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Abstract: This study employs multiple machine learning regression techniques to predict air quality indices and 

conducts a comparative analysis to identify the optimal model based on data efficiency and processing time. The Mean 

Absolute Error (MAE), Root Mean Square Error (RMSE) and Mean Absolute Percentage Error (MAPE) were used as 

evaluation measures to compare these regression models. Furthermore, the processing time of each algorithm was 

evaluated through independent training and hyperparameter tuning to determine the best-fit model regarding 

computational efficiency and error rates. In this paper, we have calculated the custom score which is sum of MAE, 

RMSE, MAPE and time processing values. The best model obtained is the custom stacked regression model has custom 

score of 111.41 which is very less as compared to other regression models. 

 

Index Terms: Air Quality Index (AQI), Regression-Based Models, Mean Absolute Percentage Error (MAPE), Mean 

Absolute Error (MAE), Root Mean Square Error (RMSE) 

 

 

1. Introduction 

One of the most critical threats to human health is air pollution. According to the World Health Organization 

(W.H.O) air pollution puts the health of seven million people at risk. Health impacts include asthma, skin infections, 

cardiovascular issues, respiratory diseases, bronchitis, lung cancer, and ocular conditions [1]. Air pollution is a serious 

issue that has negative consequences for human health and living situations. The most basic necessity and requirement 

for human living is air, which is a mixture of several gases such as oxygen and nitrogen. Air is essential for human 

survival, making its quality a critical public health concern. Air pollution, characterized by the presence of hazardous 

particulate matter and gases, poses severe threats to human health and environmental sustainability. As a result, constant 

air pollution analysis is required. Regression algorithms are particularly suitable for predicting continuous air quality 

metrics. One such category is regression-based machine learning algorithms, including Decision Tree Regression and 

Random Forest Regression [2].  

This research work, discusses the working of how regression models can help to predict the values of the AQI 

based on the input data. A comparative analysis is conducted to identify the optimal model. All the models that have 

been implemented in this work for AQI prediction are regression-based models. In this paper, we have implemented the 

custom stacked regression model.  

Custom stacking is an ensemble learning technique that uses meta-regression to combine multiple regression 

models. An individual regression model is trained using the full training set, and a meta-regression is fitted using the 

output (meta-features) of the individual regression models in the set. Custom stacked model is used to improve model 

prediction by mixing the outputs of many models and passing them through meta-learning models, which are machine 

learning models. The paper is organized as follows: In section 2 literature review is presented which predicts the toxins 
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in air and how to improve them. Section 3 explains the implementation of the proposed work, and Section 4 presents the 

calculation of AQI parameters using regression-based models. Section 5 presents the conclusion and future work.  

2. Literature Review 

Pollution of air in cities has a direct impact on living being health, particularly in developing and industrialized 

countries where air quality controls are either unavailable or ineffectively implemented or enforced. Recent studies have 

found substantial evidence that expose to air contaminants linked to various health problems, including asthma and lung 

irritation. Zheng et al. [3] suggested a new method that accounts for temporal and spatial correlations. An inflexion 

predictor, a spatial predictor, a prediction aggregator, and a temporal predictor are four components of this architecture. 

While separating the wind directions into eight classes, Zheng's approach had one flaw: it did not take into account the 

topography information. Simultaneously, the wind, which is influenced by terrain, has a substantial impact on PM 2.5 

dispersion. As far as social insurance administration costs go, the association between air pollution and human well-

being inexorably increases medical clinic confirmations and emergency department visits. Since air quality has a 

significant impact on human life, W.H.O has developed guidelines to reduce the negative effects of air pollution on 

public health. The W.H.O has set limits on the concentrations of surface Ozone (O3), Nitrogen dioxide (NO2), and 

Sulphur dioxide (SO2) in the air [4, 5]. Suh et al. [6] compare the surrounding positions using the nearest neighbour 

method using the Euclidean distance method (‘KNN-ED’) and the K nearest neighbour method using the distance DTW 

method (‘KNN-DTWD’), time series at different sites. The model proposed by Suh et al. [6] demonstrated superior 

accuracy compared to Zheng et al. [3] for short-term forecasting. The ‘KNN-DTWD’ strategy outperformed the ‘KNN- 

ED’ approach when tested experimentally, however in other circumstances, such as flat terrain, the ‘KNN- ED’ method 

outperformed the ‘KNN-DTWD’. A wireless air quality monitoring framework was proposed in [7], utilizing a General 

Packet Radio Service (GPRS) modem to transmit collected pollutant levels. An intelligent sensor-based system for air 

quality monitoring in remote areas was introduced in [8]. Similar to Ong et al. [9], deep learning methods were 

employed to estimate AQI, specifically using a pre-trained Recurrent Neural Network (RNN) to predict PM2.5 levels. 

The grid-based division method splits the entire area into subsequent grids and then mimics spatial and quality of air 

data, as the name implies. Shepard’s method divides the land into two-dimensional grids for spatial interpolation, 

assuming that pollutant concentrations vary based on distance from known measurement points. Bai et al. [10] used 

satellite observation data and uniform grids to interpolate PM2.5 concentrations. Tang et al. [11] employed a grid-based 

method to determine the spatial interpolation of PM2.5 concentrations. They gathered data from numerous sources, 

constructed division grids, and discovered the spatial interpolation of PM 2.5 concentrations. Goodin et al. [12] 

constructed a three-dimensional grid of wind fields for an urban area. In [13], an optimized machine learning model 

combining Grey Wolf Optimization with a Decision Tree algorithm was used for accurate AQI prediction in large cities. 

Further improvements in model architecture could enhance prediction accuracy. In [14], the authors proposed a deep 

learning framework for AQI prediction; however, it struggled to capture long-term trends during periods of sudden 

climate change. In [15], a framework utilizing various machine learning techniques was designed for AQI prediction; 

however, the study was limited to a small, region-specific dataset over a short time span. Complete study shows that 

various machine learning models have been used to find the AQI of the cities.  

 

Evaluation Criteria  

 

This study predicts AQI based on air pollutant components. Performance is assessed using Mean Absolute Error 

(MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), runtime, and a custom score. 

 
MEAN ABSOLUTE ERROR (MAE) 

 

Mean Absolute Error (MAE) calculates the average absolute difference between predicted and actual values. It is a 

scale-dependent metric that measures inaccuracy on the same scale as the observations. MAE is a standard metric for 

evaluating regression models by quantifying the discrepancy between observed and predicted values. 

 

 MAE = 
1

n
∑ y

i
-ŷ

i
n
i=1  (1) 

 

ROOT MEAN SQUARE ERROR (RMSE) 

 

Root Mean Square Error (RMSE) is the square root of the mean of squared errors. It penalizes larger errors more 

heavily than MAE and is expressed in the same units as the target variable. 

 

MEAN ABSOLUTE PERCENTAGE ERROR (MAPE) 

 

Mean Absolute Percentage Error (MAPE) measures the average magnitude of errors in percentage terms, 
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providing a scale-independent assessment of prediction accuracy. 

 

 MAPE = ((|A-F|/A)*100)/N (2) 

 
The actual value is A, the anticipated value is F, and the no. of observations is N. 

 

CUSTOM SCORE 

 

Custom Score is the sum of MAE, RMSE, MAPE and runtime/processing time of all the regression-based ML 

models used in this research. The Custom Score will tell the overall final results of all the regression-based machine 

learning models. 

 

 Custom Score = MAE + RMSE + MAPE + Runtime (3) 

 

3. Novelty of the Proposed Work 

In this work, the novelties aim towards improving the accuracy of the proposed model. The first novelty is using 

the Custom Stacked Model instead of a classic Random Forest Regression model: 

Custom Stacked Regression (CSR) is an ensemble technique that combines numerous regression models using a 

meta-regressor. Individual machine learning regression model can be trained using the whole training set and the "meta-

regressor" is fitted using the ensemble's individual machine learning regression models outputs (meta-features). In 

figure 1, the working of custom stacked model is explained. In this model, two level stacking ensemble regression 

model is explained. In the first level, Random Forest, XG Boost, Gradient Boosting Regressor, and decision tree 

predicts AQI. In the second level, Meta Regressor combines the individual value of first level to create the output. The 

ensemble strategy makes the system more accurate and reliable for AQI prediction. 

The second novelty is using Random Search CV instead of Grid Search CV for hyper-parameter tuning: Random 

Search is a strategy for finding the optimum solution for a created model by using random combinations of hyper-

parameters. It is similar to grid search, but it is shown to produce better results when compared. 

 

 

Fig. 1.  Architecture of the Proposed Custom Stacked Regression Model 

4. Proposed Work Implementation Approach 

The Implementation approach of this research work is explained using following four steps to predict the AQI in 

figure 2. 

 

Step1: Imputation: Data in its raw form contains a large number of missing values (nulls), making it less 
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trustworthy and valuable for machine learning. ML algorithms, despite their sophistication, have the issue of being 

unable to utilize data having missing values. Imputation comes into play here. Imputation is the process of using 

mathematical and statistical approaches such as mean, median and others to fill in missing numbers. Imputation can be 

done using a variety of procedures, including median, mean, most-frequent and constant. If the count of items in the 

data is even, the median equals the second element; otherwise, the median equals the third element. N+1/2th element = 

Median. 

 

 

Fig. 2. Flow Chart of the AQI Prediction Model (Proposed System)  

Step 2: Model Training: The Machine learning model is provided with data to train it in this step. This is where the 

learning happens. Consistent training can improve the ML model prediction rate significantly. The weights of the model 

must be chosen at random. As a result, the algorithms will learn to appropriately change the weights. Figure 3 presents 

an overview of the AQI dataset and the preprocessing steps applied in the proposed work. The raw dataset consists of 

multiple air pollutant parameters, which are cleaned using imputation techniques and normalized to generate a reliable 

dataset before model training. 

 

 

Fig. 3. AQI Dataset Description and Preprocessing Pipeline  

Step 3: Hyper-parameter Tuning: When developing machine learning models, hyper-parameter tuning is a means 

of altering the parameters supplied as tuples. We set these parameters, and the programmer can adjust them as needed. 

These parameters are never learned by machine learning algorithms. To ensure the success of model, these were fine-

tuned. The goal of hyper-parameter tweaking is to identify the parameters that provide the model the best or most 

results with the lowest error rate. 

Randomized Search CV: When there are a lot of parameters to try and the training period is extensive, Randomized 

Search CV comes in handy. 

 

Step 4: Predictions: The suitable regression models are applied after the imputation. The predictions are generated 

as the final phase. The predicted AQI values are then compared to the actual AQI values. The model's efficiency is 

calculated using MAE, RMSE, MAPE, and Runtime. The accuracy of the model is inversely related to the MAE, 

RMSE and MAPE values, i.e., the lower the values, the higher the accuracy and vice versa. 
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5. Results and Analysis 

For the prediction of AQI, regression based models are used to calculate the values of MAE, RMSE, MAPE and 

runtime/processing time. The based model is selected on the basis of low custom score. Figure 4, 5, 6, 7 and 8 shows the 

comparative study of the MAE, RMSE, MAPE, Runtime and Custom Score of all the regression models. In table 2, we 

observed that the Randomized Search CV Decision Tree Regression model shows the least RMSE whereas Randomized 

Search CV Random Forest Regression model and Custom Stacked Regression model are showing almost the same 

RMSE. In table 3, we can observe that the Custom Stacked Regression model and Randomized Search CV Random 

Forest regression model are showing less MAPE value. Till now, Randomized Search CV Random Forest Regressor and 

Custom Stacked Regressor are showing good results. To select the best model among these, we examine these 

regression-based machine learning models on the basis of their runtime and the custom score given in table 4. The 

custom score of all the regression-based machine learning models used in this study shown in table 5. It is clearly visible 

that the Custom Stacked Regression model has shown the best results compared to other regression models given in table 

6. 

 

 

Fig. 4. Mean Absolute Error 

 

Fig. 5. RMSE of regression models 
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Fig. 6. MAPE of Regression Models 

 

Fig. 7. Runtime of Regression Models 

 

Fig. 8. Custom Score of Regression Models 



Analysis and Comparison of Air Quality Index Prediction using Regression Based Machine Learning Models 

Volume 16 (2026), Issue 4 – Page 67 

In table 1, we can observe that Random Forest Regression model (using Randomized Search CV) and Custom 

Stacked Regression model show less mean absolute error as compared to other models. 

Table 1. MAE of Models (Low to High Error) 

REGRESSION MODELS MAE 

Randomized Search CV Random Forest Regressor 27.21 

Custom Stacked Regressor 28.05 

XGB Regressor 30.31 

Random Forest Regressor 31.27 

Gradient Boosting Regressor 36.18 

Artificial Neural Network 41.13 

Decision Tree Regressor 41.19 

AdaBoost Regressor 54.79 

Randomized Search CV Decision Tree Regressor 80.43 

Table 2.  RMSE of Models (Low to High Error)  

REGRESSION MODELS RMSE 

RandomizedSearchCV Decision Tree Regressor 0.98 

RandomizedSearchCV Random Forest Regressor 56.79 

Custom Stacked Regressor 59.33 

XGB Regressor 61.39 

Random Forest Regressor 65.28 

Gradient Boosting Regressor 69.64 

Artificial Neural Network 90.41 

Decision Tree Regressor 92.12 

AdaBoost Regressor 94.88 

Table 3. MAPE of Models (Low to High Error)  

REGRESSION MODELS MAPE 

Randomized Search CV Random Forest Regressor 0.19 

Custom Stacked Regressor 0.20 

XGB Regressor 0.22 

Random Forest Regressor 0.22 

Randomized Search CV Decision Tree Regressor 0.25 

 Gradient Boosting Regressor 0.26 

 Decision Tree Regressor 0.28 

Adaboost Regressor 0.38 

Artificial Neural Network 1.00 

Table 4. Runtime of Models (Low to High)  

REGRESSION MODELS RUNTIME 

Randomized Search CV Decision Tree Regressor 0 

Decision Tree Regressor 0.21 

Adaboost Regressor 0.70 

Gradient Boosting Regressor 2.97 

Random Forest Regressor 10.73 

Custom Stacked Regressor 13.73 

XGB Regressor 15.32 

Artificial Neural Network 27.72 

Randomized Search CV Random Forest Regressor 297.44 

Table 5. Custom Score of Models (Low to High)  

REGRESSION MODELS 
CUSTOM 

SCORE 

Custom Stacked Regressor 111.41 

Random Forest Regressor 117.73 

XGB Regressor 118.73 

Gradient Boosting Regressor 120.13 

Randomized Search CV Decision Tree Regressor 130.50 

Decision Tree Regressor 144.39 

Adaboost Regressor 147.53 

Randomized Search CV Random Forest Regressor 340.60 

Artificial Neural Networks 385.78 
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Figure 9 shows the comparison between actual AQI values and predicted AQI values obtained using the proposed 

Custom Stacked Regression model, indicating close alignment and improved prediction accuracy. 

 

 

Fig. 9. Predictive AQI vs Actual AQI plot using proposed work   

Table 6. Comparison of all the regression-based models 

REGRESSION MODELS MAE RMSE MAPE RUNTIME Custom Score 

Random Forest Regressor 31.27 65.28 0.22 10.73 117.73 

Randomized Search CV Random Forest 

Regressor 
27.21 56.79 0.19 297.44 340.60 

Decision Tree Regressor 41.19 92.12 0.28 0.21 144.39 

Randomized Search CV Decision Tree Regressor 80.43 0.98 0.25 0.0 130.50 

Gradient Boosting Regressor 36.18 69.64 0.26 2.97 120.13 

XGB Regressor 30.31 61.39 0.22 15.32 118.73 

Ada Boost Regressor 54.79 94.88 0.38 0.70 147.53 

Artificial Neural Network 41.13 90.41 1.00 27.72 385.78 

Custom Stacked Regressor 28.05 59.33 0.20 13.73 111.41 

 

6. Conclusion and Future Work 

This research work, deals with the AQI predictions that are obtained by the regression-based machine learning 

models. Various authors have implemented ML models in order to tackle the same problem that has been handled in 

this paper. Researchers have implemented methods like grid division, cluster division, and KNN- DTW to predict the 

values for various AQI components. This study, discussed the application of regression models like Custom Stacked 

Regressor, decision tree or random forest model etc. also hyper-parameter optimization tool is used that is Random 

Search CV in the same domain and used to make predictions. The biggest issue that affects any ML model is the 

presence of null values, which are handled using imputation.  The MAE, RMSE, MAPE and Runtime values for all the 

models used in this paper. The comparison shows that the custom stacked model made predictions with a lesser error 

rate than other regression models. The comparison between the MAE, RMSE, MAPE, Runtime and Custom Score 

values for all the models is done.  

Future work in this domain can include the application of LSTM models to make predictions, applying CNN to 

make image based AQI predictions and using hyper-parameter optimization tools like Bayesian search CV to optimize 

the parameters for the model. 
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