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Abstract Air pollution remains one of the most critical environmental challenges of the

21st century, with severe implications for public health and urban sustainabil-

ity. To address the need for accurate and timely air quality forecasting, this

study introduces DeepBiGRULSTM, a hybrid deep-learning framework that

integrates Bidirectional Gated Recurrent Units (Bi-GRU) with long short-term

memory (LSTM) networks. The model leverages both real-time Nowcast and

raw concentration values to enhance the reliability of short-term predictions.

Using a comprehensive historical dataset from the U.S. Dhaka consulate, incor-

porating pollutant and meteorological variables, we benchmarked the proposed

model against established architectures. such as GRU, LSTM, and Temporal

Convolutional Networks (TCN). Experimental results demonstrate that Deep-

BiGRULSTM consistently outperforms the baselines, achieving the lowest er-

rors with an RMSE of 0.4976 on the training set and 0.7548 on the test set.

A key contribution of this work is its integration into a mobile application, pro-

viding real-time air quality updates and early warnings across Bangladesh. Be-

yond forecasting, the system supports health advisory services and can inform

public policy on environmental management. Overall, this research delivers a

practical and high-precision framework for air quality monitoring, with direct

relevance to sustainable urban development and public health protection.
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1. Introduction

Rapid industrial expansion and urban growth have markedly degraded ambient air

quality, with significant consequences for human health and overall well-being. De-

teriorating air conditions have become a global public-health challenge, as emissions

from transportation systems, industrial production, and densely populated settle-

ments contribute to premature mortality on a massive scale. Recent epidemiological

studies identify fine particulate matter as one of the top global-risk factors for mor-

tality, with approximately 4.2 million premature deaths annually attributed to its

exposure.

Urban centers worldwide are especially vulnerable, where the intensification of

industrial processes and urbanization has amplified pollution levels. Bangladesh pro-

vides a critical case study in this regard. Dhaka, home to over 20 million inhabi-

tants [28], exemplifies the severe challenges of rapidly expanding cities. According to

World Health Organization (WHO) assessments, Bangladesh ranked second globally

in terms of poor air quality in 2021 [17]. With a national population of around 165

million, and more than one-third already residing in cities, demographic forecasts

suggest that the proportion of urban dwellers will grow substantially if current de-

velopment trajectories continue [14]. The degradation of air quality in metropolitan

areas is fueled by multiple drivers, including the expansion of motorized transport,

industrial emissions, accelerated urban sprawl, and persistent reliance on traditional

biomass fuels.

Given this context, accurate forecasting of air quality [32] has become an essen-

tial tool for environmental protection and public health policy [2]. Predictive systems

enable evidence-based decision making for emission regulation, as well as the estab-

lishment of early warning mechanisms to safeguard vulnerable populations. To meet

these needs, many urban regions have installed real-time monitoring infrastructures

capable of measuring pollutants such as PM2.5 and related atmospheric variables [10].

For instance, Rahman et al. (2024) introduced AirNet, a web-based platform capable

of delivering real-time forecasts for over 23,000 cities using machine learning tech-

niques, including Random Forest and decision tree, which demonstrated strong pre-

dictive performance [25]. Despite these advances, the accurate and timely detection

of fluctuations in PM2.5 concentrations remains a fundamental technical challenge for

forecasting models.

Air pollution exerts adverse effects across both short- and long-term exposure

windows, disproportionately affecting sensitive groups such as children and the el-

derly [18]. Acute episodes are linked to respiratory irritation, headaches, and allergic

responses, while chronic exposure can result in cardiovascular disease, neurological

impairment, cancer, and long-term respiratory illness [23]. Addressing these health

impacts requires robust modeling approaches capable of capturing the complex, dy-

namic interactions between environmental and anthropogenic factors.

Research on air quality prediction has drawn from both statistical and machine

learning paradigms. Early studies relied on regression-based models such as Lasso,
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Ridge, and ElasticNet, alongside tree-based methods. including gradient boosting,

decision trees, and Random Forests [6]. With advances in deep learning, however,

more sophisticated architectures have been developed, including recurrent neural net-

works (RNNs), convolutional LSTMs, one-dimensional CNNs, Bidirectional GRUs,

and transfer learning-based BLSTMs [7]. These models have shown superior per-

formance in capturing temporal dependencies in time series data. Building on this

trajectory, our study employs a novel hybrid approach that combines long short-term

memory (LSTM) networks with Bidirectional GRUs to enhance predictive accuracy

and robustness for air-quality index (AQI) estimation.

This research therefore contributes an integrated framework for air quality moni-

toring and forecasting, leveraging advanced deep -learning methods to address a press-

ing global concern. The proposed DeepBiGRULSTM model is rigorously validated

against multiple baselines and deployed within a mobile application to provide real-

time updates and early warnings across Bangladesh. Beyond forecasting, the system

supports timely interventions and facilitates the identification of pollution sources,

offering practical value for environmental governance and public health protection.

The primary contributions of this study can be summarized as follows:

• We propose DeepBiGRULSTM, a hybrid deep-learning architecture that inte-

grates LSTM and Bidirectional GRU layers to capture both long-term depen-

dencies and bidirectional temporal patterns in air quality data.

• A comprehensive evaluation conducted using a large-scale data set from the U.S.

Dhaka consulate incorporating meteorological and pollutant information, with

rigorous comparisons against GRU, LSTM, and TCN baselines.

• The proposed model achieves state-of-the-art predictive accuracy, with an RMSE

of 0.4976 (train) and 0.7548 (test), outperforming existing approaches.

• The model is integrated into a user-friendly mobile application, providing real-

time air quality updates and early warning capabilities for Bangladesh.

• Beyond predictive accuracy, the system demonstrates practical utility by support-

ing public-health decision making and aiding in the identification of key factors

driving pollution.

2. Background

2.1. Air quality index

The air quality index (AQI)—sometimes referred to as the air pollution index (API)

or pollutant standard index (PSI)—is a unified framework used internationally to

communicate the condition of ambient air relative to prescribed national thresholds.

By combining measurements of multiple pollutants into a single indicator, the AQI

provides a convenient summary of overall air quality. It serves both as a snapshot

of present conditions and as a short-term predictor of potential pollution risks. Im-

portantly, the AQI highlights the health implications of exposure to contaminated
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air, particularly those that may appear within a few hours or days, thus offering the

public an accessible metric for safeguarding health.

To overcome the limitations of traditional AQI calculations, which are typically

based on 24-hour averages that may obscure sudden fluctuations, the U.S. Environ-

mental Protection Agency (US-EPA) developed the Nowcast method [26]. This ap-

proach prioritizes the most recent 12 hours of pollution data, placing greater emphasis

on current readings, thereby making the index more sensitive to abrupt changes in

pollution levels. The Nowcast methodology is particularly relevant for fine particu-

late matter (PM2.5), in which short-term variability can significantly influence health

outcomes.

For AQI estimation, the following variables are considered:

AQI : Air Quality Index

PM2.5 : Particulate Matter 2.5

NowCast Concentration : Predicted concentration of PM2.5

Raw Concentration : Observed concentration of PM2.5

PM2.5IAQI low : Lower limit of the PM2.5 IAQI range

PM2.5IAQI high : Upper limit of the PM2.5 IAQI range

AQIhigh : Upper bound of the AQI scale

AQIlow : Lower bound of the AQI scale

The AQI is determined using three conditional cases:

1. If the raw PM2.5 concentration is below the lower threshold:

AQI = 0 if Raw Concentration < PM2.5IAQI low (1)

2. If the raw PM2.5 concentration lies between the lower and upper thresholds:

AQI =
NowCast Concentration− PM2.5IAQI low

PM2.5IAQI high − PM2.5IAQI low
× (AQIhigh −AQIlow)+AQIlow

(2)

3. If the Nowcast concentration exceeds the upper threshold:

AQI = AQIhigh if NowCast Concentration > PM2.5IAQI high (3)

2.2. Air quality assessment

Designing effective mitigation strategies requires systematic monitoring and evalua-

tion of ambient conditions. The AQI integrates information on five key pollutants:

carbon monoxide (CO), nitrogen dioxide (NO2), sulfur dioxide (SO2), ozone (O3), and

particulate matter (PM2.5). In Bangladesh, which serves as our case study, regulatory

frameworks are guided by the National Ambient Air Quality Standards (NAAQS).

These standards define scientifically established threshold values intended to safe-

guard both the environment and public health. Table 1 provides the regulatory limits

and associated averaging periods for the major pollutants of concern.
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Table 1
Regulatory Pollutant Thresholds and Averaging Times Under NAAQS

Pollutant Limit Value Averaging Time

CO 10 mg/m3 8 hours

40 mg/m3 1 hour

Pb 0.5 µg/m3 Yearly

NOx 100 µg/m3 Yearly

PM10 50 µg/m3 Yearly

150 µg/m3 24 hours

PM2.5 15 µg/m3 Yearly

65 µg/m3 24 hours

O3 235 µg/m3 1 hour

157 µg/m3 8 hours

SO2 80 µg/m3 Yearly

365 µg/m3 1 day

3. Literature review

Forecasting urban air quality has evolved from conventional statistical regression to

deep-learning architectures that better capture temporal and spatiotemporal depen-

dencies. This section synthesizes recent work across five themes: (1) classical and en-

semble machine learning, (2) recurrent and hybrid deep networks, (3) transfer learning

and multi-resolution modeling, (4) topology-aware graph methods, and (5) exogenous

factors, interpretability, and nontraditional sensing. We conclude with the research

gap motivating our hybrid BiGRU–LSTM design.

3.1. Classical and ensemble machine learning

Early approaches relied on linear and tree-based models to learn relationships between

pollutant concentrations and meteorological covariates. For example, a multitask

learning (MTL) framework with structured regularization demonstrated that appro-

priate parameter sharing can simultaneously reduce model complexity and improve

forecasts, using hourly data from two stations and RMSE as the primary metric [5,11].

City-scale comparisons in Delhi further indicated that ensemble learners –including

Random Forest (RF), eXtreme Gradient Boosting (XGB), AdaBoost, and KNN – of-

ten outperform simpler linear baselines across MAE, RMSE, and R2 [8]. A two-stage

pipeline combining ANN for short-horizon forecasting with SVM for categorical AQI

assessment reported high accuracies when evaluated on multi-site data [16].

3.2. Recurrent and hybrid deep networks

Deep-sequence models have consistently improved PM2.5/AQI predictions by learning

longer-range temporal patterns. Evaluations on the UCI Beijing data set showed that

LSTM/GRU variants outperform regression baselines, with a convolutional BiGRU
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(CBGRU) variant achieving the lowest RMSE, MAE, and SMAPE among compared

models [3, 19]. At larger scales, CNN–LSTM hybrids surpassed classical time-series

baselines such as SARIMA on Beijing AQI, reflecting the benefit of joint feature

extraction and sequence modeling [31]. Beyond off-the-shelf architectures, studies

continue to propose tailored hybrids for specific spatiotemporal characteristics and

pollutant targets [9, 24].

3.3. Transfer learning and multi-resolution forecasting

Temporal aggregation can degrade accuracy if models fail to preserve short-term

variability. A BLSTM with transfer learning reduced RMSE by 36.85% (daily) and

42.58% (weekly) on Guangdong monitoring data, and used IDW interpolation to

visualize residuals across space [15]. These results suggest that knowledge transfer

across resolutions and locations can stabilize performance when data are sparse or

heterogeneous.

3.4. Topology-aware and graph-based modeling

Air-quality monitoring networks (AQMN) exhibit spatial autocorrelation and net-

work effects. A residual GCN with BiLSTM (Res-GCN-BiLSTM) aligned with these

properties, reducing MAE by ∼11% for NO2 and 17% for O3 in Shanghai by fusing

topology, auxiliary pollutants, and meteorology [30]. Complementarily, a Bayesian

GraphGRU with GraphSAGE (BGGRU) improved PM2.5 forecasts in Beijing by

jointly modeling spatial neighborhoods and temporal dynamics [13]. Such results

highlight the utility of graph signal processing for regional prediction.

3.5. Exogenous factors, interpretability, and nontraditional sensing

Accounting for exogenous shocks and interpretability requirements is increasingly im-

portant. A deep model incorporating spatial autocorrelation quantified COVID-19

lockdown effects in Wuhan and Shanghai, cutting forecast error by up to 67% and

isolating intervention impacts [33]. A variational Bayesian GRU improved variable se-

lection while retaining forecast skill, providing interpretable posterior summaries [12].

Beyond station data, hyperspectral imaging combined with deep learning achieved

85.93% accuracy in classifying pollution levels, showing promise for scalable, low-

cost sensing [20]. Bibliometric analyses further document the post-2017 rise of deep

learning for PM2.5 and AQI tasks, and the COVID-19 shift in time-series forecasting

priorities [21].

3.6. Process-oriented and neuro-fuzzy pipelines

Process-driven systems have explored optimization and soft computing. An

SCC/GA/PSO/PCA/Neuro-Fuzzy pipeline, evaluated in Tianjin, Kaohsiung, and

Bogotá, demonstrated consistent MAE reductions from PCA across PM2.5, PM10,

and O3, while ARIMA remained competitive for specific horizons and pollutants [34].
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3.7. Synthesis and research gap

Table 2 consolidates methods, data sets, targets, and headline results from the rep-

resentative literature discussed above.

Across methods, three limitations recur. First, many models optimize for either

short-horizon responsiveness or multi-resolution stability, but not both; few explic-

itly integrate real-time Nowcast with raw concentrations to retain sensitivity to rapid

shifts while preserving calibration. Second, unidirectional sequence models can miss

anticipatory cues present in future context, whereas bidirectional encoders remain

underused in operational AQI forecasting. Third, deployment and external valid-

ity are often secondary: comparatively few systems demonstrate end-to-end integra-

tion that spans model training, baseline benchmarking, and public facing delivery at

city/megacity scale in South Asia.

Motivated by these gaps, our work develops a hybrid BiGRU–LSTM architecture

that (1) fuses ¡ and raw concentration streams, (2) captures both long-range memory

and bidirectional temporal structure, (3) is validated against strong baselines (GRU,

LSTM, TCN), and (4) is delivered through a mobile application for real-time early

warnings in Bangladesh.

4. Research methodology

The methodological framework of this study consists of four major phases: data collec-

tion, data preparation, deep-learning model development, and evaluation (Figure 1).

Each phase is designed to ensure that the proposed model is trained on reliable data,

optimized effectively, and validated against strong baselines.

Data Collection
- Air Quality Index 
(US-Consulate Dhaka)

Data Preparation
-Raw data to structured data
- Handling Missing Values
- Prepare data as per the 
requirements of the Deep 
Learning Models

Deep Learning Algorithms
- LSTM. GRU, Bi GRU, TCN, Proposed 
Model

Evaluation
- Performance Evaluation 

Figure 1. Phases of the Research Methodology
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4.1. Data collection

Data were obtained from the U.S. consulate in Dhaka [1]. The data set contains 53,355

records in eight attributes, four of which are numerical and the remainder categorical.

Some negative values were identified in the numerical attributes, necessitating prepro-

cessing before further use. The data set provides both raw pollutant concentrations

and derived indicators, enabling the construction of a forecasting pipeline.

4.2. Data preparation

Data preparation began by removing invalid AQI entries (e.g., negative values) and

renaming attributes for consistency. Figure 2 outlines the workflow for intelligent

AQI forecasting. Irrelevant attributes such as Hour, AQI Category, QC Name, and

Conc. Unit were excluded to minimize noise.

The predictors were defined as Nowcast and RawConc., while AQI was treated

as the target variable. A min–max scaling procedure was applied to normalize inputs

into a consistent range, improving convergence stability during training. Data were

then reshaped into a three-dimensional tensor to fit the sequential requirements of

neural networks. Each tensor instance preserved the temporal relationship between

the selected features. These steps ensured the data set was both statistically reliable

and structurally suitable for deep learning.

4.3. Deep-learning approach

Four sequential deep-learning architectures were employed: LSTM, GRU, Bi-GRU,

and TCN. Each was trained on the processed data set and evaluated using Root Mean

Square Error (RMSE), mean absolute error (MAE), and mean absolute percentage

error (MAPE). All implementations were carried out in Python (v3.9). The workflow

is summarized in Algorithm 1.

Algorithm 1 Data Processing and Model Evaluation

1: Load AQI data set

2: Apply preprocessing (cleaning, scaling, reshaping)

3: Split data set into training and testing subsets

4: for each model in {LSTM, GRU, Bi-GRU, TCN} do

5: Train using stratified K-fold validation

6: end for

7: Evaluate models on test set

8: Compute RMSE, MAE, and MAPE

4.3.1. Gated Recurrent Unit (GRU)

The GRU is a recurrent neural network variant optimized for sequential learning

[29]. It uses gating mechanisms to manage information flow. The reset gate discards

irrelevant past information, while the update gate balances new and historical signals.
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Figure 2. Workflow for air quality forecasting

The hidden state (hp) evolves by integrating candidate updates, enabling efficient

sequence modeling with fewer parameters than traditional LSTMs. GRUs are well-

suited for time-series AQI prediction when computational efficiency and accuracy are

both critical.
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4.3.2. Temporal Convolutional Network (TCN)

The TCN [27] is a convolutional architecture designed for sequence modeling. It

employs dilated causal convolutions, allowing the model to capture long-range tem-

poral dependencies without recursion. Batch normalization stabilizes training, while

ReLU introduces nonlinear feature learning [4]. The model is trained using the Adam

optimizer with MSE loss, yielding stable regression performance for AQI forecasting.

4.3.3. Long Short-Term Memory (LSTM)

The LSTM extends RNNs with gates controlling memory flow [25]. The forget gate

removes irrelevant past states, the input gate regulates new data entry, and the output

gate determines what information is propagated forward. In this study a two-layer

LSTM was implemented: the first with 128 units and the second with 64 units, both

with L2 regularization. A final dense layer produced the continuous AQI output.

Training used Adam optimization with MSE loss

4.3.4. Proposed BiGRU–LSTM architecture

The proposed DeepBiGRULSTM architecture integrates long short-term memory

(LSTM) and bidirectional gated recurrent unit (Bi-GRU) layers to achieve precise

air-quality index (AQI) predictions using Nowcast and raw concentration data. This

hybrid model leverages the strengths of LSTM for capturing long-term dependencies

and Bi-GRU for modeling bidirectional temporal relationships, while L2 regulariza-

tion is used to prevent overfitting. The architecture is designed to process sequential

input data and output a single continuous AQI value, making it suitable for real-time

air quality forecasting.

Model Architecture:

• Input layer: Accepts a 3D tensor X of shape (batch size, time steps, features),

where the features are Nowcast and RawConc.

• LSTM layer: 128 units with ReLU activation, configured to return sequences.

L2 regularization (λ = 0.001) is applied to reduce overfitting.

• Bidirectional GRU layer: 64 units with tanh activation, processing sequences

in both forward and backward directions.

• Output layer: A dense layer with a single linear neuron producing the predicted

AQI value, AQIpred.

Mathematical Formulation:

LSTM layer. Let X = {X1, X2, . . . , XT } represent the input sequence, where

Xp ∈ R2 is the input vector at time step p (Nowcast, RawConc).
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The LSTM computes hidden states hLSTM
p and cell states Cp:

fp = σ(Wf · [hLSTM
p−1 , Xp] + bf ), (4)

ip = σ(Wi · [hLSTM
p−1 , Xp] + bi), (5)

gp = tanh(Wg · [hLSTM
p−1 , Xp] + bg), (6)

Cp = fp · Cp−1 + ip · gp, (7)

op = σ(Wo · [hLSTM
p−1 , Xp] + bo), (8)

hLSTM
p = op · tanh(Cp), (9)

where σ denotes the sigmoid activation. The output sequence is HLSTM =

{hLSTM
1 , . . . , hLSTM

T }.
Bidirectional GRU layer. The Bi-GRU processes HLSTM in both forward and

backward directions.

Forward pass:

rfp = σ(W f
r · [hf

p−1, h
LSTM
p ] + bfr ), (10)

zfp = σ(W f
z · [hf

p−1, h
LSTM
p ] + bfz ), (11)

gfp = tanh(W f
g · [rfp · hf

p−1, h
LSTM
p ] + bfg ), (12)

hf
p = (1− zfp ) · h

f
p−1 + zfp · gfp . (13)

Backward pass:

rbp = σ(W b
r · [hb

p+1, h
LSTM
p ] + bbr), (14)

zbp = σ(W b
z · [hb

p+1, h
LSTM
p ] + bbz), (15)

gbp = tanh(W b
g · [rbp · hb

p+1, h
LSTM
p ] + bbg), (16)

hb
p = (1− zbp) · hb

p+1 + zbp · gbp. (17)

Concatenation:

hBi-GRU
p = [hf

p , h
b
p]. (18)

Output layer. The AQI prediction is generated by a dense layer:

AQIpred = Wout · hBi-GRU
T + bout, (19)

where Wout and bout are the weights and bias.

Rationale This hybrid architecture combines the LSTM’s capacity to capture

long-term sequential dependencies with the Bi-GRU’s ability to model bidirectional

temporal patterns. ReLU activation in the LSTM enhances nonlinear feature learn-

ing, while tanh activation in the Bi-GRU ensures stable gradient propagation. L2

regularization prevents overfitting, and the linear dense output layer ensures suit-

ability for regression tasks. Experimental results confirm that this design provides

superior accuracy and generalization compared to standalone LSTM or GRU models.

ression at the output ensures a continuous AQI forecast.
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4.4. Evaluation

The final phase of the methodology involves assessing the predictive performance of

the deep-learning models trained in the previous stage. Model evaluation was car-

ried out using three widely adopted regression metrics: Root Mean Square Error

(RMSE), mean absolute error (MAE), and mean absolute percentage error (MAPE).

These measures collectively capture error magnitude, robustness to outliers, and rel-

ative accuracy, providing a comprehensive basis for comparison. The best-performing

variant of each algorithm was selected based on these criteria, and the results were

consolidated into a comparative table for systematic analysis prior to deployment.

RMSE quantifies the square root of the average squared difference between ob-

served and predicted values, thus penalizing larger deviations more strongly. This

sensitivity to outliers is expressed as:

RMSE =

√√√√ 1

m

m∑
j=1

(yactual,j − ypred,j)2, (20)

where m is the total number of instances, yactual,j the ground truth, and ypred,j the

model output.

MAE provides the average magnitude of deviations, independent of direction.

Unlike RMSE, it treats all errors linearly, making it less sensitive to extreme values:

MAE =
1

m

m∑
j=1

|yactual,j − ypred,j | . (21)

Together, these metrics provide complementary perspectives: RMSE emphasizes

large deviations, MAE offers interpretable average errors, and MAPE contextualizes

accuracy in percentage form. This multi-metric approach ensures a robust appraisal

of each model’s forecasting capability.

5. Experimental results and analysis

The predictive performance of the deep-learning models was assessed using Root Mean

Square Error (RMSE; Equation 20) and mean absolute error (MAE; Equation 21).

The models were evaluated on both training and test data sets, with the test set

serving as the basis for validation.

5.1. Dataset structure and quality

To establish an initial understanding of the data set a structural overview was con-

ducted, focusing on its size, completeness, and quality. These characteristics are es-

sential for identifying potential preprocessing needs before applying predictive models.

The data set consists of 53,355 observations across eight variables. Approximately

11.5% of the entries are missing, but no duplicate records were found, indicating that
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redundancy does not present a concern for subsequent analysis. Table 3 summarizes

the key structural properties of the data set.

Table 3
Data Set Structure and Quality Overview

Property Value

Number of variables 8

Number of observations 53,355

Missing values 55,213

Percentage of missing values 11.5%

Duplicate records 0

Exploratory data analysis further revealed notable relationships among variables.

Figure 3 presents a correlation heat map, showing that both Nowcast concentration

and raw concentration are strongly correlated with the air quality index (AQI). These

findings support the decision to adopt Nowcast concentration and raw concentration

as predictor variables, with AQI designated as the target output.

Figure 3. Correlation heat map of the variables
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5.2. Data preparation for model training

Following the structural assessment of the data set, several preprocessing steps were

undertaken to ensure data quality and suitability for model development. The data

set was first cleaned to address issues related to missing values and then partitioned

into training and testing subsets for model evaluation.

The data set contained approximately 11.5% missing values across its variables.

Since missing entries can bias model performance and reduce predictive accuracy,

a systematic cleaning strategy was applied. Negative or invalid pollutant concentra-

tions were removed, as such values are physically implausible. For remaining missing

entries imputation methods were considered. In this study, rows with critical missing

values in the target variable (AQI) were discarded to preserve data integrity, while

missing values in predictor variables were replaced using mean imputation for numer-

ical attributes and mode imputation for categorical attributes.

To evaluate the predictive performance of the models, the processed data set was

partitioned into training and testing sets using an 80:20 ratio. The training set, com-

prising 80% of the observations, was used to fit the models, while the remaining 20%

was reserved for independent testing. This split ensures that the trained models are

evaluated on unseen data, thereby providing a realistic measure of their generalization

capability. Stratified sampling was employed to maintain proportional representation

of air quality index (AQI) levels across both subsets.

5.3. Performance on training data

Table 4 presents the results obtained on the training data set. Among the mod-

els, Bi-GRU and the proposed BiGRU–LSTM achieved the lowest error values, with

BiGRU–LSTM slightly outperforming Bi-GRU in RMSE. LSTM also demonstrated

competitive performance, while GRU and TCN exhibited relatively higher error val-

ues.

Table 4
Model Performance on Training Data Set

Model MAE RMSE

GRU 0.8196 1.1741

TCN 3.0253 2.3667

LSTM 0.6631 2.0480

Bi-GRU 0.3458 0.5646

BiGRU–LSTM 0.3615 0.4976

5.4. Performance on test data

The evaluation on the test data set, which validates model generalization, is summa-

rized in Table 5. LSTM achieved the lowest MAE, while BiGRU–LSTM attained the

lowest RMSE, confirming its ability to balance accuracy and stability. TCN again

underperformed compared to the recurrent models, producing the highest errors.
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Table 5
Model Performance on Test Dataset

Model MAE RMSE

GRU 0.8178 1.1741

TCN 3.0253 3.6127

LSTM 0.4206 0.8914

Bi-GRU 0.4633 0.8699

BiGRU–LSTM 0.4698 0.7548

5.5. Performance analysis

The comparative results reveal clear trends across the evaluated models. GRU showed

moderate performance but struggled to achieve low error values relative to its variants.

TCN consistently underperformed on both training and test sets, indicating limited

suitability for this application.

LSTM delivered strong results on both training and test datasets with low MAE,

demonstrating its effectiveness in capturing temporal dependencies. However, Bi-

GRU and BiGRU–LSTM provided superior overall accuracy. The Bi-GRU achieved

the lowest MAE on the training set, while BiGRU–LSTM consistently produced the

lowest RMSE across training and test sets. This indicates that the hybrid architecture

not only captures sequential patterns effectively but also generalizes better to unseen

data.

In summary, while all recurrent models outperformed TCN, the BiGRU–LSTM

hybrid model demonstrated the best trade-off between precision (MAE) and robust-

ness (RMSE), making it the most reliable architecture for AQI prediction in this

study.

5.6. Model integration

This phase focuses on deploying the trained deep-learning model to a cloud envi-

ronment and providing end-user accessibility through a mobile application. The in-

tegration process involves hosting the model on an Amazon EC2 instance, enabling

API-based access and developing an Android application with an intuitive interface.

Amazon EC2 provides a scalable and secure cloud-based infrastructure suitable

for hosting machine learning models. The trained model is uploaded to the instance,

with all required libraries and dependencies configured. End points are then estab-

lished to receive input data and return predictions. Leveraging EC2 ensures flexibility,

scalability, and accessibility, making the model suitable for real-world deployment.

The model is deployed on the EC2 instance using Flask, which enables the cre-

ation of lightweight RESTful APIs. Through these APIs, client applications can send

requests containing input data to the deployed model and receive predictions of air

quality in real time. Security mechanisms, including authentication and authorization,

are incorporated to safeguard data integrity and user privacy during communication.
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To make the system accessible to non-technical users, an Android application

is developed. The application provides a user-friendly interface where individuals

can input relevant parameters, such as date, Nowcast concentration, and raw con-

centration. The entered data are transmitted to the EC2-hosted model through the

Flask API, and the predicted air quality index (AQI) values are displayed to the user.

This approach enhances usability and enables individuals to benefit from the model’s

predictive capabilities without requiring technical expertise.

6. Discussion

The comparative evaluation of the models reveals important distinctions in their

predictive behavior across data sets. LSTM consistently achieved strong accuracy

during both training and testing, confirming its ability to capture complex temporal

dependencies within familiar data distributions. However, while effective at recog-

nizing patterns in controlled settings, its performance did not generalize as strongly

as the Bi-GRU or BiGRU–LSTM when validation was considered. In contrast, the

Bi-GRU demonstrated superior adaptability, achieving lower overall errors on the val-

idation set. The hybrid BiGRU–LSTM model further strengthened this adaptability

by combining the long-term memory capacity of LSTM with the bidirectional se-

quence modeling of Bi-GRU, resulting in the lowest RMSE across both training and

validation data.

This divergence highlights a critical insight: models that excel in pattern ex-

traction during training do not necessarily guarantee resilience under data shifts or

evolving real-world conditions. The Bi-GRU and BiGRU–LSTM architectures showed

stronger robustness and generalization, making them more suitable for deployment in

environments where air quality patterns fluctuate dynamically, such as urban areas

in Bangladesh. This suggests that robustness to variability, rather than in-sample

accuracy alone, should be prioritized when selecting forecasting models for opera-

tional use.

From a practical perspective, these findings hold direct implications for real-world

deployment. While LSTM can capture established temporal trends, the Bi-GRU and

BiGRU–LSTM provide more reliable forecasts under changing conditions, ensuring

consistency and stability in predictions. Such adaptability is particularly valuable

when integrated into mobile applications, where real-time AQI forecasts can help

individuals take preventive health measures. Based on its strong performance and

generalization, the BiGRU–LSTM model was selected as the most suitable candidate

for application-level deployment.

7. Limitations and future work

Despite the promising outcomes, several limitations of this study must be acknowl-

edged. First, the models were trained and validated primarily on data from Dhaka.
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Their performance may vary in regions with different climatic, geographic, or anthro-

pogenic characteristics. Future work should expand to multi-city or multi-country

datasets to evaluate cross-regional generalizability. Second, the study did not explore

hyperparameter optimization in depth. A more systematic investigation of learn-

ing rates, batch sizes, and regularization strategies could further improve predictive

performance.

Another limitation relates to feature scope. The present models relied primarily

on pollutant concentration values as predictors. Incorporating additional exogenous

variables, such as meteorological conditions, traffic density, or seasonal effects, may

enhance model robustness. Exploring transfer learning strategies could also enable

these architectures to adapt efficiently to other time-series forecasting domains, in-

cluding weather, energy demand, and financial markets.

Finally, deployment considerations highlight the importance of robust system

architecture. Building reliable APIs is critical for ensuring smooth communication

between the trained model (e.g., hosted on a cloud service such as AWS EC2) and

front-end applications. Real-time responsiveness, scalability, and error handling will

be central to user adoption. Addressing these aspects in future work will strengthen

the utility of deep-learning models for both air quality prediction and broader envi-

ronmental monitoring applications.

8. Conclusion

This study highlights the importance of selecting appropriate deep-learning archi-

tectures based on data set characteristics and application-specific requirements in

environmental monitoring. Through a comparative evaluation of GRU, LSTM, TCN,

Bi-GRU, and the proposed DeepBiGRULSTM, we advanced the understanding of air

quality forecasting. The results showed that while LSTM models performed strongly

on training and test data sets, the Bi-GRU and the hybrid BiGRU–LSTM demon-

strated superior generalization ability, with BiGRU–LSTM achieving the lowest over-

all error (RMSE of 0.4976 on the training set and 0.7548 on the test set).

The proposed BiGRU–LSTM model represents a methodological contribution by

combining the memory retention of LSTM with the bidirectional sequence learning

of Bi-GRU. This hybrid architecture proved more robust than standalone models,

offering consistent accuracy and stability across both training and validation phases.

Importantly, the framework demonstrates how advanced neural architectures can be

adapted to practical challenges in environmental data science.

In summary, this research provides a complete methodological pipeline, including

data preprocessing, model development, and evaluation, tailored for precise AQI fore-

casting. As air quality continues to be a pressing global concern, the integration of

robust forecasting models with accessible technologies, such as mobile platforms, can

play a pivotal role in public health awareness and environmental management. The

findings establish a foundation for building more accurate and adaptable prediction
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systems, ultimately contributing to informed decision making and improved quality

of life in urban environments.
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