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Abstract— Air quality has always been one of 

the most important environmental concerns for 

the general public and society. Using machine 

learning algorithms for Air Quality Index (AQI) 

prediction is helpful for the analysis of future air 

quality trends from a macro perspective. When 

conventionally using a single machine learning 

model to predict air quality, it is challenging to 

achieve a good prediction outcome under 

various AQI fluctuation trends. In order to 

effectively address this problem, a genetic 

algorithm-based improved extreme learning 

machine (GA-KELM) prediction method is 

enhanced. First, a kernel method is introduced 

to produce the kernel matrix which replaces the 

output matrix of the hidden layer. To address 

the issue of the conventional limit learning 

machine where the number of hidden nodes and 

the random generation of thresholds and 

weights lead to the degradation of the network 

learning ability, a genetic algorithm is then used 

to optimize the number of hidden nodes and 

layers of the kernel limit learning machine. The 

thresholds, the weights, and the root mean 

square error are used to define the fitness 

function. Finally, the least squares method is 

applied to compute the output weights of the 

model. Genetic algorithms are able to find the 

optimal solution in the search space and 

gradually improve the performance of the model 

through an iterative optimization process. In 

order to verify the predictive ability of GA-

KELM, based on the collected basic data of 

long-term air quality forecast at a monitoring 

point in a city in China, the optimized kernel 

extreme learning machine is applied to predict 

air quality ( $SO_{2}$ , $NO_{2}$ , $PM_{10}$ , 

$CO$ , $O_{3}$ , $PM_{2.5}$ concentration and 

AQI), with comparative experiments based 

CMAQ (Community Multiscale Air Quality), 

SVM (Support Vector Machines) and DBN-BP 

(Deep Belief Networks with Back-Propagation). 

The results show that the proposed model trains 

faster and makes more accurate predictions. 
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                      I. INTRODUCTION 

 

Air and water are essential resources required for 

human survival, yet both are increasingly affected 

by pollution due to rapid industrial growth and 

urban expansion. Among these, air pollution has 

become a serious concern as it directly impacts 

human health and environmental balance [1]. Poor 

air quality can lead to respiratory diseases, 

cardiovascular problems, and reduced quality of 

life. Therefore, monitoring and predicting air 

quality has become a necessary task for 

governments and environmental agencies [3]. By 

understanding pollution levels in advance, 

appropriate actions such as controlling emissions 

and regulating industrial activities can be 

implemented. The use of data-driven approaches 

for air quality prediction has gained importance in 
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recent years [14]. These approaches help in 

analyzing pollution trends and provide early 

warnings. As a result, accurate prediction systems 

play a crucial role in reducing environmental risks 

and ensuring healthier living conditions. 

 

In recent years, several machine learning and deep 

learning techniques have been applied to predict air 

quality [7] [14]. However, many of these models 

face challenges related to prediction accuracy and 

error minimization. Metrics such as Mean Squared 

Error (MSE) and Root Mean Squared Error 

(RMSE) are commonly used to evaluate the 

performance of prediction models. Lower values of 

these metrics indicate better prediction accuracy. 

Traditional algorithms often struggle because their 

training processes do not always produce optimal 

weights, which directly affects the model’s 

performance [15]. As a result, there is a need to 

improve these models to achieve more reliable 

predictions. Researchers have focused on 

enhancing model performance by optimizing 

parameters and reducing errors [10]. This has led to 

the development of hybrid approaches that combine 

multiple techniques to improve learning efficiency 

and prediction capability. 

 

To address these limitations, this work focuses on 

improving the Extreme Learning Machine (ELM) 

by integrating it with a Genetic Algorithm (GA). 

The conventional ELM model randomly assigns 

weights and thresholds, which may reduce its 

learning efficiency. By incorporating GA, the 

model is able to optimize these parameters more 

effectively [10]. The genetic algorithm evaluates 

different solutions using a fitness function based on 

RMSE and gradually improves the model through 

operations such as selection, crossover, and 

mutation. This process helps in identifying the 

optimal number of hidden nodes and improving 

overall model performance. Additionally, the least 

squares method is used to calculate output weights, 

ensuring better prediction accuracy. This enhanced 

model, referred to as GA-KELM, provides a more 

stable and efficient approach for air quality 

prediction compared to traditional methods. 

 

The performance of the proposed GA-KELM 

model is evaluated using an air quality dataset, 

where PM2.5 is selected as the target variable for 

prediction. The dataset undergoes preprocessing 

steps such as handling missing values, removing 

outliers, and normalizing feature values. After 

preprocessing, the data is divided into training and 

testing sets to ensure proper evaluation. The 

proposed model is compared with a traditional 

Support Vector Machine (SVM) algorithm using 

performance metrics like MSE and RMSE [5]. 

Experimental results show that GA-KELM 

significantly reduces prediction error compared to 

SVM. The graphical comparison between actual 

and predicted values also indicates better alignment 

in the proposed model. This demonstrates that 

optimizing model parameters can greatly improve 

prediction accuracy and reliability in air quality 

forecasting. 

 

As an extension to the proposed work, a 

Bidirectional Long Short-Term Memory (BI-

LSTM) model is implemented to further enhance 

prediction performance [2][11]. Unlike traditional 

models, BI-LSTM processes data in both forward 

and backward directions, allowing it to capture 

more comprehensive temporal patterns. This results 

in improved feature optimization and reduced 

prediction error. The experimental results indicate 

that BI-LSTM achieves the lowest MSE and RMSE 

values among all tested models. The predicted 

values closely match the actual air quality 

measurements, demonstrating high accuracy. This 

highlights the effectiveness of deep learning 

approaches in handling complex environmental 

data. Overall, the combination of optimization 

techniques and advanced neural networks provides 

a powerful solution for accurate air quality 

prediction and supports better environmental 

decision-making. 

 

 

II. RELATED WORK 

 

1. Li et al., [2019] [1] Li et al., (2019) highlighted 

air pollution as a critical global concern that 

requires region-specific mitigation strategies rather 

than a one-size-fits-all solution. The study 

emphasized that pollution sources and 

environmental conditions vary significantly across 

different regions, making localized policies more 

effective. The authors discussed how 

industrialization, urbanization, and transportation 

contribute to rising pollution levels. They also 

pointed out the limitations of global agreements 

without strong local implementation. The paper 

stressed the importance of government intervention 

and public awareness in reducing emissions. It 

further suggested integrating scientific research 

with policymaking to achieve sustainable results. 

The authors concluded that collaborative efforts 

between nations and local authorities are essential 

for long-term environmental improvement. 

 

2. Han et al., [2018] [2] Han et al., (2018) 

proposed a Bayesian LSTM model to analyze and 

evaluate the impact of air pollution control 

regulations in China. The study combined deep 

learning with probabilistic modeling to improve 

prediction accuracy and uncertainty estimation. The 

model effectively captured temporal dependencies 

in pollution data while accounting for variability in 

environmental factors. The authors demonstrated 
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that their approach provides more reliable forecasts 

compared to traditional methods. They also 

evaluated policy effectiveness by analyzing 

changes in pollutant levels over time. The 

integration of Bayesian techniques allowed better 

interpretation of results and risk assessment. The 

study concluded that advanced hybrid models can 

support policymakers in designing effective 

environmental regulations. 

 

3. Bai et al., [2018] [3] Bai et al., (2018) presented 

a comprehensive overview of various air pollution 

forecasting techniques. The paper reviewed 

traditional statistical models as well as modern 

machine learning and deep learning approaches. It 

highlighted the advantages of data-driven models in 

handling complex and nonlinear relationships in 

environmental data. The authors compared methods 

such as regression, neural networks, and hybrid 

models. They also discussed the importance of data 

quality, feature selection, and model evaluation. 

The study emphasized that no single method is 

universally best, and model selection depends on 

the application context. The authors concluded that 

combining multiple techniques can enhance 

prediction performance and reliability. 

 

4. Chen et al., [2019] [13] Chen et al., (2019) 

developed a hybrid CNN-LSTM model for 

forecasting typhoon formation, demonstrating the 

effectiveness of combining spatial and temporal 

learning. The CNN component was used to extract 

spatial features from meteorological data, while the 

LSTM captured time-dependent patterns. The study 

showed that this hybrid approach significantly 

improved prediction accuracy compared to 

standalone models. The authors highlighted the 

importance of integrating multiple deep learning 

techniques for complex environmental phenomena. 

The model was tested on real-world datasets and 

produced promising results. The research also 

suggested that similar frameworks can be applied 

to air quality forecasting. The study concluded that 

hybrid deep learning models are powerful tools for 

environmental prediction tasks. 

 

5. Du et al., [2019] [14] Du et al., (2019) 

introduced a hybrid deep learning framework for 

air quality prediction using multiple neural network 

architectures. The study focused on improving 

forecasting accuracy by combining different 

models to capture both linear and nonlinear 

patterns. The authors utilized large-scale 

environmental datasets to train and evaluate the 

system. Their approach demonstrated superior 

performance compared to conventional machine 

learning techniques. The model was capable of 

handling complex temporal variations in pollutant 

concentrations. The study also emphasized 

scalability and adaptability for real-time 

applications. The authors concluded that hybrid 

deep learning frameworks are highly effective for 

accurate and efficient air quality forecasting. 

  

 

 

III. DATASET DETAILS 

 

The information utilized in this project comprises 

historical measurement of air quality gathered over 

time, with each record denoting environmental or 

academic conditions for a particular day. It 

encompasses various qualities, including 

particulate matter concentration (PM2.5, PM10), 

gaseous contaminants, and additional atmospheric 

indicators that affect air quality. The initial row of 

the dataset specifies the column headers, and the 

subsequent rows have numerical observations 

documented at consistent intervals. PM2.5 is 

chosen as the principal target variables for 

prediction due to its established significance as a 

critical indicator of pollution in the air and its direct 

influence on human health. The dataset includes 

temporal information, enabling the model to 

discern trends and patterns over time. Prior to the 

implementation of any computational methods, the 

dataset is meticulously analyzed to comprehend its 

organization, distribution, and the existence of any 

discrepancies or absent values. 

 

To guarantee dependable model performance, 

various preprocessing processes are implemented 

on the dataset. Missing values and anomalous 

readings (outliers) are addressed by interpolation 

methods and statistical measurements, including 

standard deviation, to ensure data consistency. The 

dataset is subsequently normalized to standardize 

the feature values into a consistent range, hence 

enhancing the efficiency and preciseness of 

machine learning algorithms. Subsequent to 

processing, the data is partitioned into input 

characteristics (X) and objectives (Y), enabling the 

model to forecast PM2.5 levels based on various 

environmental parameters. The dataset is divided 

into subsets for training and testing to objectively 

assess model performance. This organized 

preparation enables many algorithms, like SVM, 

GA-KELM, and BI-LSTM, to be trained and 

evaluated efficiently, guaranteeing that the results 

are both precise and applicable to unknown data. 

 

IV. PROPOSED METHODOLOGY 

 

Air quality forecasting is considered a critical issue 

in the early warning and management of air 

pollution. This research presents an innovative 

deep learning model for forecasting air quality, 

namely PM2.5, which captures the spatial-temporal 

correlation characteristics and interdependencies of 

multivariate air quality time series data through a 
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hybrid deep learning architecture. Owing to the 

nonlinear and dynamic properties of multivariate 

air quality duration series data, the foundational 

components of our model comprise single-

dimensional Convolutional Neural Networks (one-

dimensional CNNs) with Bidirectional Long Short-

Term Memory networks (Bi-LSTM), respectively. 

The former aims to extract local trend 

characteristics and spatial association features, 

while the latter focuses on learning spatial-temporal 

connections. We then develop a hybrid deep 

learning research framework that integrates one-

dimensional CNNs with Bi-LSTM for the shared 

representation feature learning of multifaceted air 

quality time series data. We perform 

comprehensive experimental assessments utilizing 

two real-world data sets, and the findings indicate 

that our model effectively addresses PM2.5 the 

impact of air pollution warning with satisfactory 

accuracy. 

 

1. Data Acquisition and Pre-processing 

This study utilized air quality other meteorological 

data obtained from publicly accessible sources, 

including OpenAQ, the U.S. the Environmental 

Protection Agency's (EPA), and regional 

surveillance agencies. The dataset comprised 

essential components (PM2.5, PM10, NO₂, CO, 

SO₂, O₃), meteorological variables (temperature, 

relative humidity, wind speed, pressure), including 

temporal data. Data pre-processing entailed 

cleansing the dataset by addressing missing values 

through interpolation methods, eliminating 

duplicates, and identifying outliers using statistical 

approaches. All variables that were continuous 

were standardized to a [0, 1] spectrum by Min-Max 

scaling to enhance the effective training of a neural 

network models. Temporal attributes such as hour, 

day, and monthly were extracted to elucidate 

seasonal and daily patterns. The sanitized data was 

further organized into temporal sequences enabling 

BiLSTM input, facilitating the model's acquisition 

of temporal dependencies, and ultimately divided 

into testing, training, and validation sets for 

modeling synthesis and assessment. 

 

2. Baseline Model: ELM-GA-BiLSTM 

Implementation 

To assess the efficacy of the hypothesized hybrid 

ELM-GA-BiLSTM methodology, a baseline model 

was established utilizing a conventional Long 

Short-Term Memory, or LSTM, neuronal network. 

LSTM is well-suited for time series forecasting due 

to its ability to learn long-term dependencies in 

sequential data. The predefined model using LSTM 

was trained on the identical preprocessed dataset, 

utilizing sequences of the past AQI and 

meteorological observations as input, with the 

subsequent AQI value as the objective. The model 

architecture comprised one or two LSTM layers 

succeeded by a dense outputs layer, utilizing Mean 

Squared Error, or MSE, as the loss estimating 

function and an Adam optimization algorithm for 

training. This baseline acts as a benchmark to 

evaluate the enhancements in accuracy, academic 

robustness, and predictive capability resulting from 

the incorporation of Genetic algorithmic techniques 

and the BiLSTM-augmented Extreme Learning 

Machine. in the proposed methodology. 

 

3. Proposed Model: ELM, GA, BiLSTM. 

The suggested model amalgamates the advantages 

of Extreme Learning Mechanism (ELM), Genetic 

Algorithms (GA), & Bidirectional Using Long 

Short-Term Memory (BiLSTM) systems to create a 

hybrid architecture designed to enhance the 

precision and efficacy of AQI forecasting. The 

ELM is initially utilized for its swift learning 

capability, wherein input biases as well as weights 

are randomly allocated, and output weights are 

computed analytically. To mitigate ELM's 

susceptibility to random the beginning, a Genetic 

Algorithm is employed to improve these 

parameters, hence enhancing the model's stability 

overall generalization efficacy. Upon optimization, 

the output features obtained from the tuned GA 

ELM are input into a BiLSTM academic network, 

which analyzes the data in forwards as well as 

backwards temporal orientations to adeptly grasp 

intricate dependencies in the corresponding time 

series. This combination of the ELM-GA-BiLSTM 

model integrates rapid learning, sophisticated 

optimization, an and profound temporal 

comprehension, providing a resilient approach for 

forecasting forthcoming AQI values based on 

recent pollutant and weather information. The 

ultimate result is a more precise AQI forecast, 

assessed by conventional measures including MAE, 

RMSE, MAPE, along with R² to verify the model's 

efficacy. 

 

 

4. System Architecture Diagram 
The architecture of the complete system, from data 

input to final prediction, is illustrated in the 

diagram below: 

 
 

Figure 1: Workflow of proposed System 
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5. Evaluation and Visualization 
The models undergo instruction and evaluation 

with identical dataset partitions. The accuracy, 

training duration, confusion matrix, as well as 

learning curves of each model are compared. The 

technology facilitates graphical comparison using 

bar graphs as line plots that depict accuracy over 

epochs with model performance across multiple 

criteria. 

The Tkinter-based GUI offers users buttons for 

data upload, model training, and prediction 

execution, facilitating a smooth and engaging 

experience. Users can observe anticipated activity 

indicators for test inputs instantaneously. 

 

6. Model Comparison 

 

Table 1: Model Comparison 

 

Model 
Accurac

y (%) 

Precisio

n (%) 

Recall 

(%) 

FMeasu

re (%) 

SVR 78.5 76.2 74.8 75.5 

GA-

KELM 
84.3 83.1 82.5 82.8 

BILST

M 
88.9 87.5 88.1 87.8 

 

 

A thorough comparison was performed to evaluate 

the efficacy of the suggested hybrid forecasting 

method among three types of models: Support 

Vector Regression (SVR), Genetic Algorithm-

optimized Kernel Extreme Learning Machine (GA-

KELM), with Bidirectional Long Short-Term 

Memory (BiLSTM). The models were assessed 

utilizing both classification and regression 

performance indicators. In the analysis of 

regression context, BiLSTM surpassed the other 

models, exhibiting the minimum Root Mean 

Square Error (RMSE) with Mean Absolute Error 

(MAE), along with the greatest R² value, so 

illustrating its superior capacity to grasp intricate 

temporal correlations in AQI data. GA-KELM 

demonstrated robust performance attributable to its 

optimization by genetic algorithms, providing an 

effective equilibrium between training velocity and 

predictive precision. SVR, although 

computationally efficient, underperformed relative 

to the other two models, especially in long-term 

predicting tasks. 

 

   V.RESULT AND DISCUSSION 

 

This section presents and analyzes the experimental 

results obtained from implementing and evaluating 

three different deep learning models: the baseline 

CNN2D model, the proposed Multiscale CNN 

(MCNN) model using 3DCNN, and the Hybrid 

Extension Model integrating CNN, GRU, and 

Bidirectional RNN. All models were trained and 

tested using the UCI HAR Dataset, which includes 

six distinct human activities captured via 

smartphone sensors. 

 

1. Accuracy Comparison 

To assess the predictive efficacy of the suggested 

Genetics Algorithms-Enhanced Extreme Learning 

Machines (GA-ELM) in conjunction using 

Bidirectional LSTM (BiLSTM), they contrasted its 

performance with various established models. This 

encompasses Standard Extreme Learning Machine 

(ELM), Support Vector Regression (SVR), 

Random Forest (RF), Long Short-Term Memory 

(LSTM), Bidirectional LSTM (BiLSTM) 

independently, and Genetic Algorithm-Enhanced 

ELM (GA-ELM) excluding BiLSTM. The models 

were trained and evaluated on historical air quality 

datasets, with their accuracy measured using 

conventional regression metrics including Mean 

Absolute Error (MAE), Root Mean Squared Error 

(RMSE), Mean Absolute Percentage Error 

(MAPE), plus the value of the coefficient of 

determination (R² score). 

The findings indicated the fact that the GA-ELM + 

BiLSTM models surpassed all baseline models 

across all metrics. It attained a minimum MAE at 

6.58, RMSE of 10.21, with MAPE of 4.88%, and a 

R² score of 0.96. These values signify a model with 

exceptional accuracy and superior generalization 

ability. In comparison to the independent BiLSTM 

model, the hybrid method achieved a greater 

reduction in error rates owing to the appropriate 

weight as well as bias initialization facilitated using 

the Genetic Algorithm implemented within the 

ELM module. This indicates that the collaboration 

between genetic optimization as well as profound 

temporal learning markedly improves prediction 

accuracy for forecasting time-dependent air quality 

indices. 
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Figure 2: Bar graph of BI-LSTM, GA-KELM, 

SVR models. 

 

2. Training Complexity Analysis 

The GA-ELM + BiLSTM model, while providing 

enhanced accuracy, incurs increased computational 

complexity for two primary reasons. The Genetic 

Algorithm (GA) necessitates numerous iterations of 

population creation, fitness assessment, and genetic 

operations such as crossover and mutation to 

achieve ideal Extreme Learning Machine (ELM) 

parameters. Secondly, BiLSTM possesses more 

computational requirements than normal LSTM 

owing to its bidirectional computational 

architecture, which analyzes sequences of inputs in 

both forward as well as reverse orientations. The 

GA-ELM + BiLSTM model necessitated roughly 

49.4 seconds for training, markedly exceeding the 

training times of the ELM (2.1 seconds), SVR (4.3 

seconds), as well as LSTM (16.2 seconds) models. 

Nonetheless, this elevated training expense 

represents a trade-off for enhanced performance. 

The hybrid model's derived inference time remains 

efficient post-training, rendering it suitable for real-

time the quality of air monitoring applications. 

Despite the increased training difficulty, the 

enhancement in prediction accuracy renders the 

suggested method a valuable solution for precise 

and dependable AQI forecasting. 

3. Line graph 

The line graph illustrates the comparison between 

real and expected PM10 the condition of the air 

values utilizing the SVR model for air quality 

forecasting. The graphic illustrates that the red line 

denotes the primary air quality measurements, but 

the green line reflects the predictions made by the 

SVR model. While the SVR model partially 

captures the overarching trend, substantial 

variations and deviations underscore its restricted 

accuracy and generalization capacity. This 

underscores the impetus for embracing more 

sophisticated hybrid methodologies such as GA-

ELM and BiLSTM to enhance predictive efficacy. 

.  

 

(a) 

 
 

(b) 

 

 
 

(c) 

 

Figure 3: Line graph of SVR, GA-KELM, BI-

LSTM. 

 

DISCUSSION 

 

This study integrates Extreme Learning Machines 

(ELM), Genetic Algorithms (GA), plus 

Bidirectional Long Short-Term Memory (BiLSTM) 

networks to enhance the accuracy of air quality 

index (AQI) predictions. ELM provides a rapid and 

effective method for capturing nonlinear 

interactions in AQI data; nevertheless, its efficacy 

is significantly influenced by appropriate 

hyperparameter selection. Genetic Algorithms 

(GA) are employed to enhance the parameters of 

Extreme Learning Machines (ELM), hence 

enhancing prediction accuracy through the 

exploration of a broad spectrum of alternative 

solutions. The BiLSTM networks is utilized to 

incorporate both past and projected temporal 

relationships in the data, hence improving AQI 

forecasts by acknowledging the bidirectional 

characteristics of air quality variations. This hybrid 

methodology capitalizes on the advantages of each 

strategy, resulting in enhanced and accurate 

predictions of the quality of air levels. 
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VI. CONCLUSION 

 

The economic development achieved by the 

country through rapid urbanization is polluting the 

environment in an alarming way and putting 

people’s lives in danger. Therefore, a correct 

analysis and accurate prediction of air quality 

remains a primary condition to achieve the 

objective of sustainable development. This paper 

focuses on the problem of prediction model design, 

and investigates the problems related to the 

optimization of the model parameters. A GA-

KELM model is designed, implemented, and 

tested. It is experimentally proven to be more 

efficient than the classical shallow learning and can 

effectively explore and learn the interdependence 

of multivariate air quality correlation time series 

such as temperature, humidity, wind speed, SO2, 

and PM10. Therefore, the GA-KELM model 

developed in this study can be used to provide 

valuable support to vulnerable groups and trigger 

early warning of adverse air quality events. 

However, there are still areas for further 

investigation and improvement. In recent years, 

numerous advanced algorithms and optimization 

methods based on genetic algorithms and 

population intelligence have emerged. Therefore, 

future research should explore the underlying 

significance and value of combinatorial intelligence 

optimization algorithms such as the Limit Learning 

Machine. Additionally, the issue of manually 

setting the number of hidden layer nodes in the 

optimal Limit Learning Machine. Although the 

Dynamic Extreme Learning Machine (DELM) 

algorithm offers adaptive determination of hidden 

layer nodes without human intervention, further 

work should be dedicated to this aspect. Moreover, 

to enhance the accuracy and validity of air quality 

measurement and assessment, it is crucial to 

integrate pollutant emission factors and 

meteorological factors into the evaluation system. 

This integration will enable a more precise and 

comprehensive evaluation of air quality. In 

conclusion, our study highlights the significance of 

the GA-KELM model in predicting air quality. We 

have addressed the optimization challenges and 

demonstrated its superiority over traditional 

methods. However, there is still room for 

improvement and further research. Future studies 

should delve into advanced optimization algorithms 

based on genetic algorithms and population 

intelligence, explore the potential of the Limit 

Learning Machine, and strive for adaptive 

determination of hidden layer nodes. Furthermore, 

the integration of pollutant emission factors and 

meteorological factors into the evaluation system 

will advance the accuracy and reliability of air 

quality measurement and assessment. 
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