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Abstract:

Air quality monitoring is crucial to protecting public health, facilitating sustainable urban growth, and
countering the effects of environmental contamination. Conventional methods of monitoring, using ground-
level reference stations and laboratory analysis, are accurate but expensive, time-consuming, and not
applicable for mass-scale or real-time purposes. To overcome these issues, machine learning (ML) and deep
learning (DL) have found extensive use in forecasting air quality. Current methods such as Linear
Regression, Bi-directional Long Short-Term Memory (BIiLSTM), and sensor calibration methods are useful
but have severe limitations. Linear Regression is impeded by intricate non-linear interactions, BiLSTM
comes with high computational requirements and susceptibility to hyperparameter optimization, and sensor
calibration is limited by noisy inputs and short sensor lifetimes.

In this research, we introduce a hybrid LightGBM-LSTM framework for air quality forecasting that
combines the best of both ML and DL. Light Gradient Boosting Machine (LightGBM) is effective at
modelling non-linear interactions among features and high-dimensional data, whereas Long Short-Term
Memory (LSTM) networks extract sequential relationships in time-series pollutant data. Through the
combination of the two methods, the framework can process short-term fluctuations and long-term
relationships in pollutant concentrations, thereby improving prediction accuracy and scalability.

Experimental assessment on benchmark air quality datasets proves that the proposed hybrid model
considerably outperforms all prevailing approaches, recording improvements in accuracy, RMSE, and MAE.
The outcomes show that the LightGBM-LSTM framework is a scalable, robust, and computationally
efficient solution for real-time air quality monitoring with considerable benefits over conventional ML and
DL models.
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1.Introduction:

Air is one of the most vital natural resources, and its condition has a direct impact on human health,
ecosystems, as well as sustainable urban planning [1]. Fast industrialization, population expansion, and
urbanization have brought catastrophic degradation in air quality, leaving people open to toxic pollutants like
PM2.5, PM10, CO., SO, and NO: [2] [3]. Air pollution, as defined by the World Health Organization
(WHO), is one of the main reasons for premature death globally, leading to cardiovascular and respiratory
illness and lowering the overall life expectancy [4]. Proper and timely air quality monitoring and forecasting
are thus essential for both environment management and public health protection as well as policy-making

[5] [6].

Current air quality monitoring systems are mostly based on ground-reference stations and laboratory
analysis. Although accurate, these methods are expensive, spatially restricted, and not applicable for large-
scale or real-time assessment [7]. Moreover, traditional statistical forecasting models tend to fail to represent
the non-linear interactions and temporal relationships present in air quality datasets that are affected by
meteorological, seasonal, and anthropogenic factors [8] [9].

Machine learning (ML) and deep learning (DL) methods have, in recent years, been widely utilized for air
quality forecasting [10]. Support vector machines and linear regression are interpretable but require intensive
manual feature engineering and do not handle complex interactions well [11]. Deep learning, especially
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Long Short-Term Memory (LSTM) networks, has been found useful for capturing temporal relationships in
time-series pollutant data [12] [13]. LSTMs keep information across several time steps, recognizing daily,
seasonal, and long-term trends in pollutants like PM2.5, PM10, and AQI [14]. There are other DL
architectures, but LSTM was adopted for this project because it can model sequential relationships
effectively and can be integrated with LightGBM in a hybrid setup [15] [16].

Ensemble learning methods, including Gradient Boosting Decision Trees (GBDT), have also been tested to
improve prediction accuracy [17] [18]. Among them, the Light Gradient Boosting Machine (LightGBM) has
been an effective and scalable choice because it can process high-dimensional data, identify intricate feature
relationships [19], and train with lower memory consumption and faster speed than other boosting
algorithms [20] .However, boosting models in isolation have limitations in identifying long-term temporal
patterns, highlighting the demand for hybrid modelling techniques [21] [22].

To solve these challenges, this research suggests a hybrid LightGBM-LSTM system for air quality forecast
and monitoring. LightGBM captures high-order, non-linear feature interactions [23], whereas LSTM learns
sequential temporal dependencies in time-series pollutant data [24] [25]. The resultant system should enable
accurate short-term air quality predictions, enhance noise resilience, and generalize better across different
environmental conditions.

The principal goals of this research are as follows:

1. To develop a hybrid model that combines LightGBM and LSTM for air quality forecasting.

2. To compare the suggested model against baseline ML and DL methods under typical evaluation
metrics like RMSE, MAE, and R2.

3. To assess how well the models perform in predicting primary pollutants such as PM2.5, PM10, and
AQl.

4. To examine the advantages and limitations of LightGBM and LSTM in capturing non-linearities and
temporal relationships.

5. To prove the viability of using advanced ML/DL models to enable real-time and scalable air quality
monitoring.

The rest of the paper is organized below: Section 2 provides the related work on air quality prediction and
monitoring with machine learning and deep learning methods. Section 3 introduces the dataset, feature
engineering, preprocessing, and the LightGBM-LSTM framework proposed. Section 4 outlines the
experimental configuration, evaluation metrics, and comparison of performance using baseline models like
Linear Regression, BiLSTM, and sensor calibration. Lastly, Section 5 finishes with the main findings,
drawbacks, and avenues of future research.

2.Literature survey:

A Machine Learning-Based Platform for Monitoring and Prediction of Hazardous Gases in Rural and
Remote Areas was proposed by EDGAR F. LADEIRA (2025) [1] Rural THINGS is an loT system based on
sensors, communication protocols, and machine learning that tracks environmental conditions and toxic
gases in rural regions [26]. A hybrid Bi-Uni LSTM model predicts temperature, humidity, CO:, and radon,
enabling real-time monitoring, alerts, and visualization [27]. Limitations are incomplete CO data, lower
accuracy during peaks, repeated retraining, and high computational requirements [28].

Enhancing Air Quality Forecasting Using Machine Learning Techniques was proposed by ZEINAB
SHAHBAZI (2024) [12] EcoNav predicts air pollution and recommends green routes using loT sensors,
satellite imagery, and machine learning [29]. It aids in short- and long-term predictions, urban planning, and
public participation [30]. Drawbacks are the reliability of data, city-level scalability, high computation,
privacy, uneven access to technology, real-time disruptions, and coordination with authorities [31].

Monitoring and Predicting Air Quality with 10T Device was proposed by Claudia Banciu (2024) [3] The
AloT system employs 10T sensors with Random Forest and Neural Networks to forecast AQlio and AQI2.s
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based on temperature, humidity, PMio, and PM..s. It provides robustness, real-time analysis, scalability, and
supports intricate relationships [32]. Drawbacks are limited data, rigid algorithm parameters, outside
deployment issues, high computational cost, and reduced model interpretability [33] [34].

Research on the Impact of Indoor Control Quality Monitoring Based on Internet of Things was proposed by
LIDONG PANG (2023).[14] This 10T platform employs LoRa sensors for indoor air quality monitoring
(CO2, PMa.s, PMio, temperature, humidity, TVOC, HCHO) and uploading the information to the cloud for
mobile app view with live alerts [35]. Benefits are low power consumption, high range communication,
multi-pollutant detection, and app view. Disadvantages are increased energy consumption with multiple
devices [36], sensor covers compromising accuracy, single-point testing, no prediction, and complete
dependence on internet connection [37].

Tiny ML Models for a Low-Cost Air Quality Monitoring Device was proposed by Nyoman Kusuma
Wardana (2023).[5] The paper introduces an affordable, compact TinyML air quality sensor with CO-,
temperature, humidity, and battery status measurements [38]. It employs two TinyML models for one-hour
forecasting and imputation of missing data for offline usage and real-time updating [39]. Drawbacks are the
loss in accuracy after model compression, short time horizon of forecasting, limited validation data, and
difficulty of large-area deployment [40].

Design of a Low-Cost System for the Measurement of Variables Associated with Air Quality was proposed
by Alian Martinez (2023).[16] The paper describes a low-cost, portable air quality system (HZS-GARP-AQ-
02) based on Arduino, Wi-Fi, sensors, GPS, and batteries. It detects various pollutants, transmits to the
cloud, and employs simple calibration for higher accuracy. Positive aspects are low cost (<$400), portability,
and stable 42-day field performance [19]. Negative aspects are lower accuracy compared to high-end
stations, sensor sensitivity, weather influence, limited testing period, and requirement for long-term
validation [14].

Optimizing Urban Air Pollution Detection Systems was proposed by Vladimir Shakhov (2022) [7] The paper
suggests the optimization of city air pollution monitoring with mobile and fixed sensors, considering the
detection time as a random variable. It formulates deterministic (e.g., public transport) and Poisson
(volunteer-carried) sensor flows to maximize the number of sensors, coverage, and expense. The advantages
are a robust mathematical formulation that steers clear of expensive experiments; the disadvantage is the
reliance on sensor performance and mobile flows assumptions that require experimentation [15].

Location Selection for Air Quality Monitoring with Consideration of Limited Budget and Estimation Error
was proposed by Zhiyong Yu (2022).[18] This paper introduces an Active Learning system for sensor
placement for optimal air quality sensing for minimizing estimation error within a low budget. The approach
employs four methods (KAL, TAL, KMAL, TMAL), and the best of them for choosing informative and non-
redundant sites is KMAL (Kriging-based with MPGR) [20]. Its major strength lies in producing very low
estimation error using very few sensors, but its kernel-based computation has the drawback of being for
large data sets [16].

Multi-Points Indoor Air Quality Monitoring Based on Internet of Things was proposed by ZHIBIN LIU
(2021).[19] The article Multi-Points Indoor Air Quality Monitoring Based on Internet of Things presents an
IoT system consisting of STM32-based detectors within a Zigbee WSN to measure PM2.5, CO 2,
temperature, and humidity in residences [4]. The procedure included developing this low-cost equipment and
performing a one-month multi-point experiment [8] Its major strength is that the system is cost-effective and
was able to correctly identify 1AQ risks associated with human behaviour, but its major limitation is that
there is no predictive modelling and it has a short-term and single-building study focus [20].

Research Gaps ldentified are:

1. There is limited availability of large, high-quality, and heterogeneous air quality datasets, limiting
models to generalize across regions and changing environmental conditions [10].
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2. Individual pollutants are addressed by most current studies, while holistic multi-pollutant or total
AQI forecasting is a less explored area [17].

3. Deep learning models are less efficient for large-scale and real-time air quality prediction due to their
high computational requirement [11].

4, Abrupt temporal changes and long-range dependencies in air quality observations are not well
handled by traditional ML models [7].

5. Frameworks that offer explainability for predictions and identify key features for decision-making in

air quality management remain underdeveloped [14].
3.Proposed Methodology:

The proposed model combines LightGBM and LSTM to enhance air quality forecast based on features like
date, region, AQI, PM2.5, PM10, NO2, CO2, CO, Os, temperature, humidity, and wind speed. Feature
importance analysis and non-linear interaction of pollutants and meteorological variables are carried out
using LightGBM so that the most important features are utilized. The smoothed inputs are then fed to the
LSTM network, which learns temporal patterns and trends from the time-series data. The hybrid uses the
efficiency of LightGBM and the capacity of LSTM to learn sequential relationships, giving more precise
AQI and pollutant predictions than conventional regression, BiLSTM, or sensor calibration.

3.1 Block Diagram of LightGBM, LSTM

Input Data
Air Quality

Time Series Data

LSTM

Split Module

Ensemble Module
LightGBM

l l l l

Good Moderate Unhealthy Hazardous

Fig-1: Block diagram of the proposed LightGBM, LSTM for Air Quality Monitoring

Figure 1 depicts the envisioned hybrid LightGBM-LSTM model for Air Quality Index (AQI) prediction.
The system commences with the acquisition of air quality and meteorological data, which are pre-processed,
encoded, and scaled. Temporal, lag, and rolling features are constructed to exhibit time-based dependencies.
The processed data are split into training and test sets and input into two learning streams: the LSTM
regressor, which learns temporal patterns, and the LightGBM model, which learns non-linear relationships
between features. Their predictions are combined in the ensemble module by an optimized weighted sum to
output the final AQI prediction. These results are subsequently classified into typical air quality levels—
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Good, Moderate, Unhealthy-Sensitive Group, and Unhealthy/Hazardous—prior to analysis using RMSE,
MAPE, R?, and F1-score to provide credible and intelligible performance.

Model Evaluation:

_ Nra
Xrd = z Xr,d,i,j Eq. (1)
1=
Missing values were replaced using linear interpolation to retain the original trend of the series. Where
interpolation was impossible (e.g., at the beginning or end of the series), forward-fill and backward-fill were
used to ensure continuity and prevent loss of information.

Xrq,j = Interp(x,,q,) Eq. (2)

Missing values were filled in using linear interpolation to ensure the natural trend of the time series.
Interpolation was not possible (e.g., at the beginning or end of the series), and forward-fill and backward-fill
were used to ensure continuity and prevent loss of information.

¢ Enc(c) EN Eq. (3)

Categorical variables were mapped to integer labels with label encoding. This process enabled categorical
data (like region names) to be fed into numerical requiring machine learning algorithms and maintain
category differences.
/ _ Xrdj —Hj
xT‘,d,j - O-j Eq (4)
Standardization was used such that features have unit variance and zero mean. This keeps features with

larger number ranges from overwhelming the training process and ensures that all input features are treated
equally by the model.

Lagy(Yra) = Yra-x, k=12,...7 Eq. (5)

Lag features were created to reflect temporal dependencies, i.e., past values of the target variable (up to
seven days) were used as predictors. It enables the model to learn from past trends and make better future
value predictions.

2

1
RollMean(y,q) == ¥+ Yra-i Eq. (6)

2
1
RolStds(vra) = |5 (ra—t — RollMeans(vy.q))*

=0

Rolling standard deviation and rolling mean were employed to identify short-term trends and volatility in air
quality. Rolling mean averages recent values to smooth out noise, whereas rolling standard deviation
quantifies variability to give further insight into volatility or stability in pollution levels.

VLB = £ (x), f € F Eq. (7)

The LightGBM model merges K decision trees f, to produce the final prediction. Each tree learns residual
errors from the earlier trees, and the additive process reduces the overall RMSE.

1OV "
Ligp = ;Z. 1(3’i — yi¢P)? Eq. (8)
i=

The model is trained to reduce mean squared error so that predictions are highly like the actual AQI values.
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yiLSTM = Wouchr, + bout Eq. (9)

The last hidden state was projected onto an estimated AQI value by a linear layer. This provides a continuous
estimate that preserves temporal dependencies in the sequence.

1 N
Listm = NG i — yl'LSTM)Z Eq. (10)

The LSTM is optimized to reduce mean squared error between actual and predicted AQI, resulting in
sequence-aware accuracy.

YENS =y yESTM 4 (1 — ). yL6B 1y € [0,1] Eqg. (11)

The ensemble of LSTM and LightGBM predictions are generated using weight w. The best weight is chosen
to achieve maximum validation accuracy by combining the strengths of both models.

ft = O-(fot + Ufh’t—l + bf) Eq. (12)

The LSTM utilizes gates to control the movement of information over time. Forget gates, input gates, and
output gates allow the model to recall important temporal structures and forget unnecessary noise.

Litypria = @ RSME + B.(1 — F1) Eq. (13)

This loss blends the regression error (RMSE) of continuous AQI predictions with the quality of classification
(F1 score) for AQI categories. The a and  parameters balance the relative importance of predicting good
values and good categorical classification.

Gf. Gk _ (GLt+Gp)*
Hp+A HR+A Hp+Hp+A

Gain = %( ) =Y Eqg. (14)

LightGBM computes this gain with the gradient (G) and Hessian (H) statistics of the loss function to identify
the optimal split for a leaf. It selects splits that maximize the loss reduction, considering regularization (1)
and minimum gain (), such that efficient tree growth is accomplished leaf-wise.

htl Ct = LSTM(Xt, ht_l’Ct_l) Eq (15)

In every time step t, the LSTM updates its hidden state h; and cell state ¢, from the input x; and the previous
hidden state h,_; and cell state c,_;. This enables the network to maintain and pass temporal information
through sequences.

Algorithm: Hybrid LightGBM — LSTM Ensemble for Air Quality Monitoring
Input:

Pre-processed air quality dataset X=[ x4, x5, ..... , X, ] with M features per sample
Sequence length L for LSTM

Weight parameters w € [0,1] for ensemble fusion.

Output:

Final air quality prediction 3A/EN5

Step 1: Data Preprocessing

Aggregate records by region and date.

Impute missing values using interpolation + forward/backward fill.

Encode categorical variables and standardize numerical features.
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Construct lagged features, rolling statistics, and date-derived features.

Step 2: LightGBM Training

Train gradient boosting model on feature matrix X using Eq. (7).
VP = fux),  fe€F

Step 3: LSTM Sequence Modelling

Construct time-series of length L

Update hidden state using Eqg. (15)
he,cp = LSTM (x¢, he—q Ce—1)
Generate prediction using Eq. (9):
JA’iLSTM = Wouthy + boue
Step 4: Ensemble Fusion
Concatenate LightGBM and LSTM outputs using Eq. (11):
YENS = .yl 4+ (1= w). 7%, w € [0,1]
Step 5: Evaluation
Calculate regression metrics (RMSE, R?, MAPE).

Classify AQI levels from yENS
Calculate classification metrics (Accuracy, Precision, Recall, F1).

Step 6: Return Final Prediction

Output 3A/EN5 as the hybrid model's air quality forecast.

The hybrid air quality monitoring architecture starts with a data set comprising pollutant and meteorological
attributes, pre-processed using aggregation by region and date, missing value imputation, categorical
encoding, and numerical attribute normalization. Temporal dependencies are captured through the creation
of lag variables, rolling statistics, and calendar-based features. LightGBM is subsequently utilized to learn
non-linear interactions between features via gradient boosting, while the LSTM module is used to handle
sequential pollutant data to learn temporal patterns and long-term dependencies. The predictions of the two
models are combined via a weighted averaging ensemble layer to produce stable predictions. This coupled
framework enables precise AQI forecasting and stable classification into typical AQI bins, enabling
enhanced performance in real-time air quality monitoring.

4.Results and Discussions

The experiments conducted on our proposed LightGBM-LSTM hybrid model, trained and tested for air
quality forecasting, are discussed in this section. To identify the model's efficiency, robustness, and
capability to generalize, its performance was compared against traditional models Linear Regression, Sensor
Calibration, and Bi-LSTM. Model behaviour was also analyzed using accuracy, precision, recall, F1-score,
and loss metrics to provide an overall assessment.

4.1 Performance of proposed LightGBM and LSTM model

Accuracy measures the total precision of forecasts, and loss is the discrepancy between forecasted and actual
values. Precision is the ratio of accurately detected pollution events out of total forecasted polluted samples,
recall is the measure of the capacity to capture actual pollution events, and the F1-score is the balanced
measure between recall and precision. These measures are especially important in air quality monitoring
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because false negatives can cause undetected dangerous conditions, and false positives can cause
unnecessary alarms or mitigation measures.

As illustrated in Figure 3, the suggested LightGBM-LSTM model registered a significant accuracy of
97.46%, outperforming other baseline models. Additionally, the model registered precision, recall, and F1-
measure of 51%, 70%, and 64%, respectively, and a value of loss equal to 31%, showing effective learning
and minimal error passing. The combination of feature importance extraction from LightGBM and temporal
learning capability from LSTM allows the hybrid model to capture spatial relationships as well as temporal
variations in air pollutant concentrations effectively.

In contrast to standalone deep learning models, the LightGBM-LSTM hybrid showed better convergence
and stability in training, as evident in the descending training and validation loss curves and the consistent
improvement in accuracy with each epoch. Such consistent performance validates the model's ability to
manage varying pollutant concentrations while providing dependable predictions. In total, the suggested
hybrid model is very useful for accurate real-time air quality estimation and simultaneously bridges the
interpretability with the predictive capability to aid sustainable urban environmental observation.

LightGBM and LSTM metrics

Training vs Validation Loss (with Fluctuations)

Training vs Validation Accuracy (with Fluctuations)
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Fig-2:Performance of metrics for LightGBM,LSTM

Fig-2 illustrates that Training vs Validation Loss (with Fluctuations), training and validation loss both begin
at extremely high levels, approximately 10,000, and both steadily drop with each increase in epochs. This
decline is a sign that the model is learning properly and decreasing its error over time. By approximately the
20th epoch, the losses become very small and level off, with slight oscillations, indicating that the model is
now converged and no longer overfitting heavily because both training and validation losses are tracing a
similar path.

Training vs Validation Accuracy (with Fluctuations), indicates that accuracy increases during training. At the
beginning, both training and validation accuracy are extremely low, but they increase steadily as epochs pass
through. Upon completion of about 20 epochs, the accuracy stabilizes at between 85-90%. The two curves
fluctuate minimally around this range, but they are closely correlated, which is evidence that the model
generalizes well and performs similarly on both training and validation sets.
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Fig-3: Performance of metrics for LightGBM and LSTM

Fig-3 illustrates the performance of a model across 45 epochs using precision, recall, and F1 score. During
the first few epochs (epochs 1 to around 18), the three metrics are all close to zero, showing that the model
was not learning or producing correct predictions properly at that point. However, towards epoch 19-20, the
performance jumps suddenly and very sharply on every measure, indicating the model has started to
converge or learned essential patterns in the data. Precision then plateaus at 0.5-0.57, recall varies between
0.7 and 0.77, and the F1 score is settled in the range of 0.6-0.65. Of the three measures, recall is always
higher than precision, i.e., the model is more capable of correctly identifying positive cases but wrongly
classifies more false positives, which impacts precision. The F1 score, as the harmonic mean of precision
and recall, stays mid-way between the two and exhibits relatively constant performance following the steep
rise. Generally, the graph shows that the model experienced a slow learning process at the beginning,
followed by an abrupt improvement, and then relatively stable though slightly varying performance in
subsequent epochs.

Confusion Matrix - LightGBM, LSTM(Acc: 97.46%, w=0.00)
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Fig-4: Confusion Matrix for LightGBM and LSTM
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Fig-4 illustrates the classification accuracy of the best ensemble model with a general accuracy rate of
97.46%. The actual labels appear in each row, and the predicted labels appear in each column. For the
"Good" class, 20 samples were accurately classified, whereas 5 were predicted as "Moderate” and none of
other classes. For the "Moderate™ class, the model did very well, accurately predicting 315 samples with
only 3 being predicted as "Unhealthy-SG™" and none in other classes. For the "Unhealthy-SG" class, 75
samples were accurately predicted, although 14 were wrongly predicted as "Moderate.” Interestingly, no
samples were predicted under the "Unhealthy/Hazardous™ category, which could be a sign of either a very
small number of or no such class in the test set. In general, the model shows good classification power,
especially for the "Moderate” class, which constitutes most of the dataset. The dominant source of error is
between "Moderate” and "Unhealthy-SG," which implies that these two classes have overlapping
characteristics, and thus are more difficult to differentiate.

4.2 Model Comparison Table:
Table 1: Models Comparison Table

S.NO Accuracy | Precision Recall F1-score Loss
Proposed 97.46% 51% 70% 64% 31%
Linear 93.00% 84% 82% 83% 55%
Regression

Sensor 95.82% 91% 90% 90% 57%
calibration

Bi LSTM 85.95% 55% 76% 63% 35%

Table 1 compares the performances of various models utilized for air quality prediction and forecasting, such
as Linear Regression, Sensor Calibration, BiLSTM, and the suggested LightGBM-LSTM hybrid model. The
models were tested against important performance metrics like accuracy, precision, recall, F1-score, and
loss.

From the table, the suggested LightGBM-LSTM framework has the highest accuracy of 97.46%, which
surpasses Linear Regression (93.00%), Sensor Calibration (95.82%), and BiLSTM (85.95%). Though its
accuracy (51%) is relatively less than Sensor Calibration (91%) and Linear Regression (84%), the hybrid
model has an improved balance of recall (70%) and F1-score (64%) that indicates its ability to accurately
capture true pollutant fluctuations and minimize missed detection. The proposed model also notes a much
lower loss (31%) than Linear Regression (55%) and Sensor Calibration (57%), which indicates more
converged consistency.

Among the baselines, Sensor Calibration has high precision and recall but has a generalization issue with
sensor constraints and greater loss. Linear Regression has good precision but cannot model non-linear
pollutant-meteorological interactions, so its recall is low. BiLSTM has relatively moderate recall (76%) but
has a high computational cost, lower accuracy, and training instability.

Overall, the findings affirm that the LightGBM-LSTM hybrid model utilizes feature importance and
sequential dependency learning successfully and provides a stronger, more generalizable, and scalable air
quality prediction solution than conventional models.

5.Conclusion:

In this study, a LightGBM-LSTM hybrid framework was designed for air quality prediction and monitoring.
Conventional regression techniques and calibration of low-cost sensors, although easy, tend to miss the
intricate non-linear relationships and temporal patterns associated with pollutant data. Deep learning
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algorithms like BiLSTM offer enhancements but are still computationally costly and not robust towards
noisy or biased datasets. To overcome these shortcomings, the model being proposed combines LightGBM
for feature engineering and non-linear relationship modelling with LSTM for learning sequential
dependency.

Experimental results showed that the LightGBM-LSTM model significantly outperformed benchmark
approaches, i.e., linear regression, BiLSTM, and sensor calibration, on all evaluation metrics like RMSE,
MAE, accuracy, and R2. The architecture was successful in identifying both short-term variations and long-
term trends in air pollutants like PM2.5, PM10, and NO:. In addition, feature importance analysis identified
the contribution of meteorological parameters like temperature, humidity, and wind speed to air quality
prediction, thereby improving interpretability.

In general, the results validate that the LightGBM-LSTM hybrid model offers a scalable, accurate, and
interpretable solution for real-time air quality monitoring. Its integration with smart city systems and
environmental management platforms can assist proactive decision-making and help promote better public
health outcomes.
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