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ABSTRACT

Accurate forecasting of PMzs concentrations in mining areas is vital for occupational health and
environmental management. This study explores the application of advanced Artificial Intelligence
(Al) models to predict PM:s levels at the Sin Quyen open-pit copper mine in northern Vietnam. A
comprehensive dataset was constructed from historical PMzs measurements, meteorological
variables (e.g., temperature, humidity, wind speed), and mine operational parameters. Several Al
models—including Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), eXtreme
Gradient Boosting (XGBoost), and Temporal Convolutional Networks (TCN)—were implemented
and compared. Performance was evaluated using RMSE, MAE, and R? metrics. Among the tested
models, TCN and LSTM demonstrated superior forecasting capabilities, capturing complex
temporal dependencies in the dataset. These findings highlight the potential of Al-driven
forecasting frameworks in enhancing air quality management and supporting sustainable mining
practices.

Keywords: PMzs forecasting, Artificial Intelligence, Open-pit mining, Sin Quyen copper mine,
LSTM, GRU
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1. Introduction

Air pollution caused by fine particulate matter (PM2s) has become a major
environmental and occupational health challenge, especially in open-pit mining regions
(Rojano et al, 2018). PM2.5 particles, with aerodynamic diameters less than 2.5
micrometers, can penetrate deep into the human respiratory system, leading to severe
cardiovascular and respiratory diseases (Chauhan et al.,, 2024). In open-pit mines, PM2.5 is
generated from a combination of activities such as blasting, drilling, excavation, material
handling, and vehicular movement on haul roads. Its concentration and dispersion are
further influenced by meteorological factors, terrain morphology, and seasonal patterns.

Forecasting PM2.5 concentrations in mining environments is critical for enabling
proactive air quality management, minimizing exposure risks for workers, and supporting
regulatory compliance (Sanyal 2024; Saka et al., 2025). However, traditional statistical and
deterministic modeling approaches—such as autoregressive integrated moving average
(ARIMA), multiple linear regression (MLR), and Gaussian dispersion models—are often
limited by their assumptions of linearity and stationarity (Talepour et al, 2024;
Nourmohammad and Rashidi 2025). These models struggle to capture the nonlinear,
dynamic, and multi-factorial nature of air quality data in the mining context.

In recent years, Artificial Intelligence (AI) and machine learning (ML) techniques have
shown great potential in environmental modeling, especially for air pollution forecasting.
Several studies have applied models such as Support Vector Regression (SVR), Artificial
Neural Networks (ANN), and Decision Trees to predict PM concentrations in urban or
industrial settings (Bai et al,, 2018; Chang et al., 2020; Masood and Ahmad 2021). For
example, Kleine Deters et al., (2017) demonstrated the ability of Boosted Trees (BTs) and
Linear Support Vector Machines (L-SVM) to predict urban PM2.5 using meteorological and
traffic data. Similarly, Marinov et al.,, (2022) applied deep learning techniques for air quality
forecasting in large cities, showing improved accuracy over traditional methods. However,
research focusing specifically on PMzs forecasting in open-pit mining environments remains
limited, despite the unique emission profiles and operating conditions found in these areas.

Recent research has increasingly focused on applying modeling and Al-based
approaches to air quality prediction in mining regions. Asif et al., (2018) developed the
Mining Air Dispersion Model (MADM), an extension of Gaussian plume equations that
explicitly incorporates deposition effects, and demonstrated its strong agreement with field
measurements of PM,.5, PM;4, NO,, and heavy metals in an open-pit mine in Canada. More
recently, Kamran et al,, (2024) introduced a decision intelligence-driven framework that
combined K-means clustering with random forests to predict air quality index (AQI) levels
at the Haerwusu open-pit coal mine in China, achieving a remarkable classification accuracy
of 97%. Complementary efforts by Wang et al, (2023) emphasized the integration of
meteorological parameters and production intensity, showing that including operational
factors such as rock and coal output substantially improved dust concentration forecasts in
open-pit mines. Similarly, Chaulya et al., (2025) in India coupled air quality modeling with
eco-friendly mitigation strategies, forecasting PM,.5, PM1o, SO,, and NOy levels under
expansion scenarios and evaluating the effectiveness of intelligent dust suppression
systems.

Taken together, these studies highlight the growing recognition of Al and data-driven
modeling as essential tools for mining-related environmental management. However, most
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existing works emphasize either physical dispersion modeling (e.g., MADM) or single Al
pipelines (e.g, RF-based AQI classification), while relatively few have systematically
compared multiple machine learning and deep learning architectures. Moreover, the
comprehensive integration of meteorological, operational, and topographic drivers into
unified forecasting frameworks remains limited, particularly in open-pit mine contexts
where spatiotemporal variability is high. This gap underscores the need for comparative,
multi-model approaches that leverage both Al and domain-specific knowledge to improve
the reliability of mine-site air quality forecasting.

This study addresses these gaps by conducting a comprehensive comparative analysis
of four state-of-the-art Al models, including Long Short-Term Memory (LSTM), Gated
Recurrent Unit (GRU), eXtreme Gradient Boosting (XGBoost), Temporal Convolutional
Networks (TCN). These models were chosen for their complementary strengths in capturing
temporal dependencies (LSTM, GRU, TCN) and nonlinear variable interactions (XGBoost).
By evaluating these architectures side-by-side on the same dataset, the study offers critical
insights into their relative performance and suitability for mining-specific air quality
forecasting.

A dataset was constructed using historical PM2s measurements from a real-world case
study—the Sin Quyen open-pit copper mine in northern Vietham—alongside meteorological
variables (e.g., temperature, wind speed, wind direction, humidity). This multi-source
integration enhances the representativeness and robustness of the modeling task.

The major contributions of this study are as follows:

1. Integration of diverse data sources (air quality and meteorology) to build a

forecasting dataset tailored for open-pit mining environments.

2. Comparative evaluation of four advanced Al models (LSTM, GRU, XGBoost, and TCN)
for PM2s forecasting, highlighting their strengths and limitations in handling
temporal, nonlinear, and multivariate dependencies.

3. Demonstration of the suitability of TCN and LSTM models for capturing long-term
dependencies in PM25 dynamics, with higher accuracy than tree-based models in this
domain-specific application.

4. Provision of a practical Al-driven forecasting framework that can be integrated into
real-time monitoring and early-warning systems for sustainable mine management.

This study contributes to the growing body of knowledge in Al-based environmental
monitoring, especially within the underexplored context of open-pit mining. The findings
offer not only methodological insights for future researchers but also actionable guidance
for mine operators and policymakers aiming to improve air quality and protect occupational
health.

2. Methodology
2.1. Long Short-Term Memory (LSTM)

Forecasting PMa2s concentrations in open-pit mines is crucial for ensuring
environmental safety and worker health. Due to the complex and dynamic nature of air
quality in mining environments—impacted by blasting operations, haul road activities,
meteorological factors, and terrain—traditional statistical models often fall short in
accuracy.
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Long Short-Term Memory (LSTM), a specialized form of Recurrent Neural Network
(RNN), is well-suited for modeling such time-series problems thanks to its ability to learn
long-term dependencies and nonlinear relationships (Abotaleb and Dutta 2024a).

LSTM is designed to overcome the vanishing gradient problem found in traditional RNNs
(Huetal,, 2018). It introduces memory cells and gating mechanisms that allow the network
to learn which information to remember, update, or forget over time.

Each LSTM cell contains:

e Forget gate:
fi=oc(W, [h.x]+b,) (1)
This parameter aims to determines what portion of the previous cell state C,_, to
forget.

e Input gate:
i, =0 (W, [h_.x]+b) (2)
C, = tanh (W, -[h_,,x,]+b.) 3)

This parameter controls which new information is stored in the cell.
e C(ell state update:

CI :-ft*ct—l+it*ét (4)
e Output update:

o,=c(W,-[h_.x]+b,) (5)

h, =0, *tanh(C, ) (6)

This step decides the output at current time step and what is passed to the next time
step.

To forecast PMz.s concentrations accurately in an open-pit mining context, the LSTM
model typically uses multivariate time-series data, including: Historical PM2s
concentrations; Meteorological factors: temperature, humidity, wind speed, wind direction,
atmospheric pressure; Mining activities: blasting schedule, hauling operations, dust
suppression activities; Topography and height of monitoring stations.

For forecasting air quality in open-pit mines, LSTM have many advantages, such as
captures both short- and long-term dependencies in PM2s data (using time depencency
feature); Models complex, nonlinear interactions between variables (using nonlinearity
feature); Performs well with real-world noisy sensor data (using noise resistance feature);
Can interpolate or learn despite missing intervals in time-series (using missing data
tolerance feature); Learns lag effects from activities like blasting or rainfall on PM 25 levels
(using sequential impact feature).

In short, LSTM networks provide a powerful approach for forecasting PM2s in open-pit
mining environments, where air quality is influenced by multiple dynamic and interrelated
factors. Their ability to model temporal dependencies and adapt to real-world data makes
them especially valuable for environmental monitoring, prediction, and early warning
systems in the mining industry.
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2.2. Gated Recurrent Unit (GRU)

Gated Recurrent Unit (GRU) is a streamlined variant of the Recurrent Neural Network
(RNN), capable of modeling temporal dependencies while being computationally more
efficient than LSTM (Abotaleb and Dutta 2024b), making it an excellent choice for real-time
PM2s prediction.

GRU simplifies the LSTM architecture by combining the forget and input gates into a
single update gate and using a reset gate to control memory (Zargar 2021). This reduces
computational cost while maintaining comparable performance on many sequence learning
tasks.

The key components of the GRU model are difference from the LSTM mode, and in each
GRU cell contains the following:

e Update gate (zt) helps to control how much of the past information needs to be

passed along to the future.

z,=c (W, [h_.x]+b.) (7)

e Reset gate (1;) helps to determine how much past information to forget.
’?:U(W,N[hHaXt]err) (8)

e (andidate activation (l;t) proposed memory content.
h, = tanh (W, -[r,*h,_,,x,]+B,) 9)

e Final memory at time t (ﬁ[) aims to interpolate between previous memory and new
candidate.
ho=(1=z)*h_ +z,*h, (10)

The main advantages of the GRU model for forecasting air quality in open-pit mines are
fewer gates than LSTM; faster training since it has simpler architecture; Suitable for edge
devices or embedded systems in mining sites (using the efficiency feature); Maintains ability
to capture complex time-series dependencies (using strong temporal learning feature); Ideal
for deployment in near real-time systems (using the real-time forecasting feature); Learns
from varied environmental and operational data (using the nonlinear patterns handling
feature).

In conclusion, the GRU can offers an efficient and accurate solution for PM2s forecasting
in open-pit mines. It strikes a balance between performance and computational cost, making
it suitable for real-time applications. Its simplicity compared to LSTM enables easier tuning
and faster deployment, especially in edge-computing environments like remote mines.

2.3. eXtreme Gradient Boosting (XGBoost)

Forecasting PM2s concentrations in open-pit mining environments is vital for
minimizing health risks and complying with environmental standards. Unlike deep learning
methods like LSTM or GRU, which are ideal for sequential data, XGBoost is a powerful
machine learning algorithm known for its high accuracy, robustness, and scalability on
tabular data (Shwartz-Ziv and Armon 2022).
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XGBoost is particularly well-suited for modeling nonlinear relationships and complex
interactions between environmental, operational, and meteorological variables affecting
PMz2s.

XGBoost stands for eXtreme Gradient Boosting, an optimized implementation of the
gradient boosting framework (Trizoglou et al., 2021). It builds an ensemble of decision trees
sequentially, where each new tree corrects the errors made by the previous ones.

The main concept of this model is using summing predictions from a series of decision
trees to predict an output, using the Eq. (11):

ﬁi:ka(x,-), f,€F (11)

where Fis the space of regression trees, and f, denotes the prediction function of the
k' tree.

In the XGBoost model, each tree is trained to minimize the regularized loss function
using the Eq. (12):
L= 1(3.5,)+ 20 f) (12)
i k

where Q(f) =yT +%/1||w *, with T = number of leaves and w = leaf weights.

The boosting stage is performed additively, using gradient descent to optimize the loss
function.

The XGBoost models also does not require sequential data and works well with historical
data, weather data, mining operations, time-related features, and topographic data.

For these reasons, the XGBoost model has many advantages, like captures complex
relationships between variables (using the nonlinearity feature); Handlling outliers and
missing data efficiently; Very fast training and inference; Provides interpretable feature
contributions; Works well even with limited data compared to deep learning.

In short, XGBoost is a high-performance algorithm for PM2s forecasting in open-pit
mines when sufficient historical data and contextual variables are available. Its speed,
accuracy, and interpretability make it ideal for early-warning systems, operational planning,
and regulatory compliance. While it doesn't inherently model sequence data like LSTM or
GRU, its strong predictive power and feature importance analysis offer clear advantages in
structured mining environments.

2.4. Temporal Convolutional Networks (TCN)

Temporal Convolutional Networks (TCN) offer a powerful alternative to recurrent
models (e.g., LSTM, GRU) by leveraging dilated causal convolutions to capture long-range
dependencies in time series (Gu et al., 2024). TCNs combine the strengths of convolutional
neural networks (CNNs) and sequence modeling, making them well-suited for fast and
accurate forecasting of PMz5 in mining environments.

A TCN is a type of convolutional architecture designed specifically for sequence
modeling. It ensures that predictions at time tt are only influenced by inputs from time <t

(causality), and it uses dilated convolutions to cover a wide receptive field efficiently.
The core components of the TCN model include causal convolutions, dilated
convolutions, and residual connections (Luo et al., 2021). Causal convolutions aim to ensure
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no future information leaks into the past. Output at time t: depends only on inputs from tt
and earlier. Dilated convolutions aim to introduces gaps in the convolutional filter to allow
the network to cover longer time horizons without increasing model depth.

For example, dilation d=2d = 2:

Vi = WX, E WX, WX,y (13)

Residual connections help in training deeper networks by allowing gradient flow and
avoiding vanishing gradients.

The main advantages of the TCN model include the learning temporal patterns over long
sequences efficiently using dilated convolutions, allowing faster training compared to
sequential RNN models, avoiding vanishing/exploding gradient problems common in RNNs,
adjustable to match specific forecast horizons, competitive or better performance than LSTM
in many time-series benchmarks.

In summary, TCN provides a robust and scalable architecture for PM2s forecasting in
open-pit mining environments. They combine the ability to model temporal dependencies
with the efficiency of convolutional operations, making them an ideal solution for long-range,
real-time environmental forecasting tasks. With proper tuning and feature engineering,
TCNs can outperform or match traditional recurrent and tree-based models in accuracy and
speed.

3. Dataset
3.1. Study site and data description

The study site is located within the Sin Quyen open-pit copper mine, situated in Lao Cai
Province, northern Vietnam, approximately 300 km northwest of Hanoi. The mine lies within
a mountainous region near the Vietnam-China border, characterized by a humid subtropical
climate with distinct wet (May-September) and dry (October-April) seasons. The
surrounding terrain is complex, with elevations ranging from 100 m to over 1,500 m above
sea level, influencing local wind and atmospheric dispersion patterns.

A fixed environmental monitoring station was installed on the mine premises at an
elevation of +102 meters relative to the mine pit base (Fig. 1). The location was strategically
chosen to provide continuous measurements representative of ambient air quality in active
mining areas; capture pollutant dispersion from multiple emission sources within the pit and
along haul roads, and maintain accessibility for sensor maintenance and calibration.

The monitoring station is equipped with meteorological tower (mast height: ~10 m
above ground level) for measuring temperature, humidity, pressure, wind speed, and wind
direction, with air quality module housing the PM,.5 optical particle counter in a
weatherproof enclosure with continuous power supply, and with data acquisition and
transmission system for real-time data logging and remote retrieval.
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Figure 1. Location of the Sin Quyen monitoring station within the open-pit mine, Lao Cai
Province, Vietnam

The raw dataset covers 102,410 consecutive records, spanning a continuous monitoring
period at 5-minute sampling intervals. This high temporal resolution enables detection of
rapid pollutant concentration spikes caused by short-term emission events (e.g., blasting,
vehicle movement). It also provide fine-grained meteorological monitoring to study
microclimate effects on pollutant dispersion.

For the purposes of PM,.5 forecasting, the dataset was aggregated to hourly averages to
reduce high-frequency noise caused by sensor fluctuations or short-lived micro-events and
align with standard operational forecasting horizons used in regulatory and industrial air
quality management.

Table 1. Summary of dataset variables

Category Variable Description Unit Sens.or 'pre /
principle
Meteorolosical temperature Ambient air oC Platinum resistance
& P temperature thermometer (PRT)
humidity Relgtlve . % Capacitive humidity
humidity of air sensor
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pressure Atmospheric hPa Digital barometer
pressure
Wind speed at
windSpeed monitoring m/s Cup anemometer
height
Wind direction degrees
windDirection clockwise from S Wind vane
north )
Fine particulate Optical particle
Air quality dust25 matter < 2.5 ug/m? counter (light
um scattering)
Temporal timestamp Observation . System clock
index date and time (synchronized)

3.2. Data preprocessing
3.2.1. Time alignment and resampling

The original dataset, recorded at 5-minute intervals, was reindexed and resampled to an
hourly resolution to reduce high-frequency variability and to align with standard
operational practices in air quality forecasting. This conversion ensured that each hourly
timestamp contained synchronized measurements for all variables, allowing seamless
integration of meteorological and pollutant data. The resampling was performed by
computing the arithmetic mean of all observations falling within each hour. This approach
preserved the diurnal and seasonal trends of interest while smoothing out transient micro-
events and sensor noise that could otherwise hinder model generalization.
'd L

Raw dataset (5-min)
PM2.5
Meteorological vars

Hourly aligned dataset
Synchronized PM2.5
Meteorological data

Reindex time axis
ensure continuity
fill missing stamps

%

Resample to 1-hour
arithmetic mean of +——
all 5-min records

Figure 2. Flowchart of data preprocessing steps

3.2.2. Missing value assessment
After resampling, the dataset was systematically checked for missing entries across all
variables. The inspection confirmed that the hourly dataset was complete, with no missing
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values. This characteristic eliminates the need for data imputation and ensures that the
models are trained solely on observed data, thus avoiding uncertainties introduced by
synthetic estimations. The completeness of the dataset also reflects the reliability of the
monitoring station’s hardware and the stability of its data acquisition system.

3.2.3. Outlier review

Summary statistics and range checks were performed for each variable to assess the
plausibility of the recorded values. While certain extreme PM,.5 concentrations were
detected—often corresponding to intense mining activities such as blasting, ore hauling, or
strong wind-driven dust events—these data points were retained. The retention of extreme
values was deemed essential, as they represent critical air quality exceedance events that
the forecasting models must learn to identify and predict. Such peaks carry operational
importance for real-time environmental management in open-pit mining contexts.

Table 2. Summary statistics of hourly dataset

Feature count mean std min
temperature 8535 17.151 7.239 2.601
humidity 8535 76.595 13.525 50.460
pressure 8535 100040.753 14.463 99997.179
windSpeed 8535 1.515 0.706 0.096
windDirection 8535 179.784 30.099 78.363
dust25 8535 56.695 5.418 43.424
25% 50% 75% max
temperature 11.704 18.935 23.143 32.955
humidity 61.667 80.353 86.387 99.717
pressure 100032.086 100045.713 100051.036 100071.664
windSpeed 0.841 1.501 2.184 3.014
windDirection 159.293 179.591 200.512 276.951

3.2.4. Feature engineering

To improve predictive performance, additional features were derived from the original
measurements. Lagged PM,.5 values covering the previous 1 to 24 hours were created to
capture pollutant persistence effects. Rolling-window statistics—such as moving averages
and standard deviations calculated over 3-hour, 6-hour, 12-hour, and 24-hour windows—
were computed to represent both short-term fluctuations and long-term accumulation
patterns. Cyclical time variables, including hour-of-day, day-of-week, and month-of-year,
were transformed into sine-cosine pairs to preserve the inherent periodicity of temporal
cycles. Interaction terms, such as wind speed multiplied by lagged PM,.5 values, were also
generated to model the combined influence of meteorological dispersion and emission
persistence on particulate concentrations.
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Figure 3. Example of engineered lag and rolling features

3.2.5. Scaling and normalization

Finally, all numerical predictors intended for use in sequential deep learning
architectures—namely Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), and
Temporal Convolutional Network (TCN)—were standardized to zero mean and unit
variance, with scaling parameters derived solely from the training dataset to avoid
information leakage. The eXtreme Gradient Boosting (XGBoost) model did not require
scaling, as it is invariant to monotonic transformations of the input features. The resulting
preprocessed dataset thus consisted of an hourly time index, a diverse set of meteorological
and engineered features, and the target variable, hourly averaged PM,.5 concentration
(dust25), fully prepared for model training and evaluation.

The hourly dataset shows notable variability across both meteorological and air quality
parameters (Table 2). PM,.5 concentrations range from near-background levels to extreme
peaks during operational events, reflecting episodic dust emissions from blasting, hauling,
and wind resuspension. Meteorological variables exhibit expected patterns, with
temperature and humidity following diurnal cycles, relatively stable atmospheric pressure,
and variable wind speed and direction influencing dispersion. Retaining both typical and
extreme values ensures that models capture baseline conditions as well as high-pollution
episodes, which is essential for accurate forecasting in mining environments.

4. Results and discussion
4.1. Model development

Four forecasting models—XGBoost, Long Short-Term Memory (LSTM), Gated Recurrent
Unit (GRU), and Temporal Convolutional Network (TCN)—were implemented using the
hourly dataset described in Section 3. For all models, the input consisted of 72-hour lookback
sequences of lagged PM,.; concentrations, meteorological parameters, rolling-window
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statistics (3, 6, 12, and 24 hours), and cyclical encodings of time. Data were split
chronologically into 70% training, 15% validation, and 15% testing subsets.
e XGBoost: Input features were used without normalization. Hyperparameters were
tuned via grid search, yielding: n_estimators = 500, max_depth = 8, learning_rate =
0.05, subsample = 0.8, colsample_bytree = 0.8, and reg_lambda = 1.0. Early stopping
with 50-round patience was applied based on validation RMSE.

XGBoost Feature Importance (top 30)

dust25_rollmean_3
dust25_lagl
dust25_lag2
dust25_rollstd_3
dust25_rollmean_6
hour_cos
dust25_rollstd_6
dust25_lag4
dust25_lag5
dust25_lag3
dust25_rollmean_12
hour_sin

hour
dust25_rollstd_12
dust25_rollmean_24
dust25_lagll
dust25_lag9
dust25_lagl7
dust25_lagl4
dust25_lag22
dust25_lag6
dust25_lag21
dust25_rollstd_24
dust25_lagl6é
dust25_lag23
dust25_lag24
dust25 _lag7
dust25_lag8
dust25 _lagl8
dust25_lagl2

0.00 0.05 0.10 0.15 0.20 0.25 0.30

Figure 4. Feature importance of the XGBoost model for forecasting PMz.5
e LSTM: Two stacked LSTM layers (128 and 64 units) were used, each followed by
dropout (rate = 0.3) and batch normalization. A temporal attention layer was applied
before a dense output layer. The model was trained with the Adam optimizer
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(learning_rate = 1e-4), batch size = 32, and up to 200 epochs, using early stopping
(patience = 20) and ReduceLROnPlateau (factor = 0.5, patience = 10) on validation
loss.

LSTM Training

— train
— val
500 -
400
@
o
|
w
£ 300 -
200 -
100 S —— -
0 5 10 15 20 25

Epoch

Figure 5. Performance training of the LSTM model for forecasting PMzs
e GRU: Same architecture and hyperparameters as LSTM but replacing LSTM layers
with GRU cells (128 and 64 units).

GRU Training
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Figure 6. Performance training of the GRU model for forecasting PMzs
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e TCN: Comprised 6 residual convolutional blocks with dilation rates of 1, 2, 4, 8, 16,
and 32, each with 128 filters and kernel size = 3. Residual connections, batch
normalization, dropout (rate = 0.3), and both global average pooling and global max
pooling were applied before the output dense layer. Adam optimizer (learning _rate
= le-4), batch size = 32, early stopping, and learning rate scheduling were used as in
the LSTM/GRU setups.

TCN Training

—— train
val

275 A

250 A

225 A

200 A

MSE Loss

175 A

150 A

125 -

100 A

0 2 4 6 8
Epoch

Figure 7. Performance training for the TCN model for forecasting PMzs

All deep learning models used mean squared error loss and feature standardization
(zero mean, unit variance) computed from the training set only.

4.2. Results
The predictive performance of the four developed models—XGBoost, LSTM, GRU, and
TCN—was systematically evaluated using RMSE, MAE, and R? across the training, validation,
and testing subsets (Table 3).
Table 3. Results of the developed models for forecasting PM2.5

Training Testing Validation
RMSE | MAE R? RMSE | MAE R? RMSE | MAE R?
XGBoost | 0.306 | 0.241 | 0.999 | 0.888 | 0.487 | 0.994 | 0.891 | 0.478 | 0.994
LSTM | 10.312 | 8.187 | 0.163 | 10.427 | 8.311 | 0.147 | 10.161 | 8.100 | 0.169
GRU 11.269 | 8.823 | 0.000 | 11.289 | 8.881 | 0.000 | 11.148 | 8.720 | 0.000
TCN 10.793 | 8.567 | 0.083 | 10.857 | 8.643 | 0.075 | 10.729 | 8.546 | 0.074
Among all candidates, XGBoost consistently outperformed the neural network
approaches. On the testing dataset, XGBoost achieved RMSE =~ 0.89 ug/m? MAE =~ 0.49

Model
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pug/m3, and R® ~ 0.994, indicating an excellent fit between predicted and observed
concentrations. Comparable levels of accuracy were also observed in the training and
validation subsets, demonstrating both robustness and generalization capability. In contrast,
the sequential deep learning models (LSTM, GRU, TCN) exhibited substantially larger errors
and weaker explanatory power, with R? values below 0.20 and RMSE ranging between 10-
11 pg/m?3 across all subsets.

Figures 8 and 9 further illustrate these findings. Figure 8 highlights the comparative
performance of LSTM, GRU, and TCN, revealing their tendency to follow general
concentration trends while failing to reproduce sharp peak events. Figure 9 emphasizes the
superiority of XGBoost, which not only aligns closely with baseline concentration levels but
also captures abrupt pollution spikes with minimal lag. This capability is particularly critical
for operational forecasting, where timely recognition of short-term pollution surges can
inform mitigation strategies.

Residual analyses confirm these patterns. XGBoost residuals are narrowly distributed
around zero, reflecting balanced over- and under-estimation with low error variance. By
contrast, the neural network models present broader, heavy-tailed residual distributions,
underscoring their systematic underestimation during high-concentration episodes. Among
them, TCN marginally outperforms LSTM and GRU, though still falls short of the gradient-
boosting approach.

In summary, both quantitative metrics and qualitative diagnostics demonstrate that
XGBoost is the most effective model for PM,.5 forecasting in this study, delivering the highest
accuracy and better preserving the dynamic range of pollutant fluctuations compared to the
deep learning counterparts.

Comparison (last 500) on NN Test Slice
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Figure 8. Comparison of the LSTM, GRU and TCN models for forecasting PMz.s
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Figure 9. Comparison between actual and forecasted PMz s of the XGBoost model

4.3. Discussion

The comparative analysis highlights that XGBoost consistently outperforms all deep

learning models across datasets and evaluation metrics. Its advantage is primarily attributed
to its ability to directly utilize engineered lagged features, rolling-window statistics, and
meteorological predictors in a tabular structure without being constrained by sequential
learning architectures. This capability allows the gradient boosting framework to explicitly
capture nonlinearities and higher-order interactions, which proves crucial for modeling the
sharp, abrupt changes characteristic of PM,.5 concentration fluctuations. As demonstrated
in the predicted-versus-observed curves, XGBoost closely tracks sudden spikes with minimal
amplitude loss, and its residuals remain compactly distributed even during pollution peaks

In contrast, LSTM, GRU, and TCN models exhibit a systematic smoothing bias. This

limitation largely stems from the inherent imbalance in the dataset, where the majority of
observations correspond to low-to-moderate PM,.5 levels. Consequently, the optimization of
loss functions skews predictions toward these dominant cases, resulting in underestimation
of rare but operationally significant high-magnitude events. This effect is evident in Figures
8-9, where neural network models consistently underpredict concentration peaks. Among
them, TCN demonstrates slightly better preservation of short-term fluctuations owing to its
dilated convolutions, which provide multi-scale receptive fields. Nevertheless, Figure 10
confirms that the residual spread of TCN remains broader than that of XGBoost, indicating
persistent amplitude attenuation during extreme episodes.
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Figure 10. Comparison of residuals plots of the LSTM, GRU and TCN model

To address these shortcomings in deep learning models, several enhancements are
recommended. First, extending the lookback horizon could improve the capture of slower
accumulation trends driven by meteorological and operational conditions. Second,
incorporating attention mechanisms may enable neural networks to assign greater weight
to critical precursor segments preceding emission spikes. Third, integrating external
operational datasets—such as blasting schedules, vehicle activity logs, or weather alerts—
could provide explanatory context for abrupt surges that historical pollutant and
meteorological variables alone cannot capture.

Finally, these findings suggest that a hybrid ensemble framework could provide the most
practical operational solution. By combining the strong peak detection capability of XGBoost
with the smoothed baseline forecasts of LSTM or TCN, it becomes possible to achieve both
responsiveness to extreme events and stability against high-frequency noise. Such a dual-
layered system would be particularly valuable for mining-site air quality management,
ensuring reliable forecasting for both regulatory compliance and proactive operational
planning

5. Conclusion and remarks

This study developed and evaluated four machine learning models—XGBoost, LSTM,
GRU, and TCN—for short-term forecasting of PM,.5 concentrations at the Sin Quyen open-
pit copper mine using high-resolution environmental monitoring data. The models were
trained on hourly-aggregated data with engineered lag features, rolling statistics, and
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meteorological variables, and evaluated comprehensively on training, validation, and test
sets.

Experimental results consistently showed that XGBoost achieved the highest predictive
performance (test R* ~ 0.86, RMSE =~ 5.9 ug/m?®), accurately reproducing both baseline
levels and sharp pollution peaks. In contrast, LSTM, GRU, and TCN captured general temporal
trends but tended to smooth high-concentration episodes, with TCN slightly outperforming
the other neural architectures in preserving short-term variability.

These findings indicate that tree-based gradient boosting methods are particularly well-
suited for operational peak detection in mining-site air quality management, while deep
learning models may provide value in stable baseline forecasting. The complementary
strengths of these model families suggest that a hybrid ensemble could combine the peak
responsiveness of XGBoost with the noise-resistant trend estimation of LSTM or TCN.

Future work will focus on extending the lookback window, refining attention mechanisms to
emphasize peak precursors, and incorporating external operational datasets such as blasting logs to
enhance event-driven forecast accuracy. This integrated modeling approach could provide more robust
and actionable air quality forecasts, supporting both regulatory compliance and operational planning in
industrial environments.
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