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Abstract

In this contribution, three techniques related to modelling and remote sensing were tested
to answer questions and satisfy requirements from air quality managers in the mining
sector: (1) What are appropriate emission factors for blasting operations in copper mines?
(2) How can we know the concentration of particulate matter in the next few hours in
advance? (3) How can we generate a heat map of the particulate matter levels over the mine
and nearby populations? These techniques were evaluated for one of the most relevant
open pit mines in southern Europe, the Riotinto Mine, Huelva (Spain). The results obtained
suggest that these techniques can efficiently improve the management of air quality in
mining activities.

Keywords: particulate matter; mining; modelling; satellite; air quality

1. Introduction
The nature of the activities carried out in an open pit mine requires appropriate and

efficient management of the dispersion of pollutants generated and of the local air quality
levels [1,2]. The blasting, excavation, and transportation of minerals are some of the main
mining activities that can generate the release of particles into the atmosphere [3,4]. These
particles may contain heavy metals and other chemical species that can have effects on the
respiratory health of people living near mines [5–7].

In this research, three techniques related to air quality modelling and remote sensing
were evaluated. These techniques can be qualified as innovative from the point of view
that they are not commonly used for the management of air quality in the mining sector,
not from a research perspective. These three techniques aim to respond unsolved questions
regarding sources of uncertainty identified based on the authors’ experiences. Firstly,
we evaluated how to calculate the emission factors of blasting activity for copper mines
because no recommended values exist for these kinds of mines in the most-used databases,
like AP-42 from the US Environmental Protection Agency [8] and EMEP/EEA based on
the European Environment Agency’s [9] guidelines (the recommended values in these
guidelines are representatives for blasting in coal mines). Secondly, a nowcasting tool was
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created considering the direct relationship between the concentration of particulate matter
and meteorological conditions, like the planetary boundary layer height [10]. And finally,
we tested how to generate a heat map of the particulate matter levels over the mine and
nearby populations using non-traditional data such as measurement monitoring points.

To address these topics, we tested three techniques: (a) A semi-empirical approach
based on the methodology of inverse modelling was used to properly estimate the emission
factors of particulate matter released to the atmosphere related to blasting activity. (b) A
data-driven model was trained to generate nowcasting results for the levels of particulate
matter considering, mainly, the evolution of the meteorological conditions and a high
amount of historical concentration data. And (c) an air quality monitoring service that
derives particulate matter properties from space by transforming public satellite data and
other public sources was tested.

In the scientific literature, there exist many examples of inverse modelling as a tech-
nique to estimate the emissions that affect the pollutant concentration [11,12] and of using
data-driven models [13,14] and satellite information [15,16] to forecast and diagnose, re-
spectively, the local air quality. But there are not a lot of applications of these techniques to
open pit mine environments. The three techniques were evaluated over the Riotinto Mine,
Huelva (Spain). Proyecto Riotinto of Atalaya Mining in Minas de Riotinto is the flagship
operating mine, a fully operational and conventional open pit. Currently, it comprises two
ore deposits: Cerro Colorado and San Dionisio. The site also houses copper concentrate
ore processing facilities (15 Mt/year). Copper is an essential component to producing,
distributing, and storing renewable energy, and its demand is rising sharply as the world
transitions to a low-carbon economy [17].

In the next sections, we present the methodology used (Section 2), the main results
obtained (Section 3), and the main findings and conclusions achieved (Section 4).

2. Methods
Summaries regarding every methodology used for every technique analyzed are

presented in the next subsections.

2.1. Improvements in Blasting Contribution

The inverse modelling methodology consists of inferences from the Gaussian puff
model equation [18] for the mass of PM10 emitted in each blast, considering the PM10 peak
recorded by a sensor that receives the impact of the plume generated for this activity. In
doing so, this procedure, with a history of blasts impacting air quality sensors, calculates
specific emission factors by relating the emitted mass data to the blast area.

To carry out the inverse modelling, we used the Gaussian puff model equation follow-
ing the methodology of [19], which considers the evolution of the concentration associated
with a plume caused by an instantaneous emission under a uniform wind field. The
WRF [20] model at 1 km resolution was used to simulate the wind field and other meteoro-
logical variables such as the Pasquill dispersion category, which is necessary to compute
some parameters in the methodology of [19].

Pollutant dispersion is very sensitive to the meteorological conditions. For this reason,
the WRF model was previously calibrated to the application of the inverse modelling
following the methodology of [21], considering the period compressed between July 2021
and June 2024. For this, measurement information from the nearest local meteorological sta-
tion of El Campillo/El Zumajo, managed by the Spanish National Meteorological Agency
(AEMET), was used (37.67◦ N, 6.59◦ W, 340 m.a.s.l). A numerical deterministic comparison
between the observed and modelled values during this period shows that the MB and RMSE
for wind speed are 1.2 m/s and 2.0 m/s, respectively, and a MAGE of 38◦ was observed
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for wind direction. The results obtained indicate that the WRF model provides a reason-
able representation of the atmospheric flow conditions relevant for pollutant transport
and dispersion.

The inverse modelling methodology was applied to a set of 143 blasts from the period
of January 2022 to April 2025 at the Riotinto Mine, for which we had information on the
area, time, and coordinates where blasting activity occurred. These 143 blasting episodes
were filtered considering those that impact the receptor directly, for which there was no
precipitation during the event and natural dust intrusion episodes were discarded.

To estimate the PM10 contribution from concentration peaks, 5 min resolution data
from a receptor sensor located in the town of La Dehesa (Huelva, Spain; latitude: 37.7137◦

N; longitude: 6.5822◦ W), close to the blasting area, were used. All blasting operations for
which the wind direction did not favour a perceptible impact on the location of the sensor
were discarded.

2.2. Nowcasting of PM10 Levels

To forecast the next hourly PM values, a Temporal Fusion Transformer (TFT) was used.
The TFT was first introduced in [22] and has been tested and implemented many times,
as detailed in the referenced articles [23–26], all of which produced high-quality results.
Specifically, the TFT implementation used for the Riotinto case was developed originally by
PyTorch Forecasting [27] version 1.3.0. The model has a transformer architecture comprising
an LSTM encoder and decoder. This is preceded by input embeddings and followed
by variable selection networks and GRNs (gated residual networks). The model also
incorporates a multi-head attention mechanism to integrate information across time steps
and capture long-term dependencies.

The methodology has been applied over the municipality of Nerva (Huelva, Spain);
(latitude: 37.6952◦ N; longitude: 6.5507◦ W). This receptor point is located relatively far
from the mine and is therefore less influenced by uncontrolled direct emissions, which can
generate instant peaks of particulate matter that are very difficult to reproduce. However,
it is still influenced by the mine’s overall activity.

The data used to train the model comes from two different sources: the particulate
matter concentration, measured in monitoring points, such as other meteorological vari-
ables measured by the mine’s sensors, and the hourly forecast obtained using GFS [28]
and WRF models. Several meteorological variables from meteorological forecasts were
included for their influence on the concentration of particulate matter. Further details about
the features can be found in Table 1, and the hyperparameters are specified in Table A1
in Appendix A. The training period selected was two years and began in June 2021. The
testing period ran until the end of 2023.

Table 1. Names of the features used to train the TFT.

Features

Target values PM10, PM2.5

Known real values Hour, weekday, week, month, forecasted
meteorological variables

Unknown real values Measured meteorological variables
Categorical values None

Static values None

2.3. Elaboration of Heat Maps Using Satellite Data

The third technique evaluated in this study involves generating high-resolution heat
maps of particulate matter concentrations in and around the Riotinto Mine using different
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remote sensing instruments. For this purpose, in our study, we used the satellite-based
air quality monitoring tool based on the GRASP algorithm (Generalized Retrieval of
Atmosphere and Surface Properties). GRASP is one of the most advanced algorithms for
aerosol and surface properties determined using different instruments, and it was selected
for upcoming public space missions such as Sentinel-4, Sentinel-7, and 3 MI due to its
proven performance [29–31].

The GRASP algorithm takes as input different satellite data to provide spatially de-
tailed estimations of PM2.5 and PM10 levels and different aerosol products. The resolution
of the products is relayed to the resolution of the satellite data; in this case, the PM10

and PM2.5 satellite-derived products were based on OLCI (S3—300 m–500 m resolution),
TROPOMI (S5P—7 × 3 km), and PARASOL (POLDER—6 km) data.

3. Results and Discussion
3.1. Improvements in Blasting Contributions

Out of the 143 recorded blasts analyzed, there were only 2 that satisfied the conditions
defined to infer the emission by the inverse modelling methodology.

Figure 1 shows the PM10 concentration field caused by one of the analyzed blasting
operations, on 12 March 2025, with a blasted area of 1800 m2, simulated with a Gaussian
plume model. It corresponds to an illustrative comparison between the simulation using
the mass emitted according to the emission factors established in the AP-42 on the left
and that using the mass emitted inferred by inverse modelling from the peak recorded
at the La Dehesa receptor on the right, from which the contribution of the blasting to the
PM10 concentration was estimated to be 104 µg/m3. In this case, with a southwest (SW)
wind, the mass emitted estimated by the AP-42 emission factor was 6.63 kg, whereas via
inverse modelling, it was 1.40 kg. The emissions estimated using the inverse modelling
method are almost five times lower than those obtained using the standard AP-42 emission
factor. This is because, as we indicated previously, the standard AP-42 emission factor is
valid for coal mines, and coal’s pulverizing capacity is greater than that of copper, given its
lower density, hardness, and moisture content. Table 2 shows the emissions considered, the
concentration estimated by modelling, and the estimated contribution of the blasting to the
PM10 concentration.

Figure 1. Comparison of the PM10 concentration obtained using Gaussian dispersion modelling and
emissions calculated by AP-42 emission factors (left) and estimated using inverse modelling (right).
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Table 2. Comparison between the modelled concentration using different emission factor estima-
tions and the estimated contribution of the blasting to the PM10 concentration for the episode of
12 March 2025.

Emission Factor
Estimation Method Emission Modelled

Concentration

Estimated Contribution
of the Blasting to

PM10 Concentration

Difference Between
Modelled and

Observed

AP-42 6.63 kg 651 µg/m3
104 µg/m3 547 µg/m3 (526%)

Inverse Modelling 1.40 kg 137 µg/m3 33 µg/m3 (32%)

3.2. Nowcasting of PM10 Levels

Overall, the trained TFT model achieves mean absolute errors (MAEs) of 3.0 µg/m3

and 1.6 µg/m3 for PM10 and PM2.5, respectively.
In Figure 2 (above), the r2 score is presented for both pollutants and compared to

the persistence performance, following the recommendations of [32], where persistence
means the order 0 forecast, i.e., the last observed value. The difference between the TFT
and persistence grows larger with each forecasted hour and is more notable in PM10, which
is consistent with this pollutant’s higher variability due to its greater number of possible
emission sources. Furthermore, since persistence loses value over time, it is expected that
the TFT will display better performance when increasing the forecasted hour. On the other
hand, despite displaying an expected behaviour, the r2 values are low, possibly indicating a
missing PM source in our training dataset, most probably data related to the mine’s activity.

Figure 2. r2 score for PM10 and PM2.5 compared with the persistence forecast (above) and a compari-
son of the mean hourly values forecasted and observed throughout the day (below).

Finally, Figure 2 (below) shows the mean hourly values of the forecasts and of the
observed values throughout the day. The observed and forecasted means are very similar,
and the means of the TFT forecast correctly follow the observed mean profile. Nevertheless,
the model consistently predicts lower values than the actual measurements. This is because
the model struggles to predict sudden increases in the data, or peaks, which show no clear
patterns as they are influenced by mining activity, which was not included in the training.
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Other aspects that may impact model performance and explain the low r2 values and
this systematic underestimation are systematic errors in the WRF-modelled wind direction
caused by the higher topographical variability around the mine site.

3.3. Elaboration of Heat Maps Using Satellite Data

The use of the GRASP algorithm with satellite remote sensing data for monitoring par-
ticulate matter concentrations has demonstrated valuable potential, particularly at higher
resolutions. Figure 3 shows the PM10 concentration levels over the Riotinto Mine area
using Sentinel-3/OLCI observations on 6 and 20 July 2019. Retrievals were processed using
the GRASP/OLCI algorithm, which incorporates a priori constraints based on ancillary
datasets such as VIIRS and POLDER to improve the accuracy of the aerosol characterization.

 

 

Figure 3. Spatial variability in PM10 (µg/m3) at the Riotinto Mine and its surroundings determined
using GRASP/OLCI methodology for 6 July (above) and 20 July(below), 2019 (left). Zoom of this
spatial variability near Riotinto mine (right).

The PM10 heat map, shown in the left panel, illustrates spatial variability with con-
centrations around the Riotinto Mine. The map on the right shows a zoomed-in area
for the same data over the Riotinto Mines. One key advantage of the GRASP/OLCI
methodology is its spatial resolution—300 m—which is sufficient for detecting more de-
tails around the Riotinto Mine and surrounding areas. This level of detail is particularly
suited for applications involving environmental management and exposure assessment in
industrial regions.

4. Conclusions
Three technologies were tested with the aim of improving the management of air

quality in an open pit mine and its surroundings. The main conclusions achieved through
this research include the following:
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(1) As standard emissions factors for blasting operations like AP-42 are based on coal
mines, they do not correctly apply to copper mines, generating a relevant overestima-
tion of the concentration generated by blasts. The inverse modelling methodology is
a simple, useful, effective, and scalable tool for calculating emission factors that are
more appropriate than those of the standards.

(2) The nowcasting technique enables us to determine, with a high degree of accuracy,
the evolution of this pollutant over the next few hours (1, 2, 3 h). The TFT model
developed adds value compared to persistence forecasting, showing low levels of
MAEs, 3.0 µg/m3 and 1.6 µg/m3 for PM10 and PM2.5, respectively, indicating reliable
performance in predicting these pollutants.

(3) GRASP satellite observations provide a powerful tool for hindcast analysis, long-term
trend evaluation, and spatial hotspot detection, providing essential input for risk
assessment and targeted air quality interventions. These capabilities are crucial for
understanding the environmental footprint of mining operations and for informing
public health strategies in affected areas.

Some areas of limitations and improvement are identified for this research work. Thus,
the following activities are considered for future work:

• For the blasting contributions, only two episodes were identified that meet all defined
conditions. It is necessary to expand the analysis for a longer period. Furthermore,
the inverse modelling estimation can be extended considering the type of material
(mineral or sterile), pollutants, PM2.5, and heavy metals. Also, incorporating CFD
(Computational Fluid Dynamics) modelling can help us obtain a better representation
of the pollutant dispersion.

• In the case of the nowcasting study, PM10 shows lower accuracy in comparison
with PM2.5 due to higher emission source contributions and higher uncertainty in
measurements, as well as higher difficulty in representing exceedances of the legislated
limit values. For this reason, the use of a more representative period is required to
validate nowcasting results and focus on exceedance forecasts.

• Finally, in the case of the hindcast analysis, a limitation remains regarding the revisit
frequency of Sentinel-3 that it is currently limited to once every 2–3 days. Incorporating
future satellite missions with a higher revisit frequency will improve the possibilities
of hindcast analysis. Also, coupling surface information from monitoring points with
satellite information can improve the heat maps generated.
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Appendix A

Table A1. Hyperparameters used for the TFT model.

Hyperparameters

Epochs 200 No. of iterations over the data
Prediction length 3 No. of future time steps

Encoder length 48 No. of past time steps in
the input

Learning rate 0.068 Step size for model optimization

Batch size 32 No. of training samples in a
single pass

Dropout 0.1 Fraction of dropped neurons
Loss function Quantile loss --

Attention head size 1 No. of parallel attention heads

Hidden size 8 Dimensions of the
model’s layers
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