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ABSTRACT

This paper presents an optimized and explainable stacked LSTM-GRU model for predicting PM2.5 and PMI10
concentrations in a formal End-of-Life Vehicle (ELV) recycling zone using multivariate and multioutput dataset. The
model was developed using sensor data of weather and pollution parameters collected through an in-house
developed device, consisting of a set of highly precise sensors and enhanced the interpretability of the model with
Explainable Al (XAI) techniques. The Bayesian optimization technique was employed to accurately fine-tune the
hyperparameters of the model for greater accuracy. The results show that the model significantly outperforms
baseline models. For PM2.5, the model shows performance improvements of 66.75% for MAE, 81.59% for MSE, and
66.68% for MAPE. For PMI0, the model demonstrates performance improvements of 64.45% in MAE, 81.64% in
MSE, and 63.65% in MAPE. XAI reveals the dominance of past values and decomposition components, along with
meteorological parameters for PM2.5 and PM10 predictions. The results demonstrate the model’s superior accuracy
and interpretability, offering valuable insights for air quality management. The integration of Explainable Al further
contributes to the model’s practical utility by providing transparent insights into feature importance. This research
contributes a novel approach to air quality prediction in industrial settings, offering both improved accuracy and
actionable insights.

Keywords: Air Quality Prediction; PM2.5 and PM10 Forecasting; Stacked LSTM-GRU Model; Explainable Al
(XAl); End-of-Life Vehicle (ELV) Recycling

INTRODUCTION zones, especially in formal recycling sectors, air quality
monitoring is critical for tailoring targeted interventions

and mitigation of environmental pollution and promote
sustainability (Harun et al. 2022; Molla et al. 2022). These
facilities dismantle and recycle old vehicles, which reach
the end of their functioning life (Harun et al. 2023; Molla
et al. 2023). The recycling of ELVs involves different

Air pollution has become a major environmental and health
concern globally, particularly in industrial areas where
particulate matter (PM) levels often exceed safe limits
(Azizi et al. 2024). In End-of-life vehicle (ELV) recycling
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operations to recover values (Molla et al. 2023). The
techniques are employed to retrieve materials and values
which can release harmful pollutants, including fine
particulate matter such as PM2.5 and PM10 (Harun et al.
2022; Molla et al. 2023). Prolonged exposure to these
particles can lead to serious health problems, including
respiratory diseases and cardiovascular issues. Accurate
prediction of PM2.5 and PM10 concentrations is essential
for effective air quality management in these zones (Harun
et al. 2024). By forecasting pollution levels, stakeholders
can implement preventive measures to reduce environmental
impact and health risks.

Traditional machine learning models often struggle to
accurately predict air pollution levels in complex
environments like ELV recycling zones due to their limited
ability to capture non-linear relationships and time
dependencies in the data (Lei et al. 2024). This research
addresses this gap by using a stacked Long Short-Term
Memory (LSTM)-Gated Recurrent Unit (GRU) deep
learning model, which is better suited for handling such
complexities (Bhardwaj & Ragiri, 2024; Yan et al. 2021).
Additionally, many previous studies lack proper
optimization techniques for selecting the best
hyperparameters, leading to sub-optimal model
performance. To solve this issue, Bayesian Optimization
is used in this research to fine-tune the model for better
accuracy. Finally, most existing models lack interpretability,
making it difficult for stakeholders to trust and act on their
predictions (Giannelos et al. 2024; Zhang et al. 2021). This
research fills that gap by applying Explainable Al (XAI)
techniques, ensuring that the model’s predictions are
transparent and understandable to decision-makers.

The main objectives of this study are to develop,
optimize, and evaluate a stacked LSTM-GRU model for
predicting PM2.5 and PM 10 concentrations in formal ELV
recycling zones and to use XAI techniques to make the
model’s predictions more transparent and understandable.
The study is important because accurate air quality
prediction is essential for managing pollution and
protecting public health (Wu et al. 2024). By using
Bayesian Optimization, the hyperparameters of the model
are fine-tuned to improve its performance, addressing the
common issue of sub-optimal results in existing models.
Additionally, applying XAl ensures that the predictions
are trustworthy and provide clear insights for decision-
makers, providing insights into dominant factors
influencing air quality in this zone, which can facilitate
targeted intervention for mitigating air pollution. This
research contributes by offering a highly accurate
prediction model with enhanced interpretability, making
it useful for real-world air quality management in industrial
settings.

METHODOLOGY

Figure 1 demonstrates the overall research
methodologies of this study, which includes the selection
of the study zone, a set of sensors development and
deployment at the strategic location for collecting data of
required weather and pollution parameters, appropriate
data acquisition process development, data preprocessing
and feature engineering, final dataset creation, and model
development, optimization, evaluation, and interpretation
using XAl

Data Formatting
Missing Values Handling
Outliers ITandling

FIGURE 1. Overall methodology of this study.

This study selected a formal ELV recycling facility to
study air quality, which is located at Bandar Teknologi
Kajang, Selangor, Malaysia. The formal ELV recycling
zone presents an ELV recycling facility that follows the
government rules and regulations, which is authorized and
possesses the required documents and licenses (Kasim et
al. 2024). This formal ELV recycling facility is one of the
first established authorized ELV recycling facilities in
Malaysia. It has advanced equipment, its operations are
environmentally friendly, and it obeys the guidance given
by the Malaysian authority.

This study built an in-house system for air quality and
weather parameters monitoring and recording at the
selected ELV recycling zone, which is named ‘NewWave-1°.
This system possesses high-quality and robust precision



sensors for monitoring weather and pollution parameters,
which include temperature, humidity, rainfall, noise, wind
speed, wind direction, pressure, PM2.5, PM10, Ozone (O,),
Carbon Dioxide (CO,), Carbon Monoxide (CO), Sulfur
Dioxide (SO,), Nitrogen Dioxide (NO,), Nitride Oxide
(NO), and two types of refrigerant gases, R22 and R134a.
The whole system was powered by renewable solar energy
through a battery and solar panel. The device was precisely
stored at a strategic location to capture the air quality
dynamics of the formal ELV recycling zone. The data was
stored in a cloud-based system using an IoT device. The
data was collected from the cloud-based database system
for modeling. The downloaded data was preprocessed to
enhance the quality of the data for modeling using various
processes, which include appropriate frequency setting,
missing values handling, eliminating duplicate data,
outliers’ detection and handling, denoising data, and feature
selection and engineering. This study performed appropriate
feature selection techniques to remove the irrelevant
features and focus on highly significant parameters. The
research conducted a denoising operation to remove the
noise from data and enhance the signal-to-noise ratio using
the autoencoder-decoder model along with Kalman filtering
(Karule et al. 2024). This research performed engineering
to enrich the information in the dataset for enhancing data
quality for highly precise modelling; the lagged features
of two output variables were created and added to the
dataset to facilitate the model to capture underlying patterns
in the data (Lei et al. 2024).

The output variables, PM2.5 and PM10, were
decomposed into three critical elements, trend, seasonality,
and residual components, and added to the main dataset to
enrich the information and facilitate capturing patterns in
the dataset (Wu et al. 2024). The data was used for
developing the model from November 2022 to July 2024,
a total of 21 months, 19 months of data was used for
training the modeling, while one-month data for validation
and another one-month data for testing the model was used,
during the division of training-validation-testing datasets,
this study maintained the chronological order to preserve
the time series nature in the data while training, validating,
and testing the model. In the final dataset, there were 32
features; among them, 30 are input features, and 2 are
output features, PM2.5 and PM10.

This study developed and optimized the stacked
LSTM-GRU model using Bayesian optimization
techniques. Table 1 provides details about model
development, optimization process, optimized
hyperparameters and their optimum values, training
process, and evaluation metrics. To achieve better model
performance, seven critical hyperparameters were
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optimized using the Optuna library, which applies a
Bayesian optimization approach. The best values of critical
hyperparameters were determined as the optimal
configuration that yielded the highest model performance.
This study employed the SHapley Additive exPlanations
(SHAP) technique of XAl to interpret the prediction of the
model, which unveils the dominant factors affecting the
air quality in the formal ELV recycling zone. This research
employed the Gradient SHAP approach to develop insights
into the features producing model prediction and their
contribution to model forecasting. Figure 2 demonstrates
the architecture of the optimized stacked LSTM-GRU
model developed in this study. The model was developed
using the PyTorch framework, and model interpretability
was performed using the Captum library, which is
specifically designed for PyTorch. All model development,
optimization, and explainability processes were
implemented using the Python programming language.

TABLE 1. Details of the model development, optimization,
and training process.

Aspect Description
Model Type Stacked LSTM-GRU
Framework PyTorch
+ +
Layers Two LSTM layers+ GRU layer+ Fully

Connected layer

Loss Function Mean Squared Error

Optimizer Adam with weight decay
Op&rgf}fg&ion Bayesian optimization using Optuna.
Number of Trials 100
Objective Minimize validation loss
Hyperparameters Hidden dimg}sions, leaming rate,
Tuned dropout probability, batch size, sequence

length, weight decay, number of epochs.

Hidden dimensions: 135, Learning rate:
0.0163, Dropout probability: 0.2316,
Batch size: 72, Sequence length: 15,

Weight decay: 3.8529¢-05 Number of
epochs: 48.

Best Parameters

Early stopping with patience of 10
epochs, learning rate scheduler with step
size of 10 and gamma of 0.1, Gradient
clipping with max norm of 1.0

Training Process

Training and validation loss

Evaluation monitored and plotted to ensure model
performance.
Mean Absolute Error (MAE), Mean
. Squared Error (MSE), Mean Absolute
Metrics

Percentage Error (MAPE), R-squared
(R?)
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FIGURE 2. The architecture of the developed optimized stacked LSTM-GRU model.

RESULTS AND DISCUSSION

This study developed the optimized Stacked LSTM-GRU
model customized for PM2.5 and PM10 prediction for
formal ELV recycling zone. Table 2 demonstrates the
performance evaluation of the model using a set of robust
metrics on testing and training datasets, both to ensure the
reliability of the model. The results show consistent
performance across training and testing datasets, with
minimal differences in metrics such as MAE, MSE, and
MAPE, indicating that the model generalizes well to unseen
data. For PM2.5 prediction, the model achieved significant
improvements over the baseline, with a 66.75% reduction
in MAE, an 81.59% reduction in MSE, and a 66.68%
reduction in MAPE. Similarly, for PM10 prediction,
improvements included a 64.45% reduction in MAE, an
81.64% reduction in MSE, and a 63.65% reduction in
MAPE. The R? values are high for both short-term (7-day)

and long-term (1-month) testing datasets, showing the
model’s reliability in accurately predicting air pollution
over different time horizons. This performance improvement
is due to the model’s ability to capture complex time
dependencies and non-linear patterns in the data, which
traditional models often fail to do (Habtemariam et al.
2023; Mirzavand Borujeni et al. 2023). The use of Bayesian
Optimization helped fine-tune the model’s hyperparameters,
resulting in better accuracy and reduced errors (Lin et al.
2025). The architecture of LSTM and GRU plays a critical
role in capturing underlying patterns in the data (Chang et
al. 2020; Li et al. 2024). Additionally, the inclusion of
multiple features, such as weather variables and time-based
engineered features, likely contributed to the improved
predictive performance. The results demonstrate that the
developed model is effective in both short-term and long-
term predictions, offering a practical tool for accurate air
quality forecasting in ELV recycling zones.

TABLE 2. Performance evaluation of the tailored stacked LSTM-GRU model.

Performance Evaluation for PM2.5 Prediction

Mewes TamngDaia e e Baselne
MAE 0.929 0.746 0.778 66.75%
MSE 2.07 1.324 1.298 81.59%
MAPE 0.039 0.034 0.036 66.68%
R? 0.989 0.977 0.971 3.89%

Performance Evaluation for PM10 Prediction

MAE 1.638 1.268 1.436 64.45%
MSE 6.495 3.051 4.502 81.64%
MAPE 0.051 0.046 0.049 63.65%
R? 0.984 0.973 0.956 3.36%




Figure 3 demonstrates the PM2.5 concentration
prediction for a one-week period, showing that the model
closely follows the actual PM2.5 values, indicating high
predictive accuracy. The predicted values align well with
the observed fluctuations in PM2.5 levels, capturing both
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peak concentrations and low points effectively. This precise
tracking of variations highlights the model’s ability to
handle the dynamic and non-linear nature of air pollution
data.
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FIGURE 3. Actual vs. predicted PM2.5 levels in the formal ELV recycling zone using the stacked LSTM-GRU model.

Similar to PM2.5, Figure 4 shows the PM10
concentration prediction for a one-week period, which
suggests that the model closely follows the actual PM10
values, indicating high predictive Such performance can
be attributed to the model’s use of sequential memory in
LSTM-GRU layers, which helps in learning long-term
dependencies (Cui et al. 2023). Additionally, the minimal
difference between actual and predicted values suggests
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that the model is well-tuned, likely due to the application
of Bayesian Optimization during the training process. This
accurate short-term prediction is critical for timely air
quality monitoring and intervention in industrial zones.
accuracy. The predicted values align well with the observed
fluctuations in PM10 levels, capturing both peak
concentrations and low points effectively.
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FIGURE 4. Actual vs. predicted PM10 levels in the formal ELV recycling zone using the stacked LSTM-GRU model.
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Figure 5 shows the feature importance for PM2.5
prediction by the stacked LSTM-GRU model. The XAI
analysis reveals that the most influential features for
predicting PM2.5 concentration are primarily related to
historical pollution trends and meteorological factors. The
“PM2.5 Trend” and “PM10 Trend” dominate the feature
importance, contributing 16% and 14%, respectively,
indicating that understanding the overall direction of
pollution levels is key for accurate prediction. The high
importance of lagged features such as “PM2.5 Lagl,”
“PM10 Lagl,” and “PM2.5 Lag2” (together contributing
over 27%) underscores the relevance of past pollution data
in forecasting current conditions. This makes sense given
the nature of the formal ELV recycling zone, where
pollution levels likely exhibit strong temporal patterns due
to daily operational cycles and consistent industrial

activities. Environmental factors such as temperature,
humidity, wind speed, and ozone levels also play a
significant role in shaping air quality, collectively
contributing over 18% to the model. The presence of “Hour
Sine” and “Month Sine” features highlights the influence
of diurnal and seasonal cycles in pollution levels, reflecting
changes in weather patterns and human activities across
different times of the day and year. The characteristics of
the formal ELV recycling zone, including continuous
vehicle dismantling, metal shredding, and emissions from
industrial processes, create conditions where both pollutant
buildup and dispersion are heavily dependent on weather.
This linkage between dominant features and real-world
factors enhances the interpretability of the model, making
it a valuable tool for stakeholders in managing air quality.
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FIGURE 5. Feature importance for PM2.5 prediction stacked LSTM-GRU model in the formal ELV recycling zone.

Figure 6 shows the feature importance for PM10
prediction by the stacked LSTM-GRU model. The XAI
analysis for PM10 prediction highlights that the most
influential features are directly related to PM10 and PM2.5
trends, lags, and environmental factors. The “PM10 Trend”
stands out as the most important feature, contributing
approximately 21%, indicating that understanding how
PM10 levels evolve over time is crucial for accurate
predictions. The high importance of lag features such as
“PM10 Lagl” and “PM10 Lag2” (together contributing
over 18.5%) demonstrates the strong temporal dependency
of PM10 concentrations on past data. This temporal
relationship makes sense in the context of the formal ELV
recycling zone, where emissions from continuous
operations create recurring patterns in pollution levels.

Additionally, the significance of “PM2.5 Trend” and
“PM2.5 Lagl” further underscores the close relationship
between PM2.5 and PM 10, reflecting how changes in fine
particulate matter can influence coarse particulate matter
concentrations. Environmental factors such as temperature,
humidity, wind speed, and rainfall collectively account for
over 21% of the model’s prediction power. These features
are essential in air quality prediction, as they affect
pollutant dispersion, formation, and removal (Nguyen et
al. 2024; Yang et al. 2024). The presence of cyclical features
like “Hour Sine” also indicates that time-based patterns,
such as daily fluctuations in emissions and weather, play
a significant role in PM10 levels. Rainfall, in particular,
helps reduce particulate matter by washing it out of the
atmosphere, which is reflected in its importance (Yang et



al. 2022). These findings highlight that PM 10 concentrations
in the formal ELV recycling zone are influenced by both

PM10 Trend
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operational characteristics and dynamic environmental
conditions, making the prediction task multifaceted.
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FIGURE 6. Feature importance for PM10 prediction stacked LSTM-GRU model in the formal ELV recycling zone.

The interpretations from XAl for PM2.5 and PM10
predictions are very helpful for managing air quality,
especially in the formal ELV recycling zone. For PM2.5,
XAI shows that the most important features are trends and
past values of PM2.5 and PM10. This means the model
learns from how pollution has changed over time, which
is important because ELV zones often follow regular work
routines that cause pollution in predictable ways. The
operations, such as dismantling and metal shredding,
usually happen at the same time every day, creating patterns
that can be seen in the data. When these patterns are
included in the model using lag features, the predictions
become more accurate. Environmental factors like
temperature, humidity, wind speed, and ozone also play a
big part. These factors affect how pollution spreads or stays
in the air. For example, on a windy day, pollution might
spread more, while on a still day, it might build up. The
use of features like “Hour Sine” and “Month Sine” helps
capture time-based patterns, showing how pollution can
change depending on the time of day or season. This is
very useful because emissions and weather often follow
daily and seasonal cycles.

For PM10, the XAl results are similar but with some
differences. The most important factor is the PM10 trend,
followed by past PM 10 values. This tells us that the model
depends a lot on recent changes in PM10 levels to make
future predictions. It also shows that PM10 and PM2.5 are
connected, as trends and lag values of PM2.5 also affect
PM10 predictions. This makes sense because the same
activities in the ELV zone can release both fine and coarse

particles. Again, environmental factors like temperature,
humidity, wind, and especially rainfall are important.
Rainfall helps clean the air by washing away particles,
which is why it plays a role in predictions. These insights
from XAI help us understand which factors matter most
and when. This understanding can guide decisions like
when to monitor more closely, when to limit certain
activities, or when to prepare for poor air quality based on
weather forecasts. In short, XAI makes the model’s
predictions more useful by showing how and why pollution
changes, helping decision-makers take smart, timely
actions to improve air quality.

CONCLUSION AND FUTURE WORKS

The stacked LSTM-GRU model demonstrated significant
performance improvement over baseline models, with a
66.75% and 64.45% reduction in MAE for PM2.5 and
PM10 predictions, respectively, and over 81% reduction
in MSE for both pollutants. This improvement is attributed
to the model’s ability to capture complex temporal patterns
and interdependencies in the data, which was further
enhanced by Bayesian optimization in tuning
hyperparameters for optimal performance. The use of XAl
revealed that pollutant trends, lag features, and
environmental variables like temperature, humidity, and
wind speed were key predictors. These findings are highly
relevant in the formal ELV recycling context, where
targeted interventions can be guided by understanding how
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recent pollution patterns and weather conditions impact
air quality. The transparency offered by XAI not only
boosts confidence in the model’s predictions but also
supports data-driven policymaking and actionable
strategies for air pollution control in ELV recycling zones.

For future work, several directions can be explored to
further enhance the performance and applicability of the
proposed model. First, integrating additional external
factors such as traffic data, industrial activity levels, or
satellite-based pollution indicators could improve the
model’s predictive capabilities by providing more context
about pollution sources. Second, extending the model to
incorporate multi-step forecasting could enable longer-term
air quality predictions, which are valuable for planning,
emergency response, and policy-making. Third,
experimenting with more advanced deep learning
architectures such as Transformer-based models, Temporal
Convolutional Networks (TCNs), or hybrid approaches
that combine statistical methods with deep learning could
potentially yield better accuracy and interpretability.
Additionally, implementing online learning techniques
would allow the model to adapt continuously as new data
becomes available, ensuring its relevance and robustness
over time. Incorporating uncertainty quantification
techniques, such as Bayesian deep learning or ensemble
learning, could also provide confidence levels with
predictions, which is crucial for risk-sensitive decision-
making. Finally, applying the model to other zones, cities,
or even at national and regional scales could help test its
generalizability, while also supporting the development of
comprehensive and scalable air quality management
systems for diverse environmental settings.
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