefficient of Determination (R?): An important statistic that measures the accuracy of the
regression model with respect to the variations in the actual AQI observations is the
coefficient of determination, R%. This measure computes the proportion of variance in the
dependent variable that can be explained by the predictive model.
_ i (v — 999

Cii =92
Root Mean Square Error (RMSE): RMSE evaluates the accuracy of predictions based on the
standard deviation of prediction errors. RMSE is sensitive to outliers due to its use of

R*?=1

squaring, which places higher penalties on larger errors.
1 .
RMSE = [LEL,0: - 907
A smaller RMSE indicates better prediction accuracy and overall performance. RMSE is
particularly useful when evaluating the performance of models that have a tendency to exhibit
large fluctuations, as AQI forecasting models do.

Mean Absolute Error (MAE): MAE calculates the average absolute difference between
predicted and observed values, providing a direct and interpretable measure of prediction

error.
1 A
MSE = —3i (i — §)°
Unlike RMSE, MAE does not square the error terms, making it less sensitive to outliers. It

reflects the average magnitude of prediction errors in the same units as AQI, thereby offering a
clear understanding of model accuracy in practical terms.
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Mean Absolute Percentage Error (MAPE):MAPE measures the accuracy of the prediction in
percentages, thus it becomes handy when comparing the accuracy between different datasets

that have different units of measure.

MAPE = (52) S 5
The smaller the MAPE, the more accurate the estimation. The MAPE allows one to know what
percentage of difference there is between the estimated and the real AQI value.
Willmott Index (WI): Through consideration of both systematic and random errors, the
Willmott Index (WI) determines the level of concordance between measured and forecasted
data.

Vi, Gi= y)?

i, (9i- yl+yi—yD?
The closer the WI value is to 1, the higher the agreement between forecasted and measured
data. WI can be used as an effective measure of the model’s reliability when making

R?=1 -

predictions in environmental models because it incorporates the magnitude of the deviations,
unlike common error measures.

Kling—Gupta Efficiency (KGE): KGE 1is an overall performance measure that measures the
accuracy of a model through the consideration of bias, variance, and correlation
simultaneously.

KGE = 1—/(r—1)2+ (a—1)2+ (B — 1)2

Through its evaluation of various statistical elements in a single number, the KGE gives a good
evaluation of the model’s performance. The model fits well with the distribution and structure
of AQI when the score is close to 1
Nash—Sutcliffe Efficiency (NSE): The Nash-Sutcliffe Efficiency is the measure used in
evaluating the efficiency of the model's prediction against the mean of the observation data
set.
_ CRi6i-90%)

Crii-9?)
A score of 1 represents perfect prediction, while an NSE value close to 0 means that the model

NMSE = 1

does not perform any better than simply predicting using the mean. Negative scores are
associated with poor performance. The NSE measure is often applied to evaluate the efficiency
of prediction.

RESULTS

The proposed ensemble-based AQI prediction framework along with the deep learning
algorithms including Bi-RNN, LSTM, Bi-LSTM, and KRR is assessed in this chapter.
Despite the ability of deep learning algorithms in modeling the time-based relationship, over
fitting and hyper parameter tuning limit their efficiency. In the proposed system, the weighted
combination strategy along with stacking methods are employed to incorporate HistGradient
Boosting, Gradient Boosting, Extra Trees, Random Forest, and KNN. As it is seen based on
experimental results, the ensemble model has been achieved in obtaining the R* of 0.9696,
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RMSE of 20.521, and MAPE of 7.51% with accurate uncertainty estimation using conformal
prediction.

Table 2. Performance metrics of sequential and kernel-based AQI forecasting models

Model

WI KGE MAPE R? RMSE
(%)

Bi- 0.982 0.899 13.9 0.941 27.860
LSTM
LSTM 0.955 0.782 24.8 0.880 41.546

Bi- 0.984 0.937 11.7 0.942 27.067
RNN
KRR 0.948 0.809 26.3 0.842 45.031

Based on the evaluation results as shown in table above, the top-performing deep learning
algorithms for AQI prediction include Bi-RNN and Bi-LSTM, with high accuracies and
excellent correlations between the predicted and real values. The top-performing algorithm is
Bi-RNN, as it provides the highest R2 and low RMSE, equal to R2 = 0.942 and RMSE =
27.067, respectively. However, since LSTM does not consider the two-directional
relationship between variables, it demonstrates lower accuracy rates and larger prediction

errors. The poorest-performing algorithm among those used is the Kernel Ridge Regression
(KRR) algorithm, with the lowest R2 and maximum error values.

Scatter Plot: Observed vs Predicted AQl (Model Comparison)
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Fig. 3. Scatter Plot of Observed vs Predicted AQI for Deep Learning and Kernel-Based
Models
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As seen in the above plots in Fig.3, the predictions using bi-directional recurrent neural
networks and bi-directional LSTM networks are in close agreement with the AQI value
because most data points lie very near to the reference line of 1:1 ratio that shows low
prediction errors and high accuracy. On the contrary, predictions through LSTM and Kernel

Ridge Regression models have higher dispersion from the reference line.
Actual vs Predicted AQI (Testing Phase)

— Actual AQI
600 Bi-RNN Prediction
=== Bi-LSTM Prediction

0 100 200 . 30'od 400 500 600
ime Index
Fig. 4. Time-Series Comparison of Observed AQI with Bi-RNN and Bi-LSTM Predictions
In terms of the time series as seen in Fig.4, both Bi-RNN and Bi-LSTM models do a good job
of reflecting the trends and dynamics of AQI changes, with their forecasts being quite close to
real AQI levels for both regular and gradually changing situations. However, both models
struggle to properly reflect sudden AQI peaks; as a consequence, the models underestimate
peak levels, which makes their forecasting smooth.
Table 3. Performance Metrics of AQI Forecasting Models

Model R? RMSE | MAE MAPE WI KGE | NSE
(“o)

HistGradient 0.9657 | 21.8059 | 15.7123 | 7.9672 0.9912 | 0.9756 | 0.9657
Boosting

Gradient Boosting 0.9689 | 20.7540 | 14.7572 | 7.5179 0.9919 | 0.9659 | 0.9689
Extra Trees 0.9656 | 21.8361 | 15.7750 | 8.3939 0.9910 | 0.9485 | 0.9656
Random Forest 0.9671 | 21.3737 | 15.2022 | 7.8246 0.9914 | 0.9595 | 0.9671
KNN (k=5) 0.9062 | 36.0614 | 26.9662 | 14.2158 0.9742 1 0.9101 | 0.9062
Stacking Ensemble 0.4566 | 86.8151 | 73.2359 | 53.6266 0.7585 | 0.3809 | 0.4566
Blend Ensemble 0.9696 | 20.5212 | 14.5590 | 7.5084 0.9921 | 0.9638 | 0.9696

From the high R2 value (>0.96) and low error metrics, it can be observed from the table
above that the tree-based ensemble models provided very accurate and reliable prediction of
the AQI levels, with good agreement between predicted AQI values and actual AQI levels. In
contrast, the performance of the KNN and stacking ensemble models was much worse,
particularly the stacking model, with the latter showing poor stability in identifying temporal
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patterns. The best performing model was the blend ensemble, outperforming all others with
its high R?, RMSE and MAPE values.

R* Comparison

1.0

0.9

0.8

0.6

0.5

o

-
Fig. 5. R? Based Performance Evaluation of AQI Forecasting Models
The tree-based ensemble methods, including HistGradient Boosting, Gradient Boosting,
Extra Trees, and Random Forest, frequently achieve outstanding predictive performance, as
more than 96% of AQI variability can be explained by these algorithms based on the R?
comparisons. In turn, the stacking algorithm proves its temporal inconsistency, and KNN and,
in particular, the stacking ensemble performs worse. In terms of superior predicting
capabilities and effective merging of model forecasts, the blended ensemble attains the
highest R? score (= 0.970).
CONCLUSION
The proposed ensemble-based AQI forecast model is very successful at identifying complex
patterns in air quality because it utilizes multiple machine learning models through the
process of weighted mixing and stacking. The proposed ensemble performed better than any
other model used (R? = 0.9696, RMSE = 20.521, MAE = 14.559, and MAPE = 7.51%),
showing strong correspondence with AQI readings, high accuracy, and precise uncertainty
estimates using conformal prediction. Overall, the method produces accurate, robust, and
clear AQI forecasts. Future work could possibly be focused on designing an online learning
platform that uses deep and ensemble learning for real-time learning as well as the
incorporation of spatiotemporal data from multiple locations/cities. In order to improve
prediction performance and generalization, complex optimization algorithms and weather
conditions can also be used alongside explainable Al tools such as SHAP and LIME.
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