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Remote sensing to their degradation. Although this phenomenon has hardly been studied in this context, it is
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becoming increasingly important due to new trends in infrastructure location, especially in
renewable energy terms. Metallic structures are particularly vulnerable to degradation by the
action of windblown sand particles. However, characterising such secluded sites is complicated,
and remote sensing systems and satellite information become crucial. The objective of this
research is to identify and delineate the geographic areas that are vulnerable to this phenomenon
by employing a hybrid model with historical data and the semi-automatic classification of mul-
tispectral satellite images. The model is based on critical variables identified by the scientific
community and case studies documented in the literature. The methodology used for the study
consists of four phases, including creating a scientifically robust database, downloading and
managing satellite and historical long-term information, segmenting the regions of interest, and
modelling using supervised classification techniques. The proposed algorithm shows very accu-
rate results (R? = 0.9922) and the overall system approach is presented as a useful and gener-
alizable method to address this problem, increasing the existing knowledge on material wear by
particle action, and contributing to optimizing the initial design of resilient structures.

1. Introduction

Structural degradation is not only associated with structural problems, but also with economic, environmental and social problems
[1]. Managing degradation and creating resilient structures is a major issue and a constant challenge [2]. There are different mech-
anisms of material degradation, the principal ones being: corrosion [3] and abrasion [4]. Corrosion is the process of decomposition of a
material caused by a chemical reaction with its environment [5], while abrasion is a physical erosion process produced by particles
impacting solid objects [6].

In dry regions, and areas with insufficient rainfall to support vegetation, there is a greater likelihood of degradation of adjacent
structures. Erosion is a complex phenomenon that can occur in very different environments. However, there are some basic charac-
teristics that locations susceptible to this phenomenon must share. Situations of low relative humidity, high wind speeds and high
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amounts of airborne particles are likely to carry sand by the wind and impact on surrounding constructions [6]. The mechanism of
wind-blown sand transport that mainly influences this phenomenon is saltation, and it is related to the movement of particles with
diameters between 0.07 and 0.50 mm [7]. Furthermore, soil composition and clay content in the soil makes it more aggressive towards
the metal, which influences the efficiency of water absorption [8].

Particle erosion has been studied in various contexts. There are models for soil erosion [9-12], computational models for pipeline
erosion control, especially in the oil and gas industry [13-18], modelling with CFD (computational fluid dynamics), finite element
models [19], ANSYS or ABAQUS software [13,20] and new methods based on ‘bipolar electrochemistry’ [21]. Unfortunately, all these
findings are not directly applicable to abrasion caused by wind-driven particles, since liquid transport fluids have greater carrying
capacity, thus transporting more and much larger particles.

Moreover, this phenomenon not only affects infrastructure stability in general but different sectors, in particular. For example, it
also impacts the reflectance loss of solar panels [22], increasing the weight to be supported by the structures, the burying of in-
frastructures and, even, corrosion [23]. In some cases, this phenomenon can be diminished by physical mitigation systems [24,25],
although the most common way is to improve material protection [26,27] with a consequent rise in cost. However, such cases are
challenging and are having an increasing impact. For example, on the north-west coast of Egypt, sandstorms wear down buildings [28].

Nevertheless, the action of windblown sand and its effects on civil structures and infrastructure are almost entirely overlooked in
the literature [25], which makes it difficult to unify the work and complicates the monitoring of these issues. The reason for the little
attention being paid to this problem may lie in the fact that most locations are not a priori susceptible to these circumstances [7]. The
regions which are potentially susceptible to the action of windblown sands are coastal dunes [29], active sand deposits [30] and
degraded lands [22], occupying about one-fifteenth of the Earth’s surface [31]. However, such areas increasingly host human ac-
tivities, such as transport, industrial, mineral exploitation, residential uses and renewable energies. More and more civil structures and
infrastructure are being built in desert and coastal regions [32,33]. In addition, climate change has a strong impact on environmental
conditions [34] and sandstorms occur much more frequently [35]. Accordingly, since this is a physical phenomenon with a cumulative
impact, the number of risky events will also increase. Therefore, there is a need to update environmental measures, to properly design
new structures and ensure the reliability of existing ones.

In this context, using geographic information system (GIS) techniques for processing and analysing data containing spatial in-
formation [36] derived from remote sensing [371], it is proposed to characterise and locate areas susceptible to such problems. Many
studies use these technologies to classify and diagnose the health of the earth’s crust, soils and vegetation [38-41]. Specifically, the use
of remote sensing and GIS techniques is beginning to be used in this context, to assess sand dune hazards [42], but there are no studies
that globally characterise the susceptibility and risk potential of a given area. Moreover, the specific problem of degradation of metallic
structures by abrasion is more complex, as it requires not only the study of the ground cover but also the influence of other critical
factors, such as granulometry, composition and climatic characteristics. This makes it necessary to gather extensive long-term data, in
order to understand the underlying mechanisms and develop effective solutions.

Knowing and classifying the earth’s surface is interesting, with respect to constructive engineering and structural design. Examples
of mitigation measures [43-46] or equations for modelling the impact of this degradation [13,47] are currently available; however,
there are currently no existing tools that allow us to predict potential risks beforehand or create suitable designs, based on a hybrid
model comprising historical data and multispectral imagery, to identify problematic areas.
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Fig. 1. Overall process followed.
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The primary objective of this study is to develop a comprehensive world map that identifies areas prone to wind abrasion. The aim
is to leverage potential remote sensing and multispectral image analysis technologies to classify global terrains based on historical data
and case studies. The ultimate goal is to characterise diverse environments without the need for costly on-site sampling and location
assessments, providing generalized results applicable anywhere in the world. By achieving this, the study aims to significantly address
the issue of wind erosion and associated problems related to sand transport in eroded soils. Ultimately, this research aims to reduce
uncertainty in the initial stages of construction projects in these vulnerable areas, ensuring a more informed understanding of
theirdimensional requirements. This paper begins by providing a comprehensive explanation of the methodology used. The approach
encompasses the identification of case studies, actual historical data, and training variables to train the model. Subsequently, the
creation of the database is discussed, which involves characterising each region of interest through multispectral images. The paper
then outlines the modelling and evaluation techniques employed in the study. Lastly, the results are examined and the conclusions
derived from this research are presented.

2. Materials and methods

Developing a model for wind abrasion segmentation requires a robust database with validated information from various sources.
This data serves as a basis for applying regression and classification models, which enable the identification of problematic areas and
the drawing of conclusions about the impact of the wear problem on their metal structures. The resulting model is a hybrid system
model, integrating the strengths of combining different data types and processing techniques. The method used is summarised in Fig. 1
and involved four main phases. The preliminary phase included a thorough literature review to find case studies and real scenarios to
base the model training on. Finding suitable case studies is crucial for developing effective solutions but gathering accurate and
relevant data can pose significant challenges. The first phase consisted of multi-spectral image processing and historical information
downloading for the specified study locations. During the second phase, the training areas were created based on the analysed data
and, finally, the third phase consisted of global modelling. The freeware tools used in each case are shown in blue.

2.1. Phase 0: literature review

The most reliable option for assessing the real danger of erosion caused by sandstorms was through real-life exposure to certain
materials. However, this can be a time-consuming task.

Since the problem studied here was scarcely addressed in the literature, a careful selection of sufficient, valid, and scientifically
rigorous data was crucial, to ensure the robustness of the model. In this way, although there may not be as many examples and real
data, there are more accessible parameters that the scientific community agrees can serve as indicators [48]. In one of these potentially
dangerous regions [7], the danger of abrasion was not decisive but, as concluded in Ref. [22], the potential risk of structural abrasion
increases when these criteria are met:

Low relative humidity (RH) and high wind speeds are present at the same time.

High total concentrations of suspended particles (TSP) in the air.

Low percentage of clay [22] ultimately favouring saltation.

The terrain does not have surface characteristics and is, basically, a vast plain without vegetation or obstacles that serve as barriers
to the wind.

Therefore, the critical study factors are: Vegetation (1), Relative Humidity (2), Wind Speed (3), TSP (4) and Soil Composition (5).
On the other hand, despite the lack of studies on the specific problem of wind-blown sand, the effect of this phenomenon on the loss
of efficiency of solar panels and other adverse effects has been well-documented. These real cases can help identify locations
comprising terrain prone to wind-driven particle movements. However, since the focus of this study is on the wear and tear of metal
structures under specific wind and soil conditions, it may not necessarily cause significant degradation of the structures if these
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Fig. 2. Process for conducting the initial phase.
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conditions are met. Therefore, by reviewing all the study cases presented in the literature and conducting a historical analysis of the
main critical variables, it was possible to identify study locations, as examples of areas which are, or are not, susceptible to abrasion,
and whether metal structures are likely to suffer from wear and tear.

To sum up, Fig. 2 depicts the entire process required to carry out the first phase. A double verification can be used to select the study
data. Firstly, the database was initiated with examples of locations where historical critical data were available, based on expert
criteria. Given that climate information is available globally, the selective variable that allows for the delimitation of case studies was
total suspended particles. Additionally, all locations with study cases presented in the literature were included and historical infor-
mation was gathered from all of them, to verify whether they met the rest of the critical factors or not.

2.1.1. Phase 1: input data sources

During this phase, all necessary information was gathered for the model. The sources and types of data were diverse. On the one
hand, satellite information, in the form of multispectral images, was required to analyse vegetation and land degradation. On the other
hand, information regarding critical variables at the study points, in the form of historical data, was needed. Fig. 3 presents an
overview of the different data sources and the processing they underwent.

2.1.1.1. Multispectral images. Multispectral imagery was used to analyse vegetation. Gathering multi-spectral images was performed
through different satellites. In this case, images came from the Sentinel-2 fleet, developed by the European Space Agency (ESA) in the
framework of the Copernicus project [49]. This fleet consists of two multi-spectral satellites orbiting at 180° offset from each other to
obtain images with greater temporal recurrence. Sentinel-2 acquires 13 spectral bands with resolutions of 10-20 and 60 m. In addition,
the temporal resolution is either 10 days per satellite or five days combined. The Copernicus Open Access Hub [50] platform allows the
images to be downloaded. Subsequently, these images and their bands were processed with the Sentinel Application Platform (SNAP);
this allows automatic conversion to surface reflectance or dark object subtraction, among other atmospheric corrections.

After downloading, the images were put together to form a georeferenced mosaic, using the QGIS geographic information system.
In this case, the geographic coordinate system SRC EPSG:4326-WGS 84 was used.

2.1.1.2. Critical factors historical data.
— Wind speed and relative humidity

Meteorological data corresponding to each study location were downloaded through a third-party service. The study variables were
relative humidity and wind speed, and the highest values recorded each hour were taken. For this purpose, HTTP GET type requests
were made to the REST API offered by this external web service, whose response contained the requested data in JavaScript Object
Notation (JSON) format. The response obtained was adapted and stored for use in subsequent phases. Data were downloaded every
hour for a period of one year at each location.

— Total Suspended Particles

Likewise, air quality (AQ) data were obtained for such study sites (specifically for suspended particles), taken from the World Air
Quality Index Project from EPA (Environmental Protection Agencies, 2022). This is a non-profit project that provides unified, world-
wide air quality information from more than 130 countries and covers more than 30,000 stations in 2000 major cities. This information
is interesting from a qualitative point of view, as the records of total suspended particulate matter at a given point (taken on a
continuous basis, i.e. the annual mean and annual maximum records) can then be understood as an emission source and, therefore, also
be considered as one of the criteria above.
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Fig. 3. Methodology details followed during phase 1.
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— Soil composition

Soil composition was also examined, to analyse its hardness (specifically clay content). For this purpose, one of the SoilGridsTM
layers was used [51]. This system for digital soil mapping is based on a global compilation of soil profile data and environmental layers
that uses state-of-the-art machine learning methods; the prediction models are fitted using over 230,000 soil profile observations from
the WoSIS database [52] and a series of environmental covariates, to map the spatial distribution of soil properties across the globe.

The results from Phase 1, were used to create a mosaic representing all multispectral images with the different bands; all of the
critical historical data from the study points were downloaded.

2.1.2. Phase 2: database creation

During this phase, the training dataset was prepared. The training regions should be examples of the sites which are susceptible to
abrasion and, therefore, meet the criteria gathered from phase 0. To develop predictive models based on data, the training dataset must
be carefully curated and validated. Therefore, a comprehensive methodology is followed to create the dataset (Fig. 4), and the selection
of training areas or regions of interest (ROI) is crucial.

These regions of interest were divided into two macro classes, selected individually. A macro class can be composed of different
scenarios with different spectral signatures. Since the classification aims to differentiate abrasion susceptible (hereafter SA) from non-
abrasion susceptible (hereafter NSA) locations, two main macro classes were distinguished. Within each macro-class, examples were
selected to pool all possible variabilities within each study group.

Therefore, the areas were selected by assuming that the susceptible zones (SA) have the following: low relative humidity <50%
[53], high wind speeds of >10 m/s [54], high TSP content (1000 pg/mS) [22], low clay content [22], and low vegetation, based on
image classification.

For NSA areas, multiple ROIs were identified, including: water, buildings, areas with different vegetation levels and snow. Thus,
different ROIs were obtained for each type of vegetation, different building typologies, various examples of water, rivers, lakes and
oceans, as well as snow classes in mountains and glaciers. On the other hand, the scenarios including different degraded soils which are
susceptible to abrasion and sand transport, were analysed in another macro class, whose individual examples included different
granulometries, soil compositions and moisture contents.

Once all of these ROIs had been determined, they were combined and their spectral signatures analysed to obtain a spectral
signature of the set. Subsequently, and as a way of validating the training database, the spectral signatures obtained in each of the
examples were verified.

Spectral distance serves to assess the distinguishability of training signatures or pixels, with the aim of identifying whether distinct
classes are too similar and, therefore, prone to classification errors.

The Brays Curtis similarity metric [55] was used to evaluate the chosen training data and this ranges from 0 to 100, with zero being
totally different and 100 indicating identical values. It is defined by Eq. (1):

ZCU
Si+S;

BC;=1— m

where Cj; is the sum of the lowest values for groups that the two sites have in common and S; ; S; are the total number of groups counted
at both sites.

After ROIs, the creation and verification of the training set, storing the polygons with the necessary spectral information, was
concluded, and the database could be used for classification.

2.1.3. Phase 3: modelling

Finally, the third and last phase consisted of the development and evaluation of the classification model using supervised classi-
fication. Fig. 5 provides a simplified representation of the processes followed in this phase.

Semi-automatic classification is an image processing technique that allows the identification of different materials in an image,
based on their spectral signature [56]. Because each class has a unique spectral reflectance (spectral signature), the classification
exploits the spectral differences to assign each pixel to a class. The process followed consisted of three steps:

/ Phase 2: Database creation \
Training Dataset Preparation: Training Data Validation: Creation of Training Set:

* Selection of Training Areas or * Analysis of spectral signatures * Storage of polygons with
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® Assessment of spectral ==
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macro classes similarity metric classification

\_ L/

Fig. 4. Process of creating and validating the study database.
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Fig. 5. —Description of the methodology followed during the final phase.

1. The spectral signature of each pixel was extracted from the multi-band frame.
2. The pixel was classified by means of an algorithm.
3. A new raster was created with the classified pixels.

In this case, the chosen algorithm was Random Forest (RF). This is a popular classifier within the remote sensing community, as it
can successfully handle high data dimensionality and multicollinearity [57]. This algorithm is a combination of decision trees in which
each tree depends on the values of a random vector, tested independently and with the same distribution for each of them [58]. Thus,
instead of learning a single model, several models are learned and the estimates from each model are combined. This algorithm has a
very good capacity for generalisability because it is both fast and insensitive to overfitting which allows the possibility to validate a
model by doing statistical tests. This makes it possible to account for the reliability of the model and is why it has been used in an
increasing number of works [59-61].

Different metrics were chosen to evaluate the results of the model:

e Mean absolute error (MAE), which is a common measure to predict the error of a model (Eq. (2)).

N
_ZI|YI' —y.M;|
MAE="4A 2
N )
e Root mean square error (RMSE).

The mean square error is a frequently used measure of the differences between the values predicted by a model and the observed
values (Eq. (3)). The smaller the value, the better the performance of the model.

RMSE = 3)

e Determination coefficient.

The coefficient of determination (Rz) is the proportion of the variance of the dependent variable that can be predicted from the
independent variables; it is a statistical measure of how close a model is to the actual data points (Eq. (4)). A higher value indicates a
better fit between the prediction and the true value.
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Once the final result was obtained and validated, the project results were vectorised and the areas found were then polygonised
using the tools available in QGIS to obtain a world map with the georeferenced polygons delimiting the affected areas.

2.1.3.1. Software. The software and versions used were Python 3.8.6, QGIS - SCP 3.16.6 [56], ESA SNAP 9.0.0, and SoilGrids 2020
[62].
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3. Results

The outcomes obtained in each of the phases described in the methodology are shown below.

3.1. Literature review

After conducting a comprehensive review of the literature, we identified locations where metallic structures are susceptible to
abrasion. Our analysis allowed us to distinguish between areas where terrain degradation may appear to be a potential risk factor for
abrasion but where meteorological and granulometric conditions do not result in a significant impact on structures. Annex I presents a
list of case studies in which large quantities of sand moved by wind were found to cause energy loss due to the wear or covering of solar
panels. However, these studies did not examine the impact of abrasion on metal structures. Nonetheless, these cases helped us to
compile a database of areas for which there is a potential risk of abrasion and those where there is not. This is, therefore, taken as an
indirect indicator in this study.

3.2. Satellite information

Fig. 6 represents TSP content in each study location as its annual mean value, the larger the point size, the greater the amount of
particles. Most study locations with a maximum TSP lower than 1000 pg/m? will, therefore, not meet one of the criteria for being SA
ROIs.

Moreover, in addition to TSP, wind speed gusts need to be high enough to cause abrasion at each location of interest. Fig. 7
represents the number of hours in which wind speed is higher than 10 m/s, throughout a year. Point size indicates the amount of time
that these circumstances existed. It can be seen how different this information is from the TSP content; however, there is no minimum
value in this scenario; any period of time with such high wind speeds meets the criteria.

The relationship between these two variables should coincide in time, SA sites being those in which situations where TSP >1000
pg/m° and wind gust >10 m/s have occurred.

Regarding relative humidity conditions and soil characteristics, there are clear differences between these variables on an individual
basis, as shown in Table 1.

The distribution of values in the study cases, as well as the direct relationship between relative humidity and maximum recorded
wind gusts, are displayed in Fig. 8. The colour gradient, from darker to lighter, represents the increasing average relative humidity,
while the size of each data point represents the maximum wind speeds, with larger points indicating higher recorded velocities.

3.3. Database creation

The globally available terrain set is classified according to two macroclasses, hence there is large variability. Fig. 9 compares the

TSP Content (ug/m3)
1
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1000
1729

Fig. 6. Maximum Total Suspended Particles content (ug/m°>) at each study location.
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Fig. 7. Amount of time (hours) with high wind speed values at each study location.

Table 1
Mean, minimum and maximum of the examples of each class.
Mean Min Max
SA NSA SA NSA SA NSA
Relative Humidity (%) 44 78 26 29 96 96
Clay content (g/kg) 161 288 143 150 170 567
Wind Gust (m/s) 17 16 5 5 34 30

spectral signature of the SA macro class (including examples of all the areas susceptible to abrasion) with the NSA macro class. Each of
the lines show the average reflectance of that class at each wavelength and the area corresponding to the deviation of that class is
shown as an area in the same colour, but lighter. The larger the lighter area, the larger the standard deviation and, therefore, the more
heterogeneous the pixels are that form that class. For example, while snow reflects across the whole spectrum, the opposite is true for
water; it is precisely those kinds of examples that narrow down the general data in the NSA group.

This spectral variability in the standard deviation is given by both the size of the training area and the variability of the surface area
of each class. Since the classification assigns each pixel to a class and pixels are distinguished by their spectral reflectance curves, pixels
cannot be distinguished if there is too much spectral overlap. The spectral variability within each class depends on the complexity of
the surface type. Therefore, the main difference lies in following the clear pattern observed in SA cases across the whole spectrum.

By analysing the Brays Curtis dissimilarity in some examples of typical scenarios, it was observed that, while some subclasses are
perfectly separable (with values lower than 30%), some can conflict with each other, in their separation with the SA zones. Table 2
shows these relationships in the form of a correlation matrix.

The analysis of the spectral signature of vegetation generally depends on various characteristics, such as the type of species being
evaluated (leaves, stems, trunk, humidity, etc.), as well as its exposure to different environmental conditions. In the case of deciduous
forests, the visible reflectance is low, with an increase in the green colour due to the presence of chlorophyll, which is characteristic of
the leaves. Reflectance increases in the near infrared due to low energy absorption by the plants. In the mid-infrared, there is a sig-
nificant decrease along the wavelengths, as the plant water absorbs energy.

On the other hand, in the case of uncultivated (dry) soils, it is observed that the spectral signature presents a different behaviour:
the peak in the green colour of the visible zone is no longer visible and there is an increase in reflectance along the wavelengths, as the
plants no longer absorb water. In this case, SA also depends on several characteristics such as air and water content, grain size structure
and texture. In this case, when conflicting areas are found, they are either differentiated by colour or by granulometry.
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Fig. 9. Spectral signatures of the NSA and SA macro classes.
Table 2
Brays-Curtis similarity (%).
Water Snow Vegetation Buildings SA
Water 100.00 16.18 60.48 47.19 28.30
Snow 100.00 21.84 44.36 69.63
Vegetation 100.00 60.15 37.34
Buildings 100.00 69.59
SA 100.00
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3.4. Classification

Finally, after the application of the random forest classification algorithm, very satisfactory results were obtained. The main metrics
verifying the model fit are summarised in Table 3. After cross-validation of the algorithm, it is observed that a score higher than 98%
was obtained for all metrics. A first assessment of the model’s performance is the accuracy. This score measures how many labels the
model got right out of the total number of predictions, i.e. the percentage of predictions that were correct. Although excessively high
values of indicators may be related to over-fitting of this model, given the purpose of this assumption it would not be a disadvantage.

Furthermore, the values of the model errors and model bias show how close the prediction is to the true mean value of an average
model.

On the other hand, since accuracy is not a great measure of performance when there are certain imbalances in the classes, more
information is added to assess their behaviour in the form of a confusion matrix. Table 4 shows a summary of the classification
performed by considering random sampling. It shows that only 0.3% were considered as false negatives and 0.4% as false positives.
The rest of the cases were correctly classified in the SA or NSA macro-classes, respectively.

Fig. 10 shows a smaller scale example of the learning result in a dune area on the Canary Islands. On the left is the real multispectral
image and, on the right, the classification between NSA and SA areas in yellow. Both macro classes are clearly differentiated and their
corresponding georeferenced areas distinguished. It can be seen that the algorithm is able to distinguish different grain sizes or
compositions, based not only on their spectral images but also on their deviation results.

After that, as all of the pixels are now perfectly classified, polygons locating the areas susceptible to suffer from wind erosion can be
identified. The global results are shown on the world map in Fig. 11.

The QGIS output of the resulting zones, after the application of the model to the case study, is shown in Fig. 12; an overview can be
seen on the world map. SA zones are outlined in red, thus limiting both large and small areas. The main zones correspond to the deserts,
as expected, but it can be seen that there are many other places. Countries with more variability in their climatic conditions, such as
Spain, (which may have many small risk areas), appear in this global-scale figure with numerous delineated zones in red. Conversely,
the Sahara Desert, where almost the entire area is considered a risk, has a clearer delineation line around the entire region, with only a
few specific non-risk areas marked in the centre.

Once vectorised, the results can be opened on Google Earth and used in any platform, as shown in Fig. 13.

As a result, these georeferenced multipolygons make it easy to determine whether those coordinates are located within an area that
is susceptible to and at risk of erosion by windblown sand particles or not, based on a given set of study coordinates. As the Earth’s
surface is changing [63], the proposed methodology allows the model to be revised at any time, with updated information.

4. Discussion
4.1. Interpretation of results

The results obtained from each phase of the methodology provide valuable insights into the vulnerability of geographic areas to
wind abrasion. The literature review helped identify locations where metallic structures are susceptible to abrasion, distinguishing
between potential risk areas and those with minimal impact. The compilation of case studies showed on Annex I provided indirect
indicators of areas at risk of abrasion.

The analysis of satellite information, including TSP content and wind speed gusts, played a crucial role in determining the criteria
for identifying susceptible areas. While TSP levels below 1000 pg/m3 indicated a lower risk of abrasion as indicated in Ref. [22], wind
gusts exceeding 10 m/s were essential for potential abrasion. The relationship between these variables, along with relative humidity
and soil characteristics, was examined to understand the conditions leading to wind abrasion.

The creation of a scientifically robust database allowed for the classification of terrain into macro classes, highlighting the spectral
differences between SA and NSA areas. Spectral signatures of vegetation and uncultivated soils demonstrated distinct patterns,
contributing to the classification process. However, some subclasses presented challenges in separating them from SA zones,
emphasizing the need for careful analysis and consideration of multiple factors [64,65].

The classification phase utilizing the random forest algorithm, approach already used in different sectors like [66] or [67], yielded
highly accurate results, with metrics indicating a model fit above 98%. The accuracy score, along with model errors and bias, provided
an assessment of the model’s performance. The confusion matrix analysis further confirmed the model’s effectiveness in classifying SA
and NSA macroclasses, with minimal false negatives and false positives.

4.2. Implications and applications

The findings of this study have significant implications for identifying vulnerable areas prone to wind abrasion. The delineation of

Table 3

Validation variables.
Accuracy Precision Correlation Error rate RMSE Bias
0.9922 0.9904 0.9845 0.0078 0.08831 —0.0018
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Table 4
Results of the confusion matrix.
Actual
Positive Negative
Predicted Positive True Positive 49.7% False Positive 0.4%
Negative False Negative 0.3% True Negative 49.6%

Fig. 10. Example of a degraded soil zone with strong winds and little vegetation.

Fig. 11. Global classified map with SA and NSA zones.

SA zones on a global scale, as showcased in the results, allows for a comprehensive understanding of regions at risk. The presence of
various risk areas beyond deserts highlights the importance of considering climatic conditions and geographical variability in assessing
vulnerability.

The georeferenced multipolygons resulting from the classification process offer practical applications in determining the suscep-
tibility of specific coordinates to wind erosion. The integration of these results into other platforms like Google Earth enhances their

11
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Fig. 13. Vectorised georeferenced multipolygon results in Google Earth.

accessibility and usability for researchers and stakeholders involved in infrastructure design and planning. By increasing the
knowledge on material wear caused by particle action and providing insights into the initial design of resilient structures, this research
contributes to optimizing infrastructure placement, particularly in the context of renewable energy, where special attention is being
paid [42,68]. The proposed hybrid model, incorporating historical data and satellite information, presents a valuable and general-
izable approach to addressing the problem of wind abrasion.

4.3. Limitations and future research
It is important to acknowledge the limitations of this study. One limitation is its static nature, as the satellite data and imagery are
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representative of a specific study period. Future research could explore the development of a dynamic model that allows for periodic
updates, considering temporal variations in wind abrasion vulnerability.

Additional factors, such as wind power and direction, as examined in Ref. [69], can be further investigated. The direction of erosive
winds plays a crucial role in determining the origin and path of sand and dust storms originating from arid and semiarid regions [70].
Wind speed is a significant factor in the transportation of sand and dust by wind, which can cause erosion, resulting in the formation of
sand dunes and ripples [71]. By expanding the assessment, it is possible to create risk zones applicable to nearby areas. A compre-
hensive understanding of the phenomenon can be achieved by exploring the interplay between these factors and their impact on
susceptibility to wind abrasion.

Furthermore, a pilot case study with an original data set is proposed to validate the obtained results in a real-life scenario. In this
way, it is considered interesting to carry out a campaign of real tests that includes the inclusion of samples during long periods of
exposure, and whose loss or degradation is measured over time. Likewise, sensors will be included in these locations to determine the
value of the study variables and thus provide the additional information necessary for their complete future validation.

5. Conclusions

This paper presents a novel approach to develop a global map for localizing and delimiting areas prone to the degradation of
metallic structures caused by windblown particles. The study highlights the specific criteria required for wind erosion to occur,
including degraded, dry, and hard terrain with a lack of vegetation, as well as the presence of particles as eroding material and suf-
ficiently strong winds to act as carrier fluid.

While the occurrence of simultaneous high periods of suspended particles and strong winds is relatively rare, it is crucial to note
that wind erosion leads to cumulative physical degradation, meaning even short periods of damage are not reversible. Leveraging
spectral images and satellite information allows for remote extraction of data and provides additional insights through the analysis of
spectral bands. This approach aligns with market expectations and future engineering trends.

The methodology proposed for selecting regions of interest and forming the study database holds vital importance. Furthermore,
incorporating additional information and studying influencing variables over extended periods is crucial for comprehensive analysis.
The study employs the random forest algorithm as a suitable alternative for semi-automatic classification, achieving a high level of
accuracy with less than 1% incorrectly classified pixels during the training phase and an overall accuracy value of 0.9922.

One limitation of the study lies in its static nature, as the satellite data and imagery only represent a specific period under
investigation. However, there is a proposal to adapt the model into a dynamic framework that allows for periodic updates, ensuring its
relevance over time.

In terms of future research directions, it is suggested to consider incorporating wind power and direction information to create risk
zones applicable to adjacent areas. Additionally, conducting a campaign of real tests to validate the obtained results in a real-life
scenario is recommended. These future lines of study would enhance the applicability and practicality of the findings, contributing
to the field of wind erosion research and its implications for structural integrity and land use planning.
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Annex I.

Location Source Type

Acampo, Spain Private enterprise Data
availability

Acquapendente ARAP Lazio Agenzia Regionales per la Protezione dell’Ambiente del Lazio Data
availability
Aksu, China [72] Case Study

Albisu Uruguay, Latam Private enterprise Data
availability

Alcochete, Portugal Private enterprise Data
availability

Aljaval, Spain Private enterprise Data
availability
Almeria (Spain) [68] Case Study

Alto Hospicio, Chile Sistema Nacional de Calidad del Aire de Chile Data
availability

Angamos Chile, Latam Private enterprise Data
availability

Angamos, Latam Private enterprise Data
availability

Antequera, Spain Private enterprise Data
availability

Apulo, Latam Private enterprise Data
availability

Arillas Citizen Project Station 49,570 Data
availability

Astudillo, Spain Private enterprise Data
availability
Atacama Desert (Chile) [68] Case Study

Aurora, Latam Private enterprise Data
availability

Ayteke Bi, Kazakhstan AirKaz Station 39532416 Data
availability

Badajoz, Spain Private enterprise Data
availability

Balsicas, Spain Private enterprise Data
availability

Bamako US Embassy, Mali US EPA Data
availability

Barcience, Spain Private enterprise Data
availability

Basir, Spain Private enterprise Data
availability

Bayankhongor, Mongolia Purple Aire, Station 35,535 Data
availability

Bayero University, Kano, Nigeria Clarity Station 5f21b5f48a16f8060efb498c Data
availability
Beijing, China [72] Case Study

Bejaad, EMEA Private enterprise Data
availability

Belvis, Spain Private enterprise Data
availability

Beneixama, Spain Private enterprise Data
availability

Benilde, Spain Private enterprise Data
availability

Blanca Solar, EMEA Private enterprise Data
availability

Bobadilla Del Campo, Spain Private enterprise Data
availability

Bomberos, Chile Sistema Nacional de Calidad del Aire de Chile Data
availability
Boston, Massachusetts [73] Case Study
Boujdour (Morocco) 741 Case Study

Brzozowa, Otwock, Mazowieckie, Regional Inspectorate for Environmental Protection Data
Poland availability

Brzozowa, Otwock, Mazowieckie, Regional Inspectorate for Environmental Protection Data
Poland availability

Caiquen, Latam Private enterprise Data
availability

(continued on next page)
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(continued)
Location Source Type
Calatrava, Spain Private enterprise Data
availability
Caldas, Colombia Area Metropolitana del Valle de Aburra Data
availability
California, United States [75]1 Case Study
Campano, Latam Private enterprise Data
availability
Canal Del Dique, Latam Private enterprise Data
availability
Cannes Brousailles L’observatoire de Qualité de 1'Air en region sud Provence Alpes coté d’azur Data
availability
Cantalapiedra, Spain Private enterprise Data
availability
Cardenal, Latam Private enterprise Data
availability
Carpio, Spain Private enterprise Data
availability
Carrasquilla, Spain Private enterprise Data
availability
Carregado, Portugal Private enterprise Data
availability
Cassino ARAP Lazio Agenzia Regionales per la Protezione dell’Ambiente del Lazio Data
availability
Celeste, Italy Private enterprise Data
availability
Celso, Spain Private enterprise Data
availability
Centauro, Spain Private enterprise Data
availability
Centro Quintero, Chile Sistema Nacional de Calidad del Aire de Chile Data
availability
Cesaredas, Portugal Private enterprise Data
availability
Chacon, Latam Private enterprise Data
availability
Chajnantor (Chile) [68] Case Study
Changhua Taiwan, EMEA Private enterprise Data
availability
Chiaramonte I, EMEA Private enterprise Data
availability
Chiaramonte, Italy Private enterprise Data
availability
Chiloe Chile, Latam Private enterprise Data
availability
Chiloe, Latam Private enterprise Data
availability
Choroy, Latam Private enterprise Data
availability
Cicliano, Italy Private enterprise Data
availability
Cienaga, Latam Private enterprise Data
availability
Colores, Spain Private enterprise Data
availability
Corral Pocket, Utah [76] Case Study
Corso Chile, Latam Private enterprise Data
availability
Corso, Latam Private enterprise Data
availability
Crucero, California [76] Case Study
Cruz De Hierro, Spain Private enterprise Data
availability
Dos Hermanas, Spain Private enterprise Data
availability
Dubhuang, China [72] Case Study
Dugout Ranch, Utah [76] Case Study
Durango, MExico INECC Instituto Nacional de Ecologia y Cambio Climatico Data
availability
Egypt [771 Case Study

(continued on next page)
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(continued)

Location Source Type

El Aromo, Latam Private enterprise Data
availability

El Ejido, Spain Consejeria de Medio ambiente y Ordenacion. Junta de Andalucia & European Environment Data
Agency availability

El Encinar, Spain Private enterprise Data
availability

El Lauredal, Asturias, Spain Monitorizacién Red de Calidad del Aire del Principado de Asturias Data
availability

El Loro Choroy, Latam Private enterprise Data
availability

El Maillo, Salamanca, Spain European Environment Agency | Junta Castilla y Le6n Data
availability

El Picarral Ayuntamiento de Zaragoza. La Ciudad Medio Ambiente Data
availability

El Tomillar, Spain Private enterprise Data
availability
El-Kharga, Egipto [42] Case Study

Elvisa, Spain Private enterprise Data
availability

Eme F, Chile Sistema Nacional de Calidad del Aire de Chile Data
availability
Erfoud (Morocco) [22] Case Study

Escuadr6n, ENESA, Chile Sistema Nacional de Calidad del Aire de Chile Data
availability

Escuderos, Spain Private enterprise Data
availability

Ferentino ARAP Lazio Agenzia Regionales per la Protezione dell’Ambiente del Lazio Data
availability

Gandesa, Spain Medi Ambient. Generalitat de Catalunya & European Environment Agency Data
availability

Garcimunoz, Spain Private enterprise Data
availability

Gaviotin, Latam Private enterprise Data
availability
Gobi Desert [78] Case Study
Gobi Desert [79] Case Study
Gobi Desert [80] Case Study
Gobi Desert [81] Case Study

Gran Canaria lii, EMEA Private enterprise Data
availability

Gran Teno, Latam Private enterprise Data
availability

Granada, Spain Consejeria de Medio ambiente y Ordenacion. Junta de Andalucia & European Environment Data
Agency availability

Granollers, Spain Medi Ambient. Generalitat de Catalunya & European Environment Agency Data
availability

Grecia Agios Christophoros, EMEA Private enterprise Data
availability

Guadelopupe, France Association Agréée de Surveillance de la Qualité de 1’Air de Guadeloupe Data
availability

Guillena, Spain Consejeria de Medio ambiente y Ordenacion. Junta de Andalucia & European Environment Data
Agency availability
Gujarat (India) [82] Case Study
Hefei, China [72] Case Study

Hermod, Spain Private enterprise Data
availability

Honda, Latam Private enterprise Data
availability

Huatacondo, Latam Private enterprise Data
availability

Igualada, Spain Medi Ambient. Generalitat de Catalunya & European Environment Agency Data
availability

Independencia, Latam Private enterprise Data
availability

Jerez, Spain Consejeria de Medio ambiente y Ordenacion. Junta de Andalucia & European Environment Data
Agency availability

Jumilla, Spain Private enterprise Data
availability

Kalgoorlie, Australia Western Australia Air Quality Management Branch Data
availability
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(continued)

Location Source Type

Kayseri, EMEA Private enterprise Data
availability

Koscierzyna, Poland Regional Inspectorate for Environmental Protection Data
availability

Kozani, EMEA Private enterprise Data
availability

Kyrgyzstan Bishkek Air Quality Monitor — US Embassy Data
availability

La Encantada, Spain Private enterprise Data
availability

La Francesca, Italy Private enterprise Data
availability

La Loma, Latam Private enterprise Data
availability

La Mata, Latam Private enterprise Data
availability

La Paz, Latam Private enterprise Data
availability

La Tolua, Latam Private enterprise Data
availability

La Union, Latam Private enterprise Data
availability

La Victoria, Latam Private enterprise Data
availability
Laayoune (Morocco) [74] Case Study
Lanzhou-Xinjiang Railway [83] Case Study

Las Lomillas, Spain Private enterprise Data
availability

Las Vaguadas, Spain Private enterprise Data
availability

Laverne, Spain Private enterprise Data
availability

Lepanto, Spain Consejeria de Medio ambiente y Ordenacion. Junta de Andalucia & European Environment Data
Agency availability
Leucade, Greece [23] Case Study
Libya desert [771 Case Study

Llano Grande, Latam Private enterprise Data
availability

Llanos Pelaos, EMEA Private enterprise Data
availability

Lo Chacon, Latam Private enterprise Data
availability

Lo Miguel, Latam Private enterprise Data
availability

Los Santos, EMEA Private enterprise Data
availability

Loutsa, EMEA Private enterprise Data
availability

Lucainena, Spain Private enterprise Data
availability

Lupi, Latam Private enterprise Data
availability

Manlleu, Spain Medi Ambient. Generalitat de Catalunya & European Environment Agency Data
availability

Manzanares, Spain Private enterprise Data
availability

Marigot, France Association Agréée de Surveillance de la Qualité de 1’Air de Guadeloupe Data
availability

Matarani, Latam Private enterprise Data
availability
Meca, Saudi Arabia [32] Case Study
Medina, Saudi Arabia [33] Case Study

Michilla Chile, Latam Private enterprise Data
availability

Minas De Orgueirel, Portugal Private enterprise Data
availability
Missour (Morocco) [68] Case Study

Mollet, Spain Medi Ambient. Generalitat de Catalunya & European Environment Agency Data
availability
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(continued)
Location Source Type
Montechoro, Portugal Private enterprise Data
availability
Montsec, Spain Medi Ambient. Generalitat de Catalunya & European Environment Agency Data
availability
Moratalla, Spain Private enterprise Data
availability
Morgavel, Portugal Private enterprise Data
availability
Moroco [84] Case Study
Moroco [85] Case Study
Moroco [22] Case Study
Moroco [22] Case Study
Moroco [22] Case Study
Msida European Environmental Agency & ERA Data
availability
Nagoya, Japan [72] Case Study
Naha, Japan [72] Case Study
Naipes, Spain Private enterprise Data
availability
Nascita, Italy Private enterprise Data
availability
Naves, EMEA Private enterprise Data
availability
Nobsa I, Latam Private enterprise Data
availability
Nobsa, Latam Private enterprise Data
availability
Norfolk, UK [86]1 Case Study
Noroccidental Egypt [28] Case Study
North Soda Lake, California [76] Case Study
Odeillo (France) [68] Case Study
Olivenza, Spain Private enterprise Data
availability
Olivenza, Spain Private enterprise Data
availability
Ouarzazate (Morocco) [74] Case Study
Quarzazate (Morocco) [68] Case Study
Palmela, Portugal Private enterprise Data
availability
Pangui, Latam Private enterprise Data
availability
Patras, Greece [87] Case Study
Penaflor, Spain Private enterprise Data
availability
Penaflor Chile, Latam Private enterprise Data
availability
Perafort, Spain Medi Ambient. Generalitat de Catalunya & European Environment Agency Data
availability
Peralta, Spain Private enterprise Data
availability
Pessegueiro, Portugal Private enterprise Data
availability
Petalo De Magdalena, Latam Private enterprise Data
availability
Pitarco, Spain Private enterprise Data
availability
Plaza Eliptica, Madrid, Spain Calidad del Aire en Madrid, Servicio de Proteccion de la Atmosfera Data
availability
Popayan, Colombia Area Metropolitana del Valle de Aburra Data
availability
Porton Del Sol, Latam Private enterprise Data
availability
Prisca, Spain Private enterprise Data
availability
Puerta De Sol, Spain Private enterprise Data
availability
Puerto Plata, Dominican Republic Citizen Science Project Station 249 Data
availability
Qinjdao, China [72] Case Study
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(continued)

Location Source Type

Quebrada De Talca Chile, Latam Private enterprise Data
availability

Quilicura, Chile Sistema Nacional de Calidad del Aire de Chile Data
availability

Qujing, China World Air Quality Index Project Data
availability

Radona, Spain Private enterprise Data
availability
Rajasthan (India) [82] Case Study

Ricobayo, Spain Private enterprise Data
availability

Rimini, Latam Private enterprise Data
availability

Rinaldone, Italy Private enterprise Data
availability

Rinnovabili, Italy Private enterprise Data
availability

Romeralejo, Spain Consejeria de Medio ambiente y Ordenacion. Junta de Andalucia & European Environment Data
Agency availability

Salamanca Chile, Latam Private enterprise Data
availability

Salamanca, Latam Private enterprise Data
availability

Salinas, Spain Private enterprise Data
availability

Sambuca, EMEA Private enterprise Data
availability

Sambuca, Italy Private enterprise Data
availability

San Cristobal, Colombia Area Metropolitana del Valle de Aburra Data
availability

San Felipe, Latam Private enterprise Data
availability

San Fernando, Spain Private enterprise Data
availability

San Fernando, Spain Consejeria de Medio ambiente y Ordenacion. Junta de Andalucia & European Environment Data
Agency availability

San Luis, Argentina Citizen Science Project Station 63,898 Data
availability

San Mateo, Mexico INECC Instituto Nacional de Ecologia y Cambio Climatico Data
availability

San Salvador, El Salvador Ministerio de Medio Ambiente y Recursos Naturales (MARN) de Salvador Data
availability

Santa Maria, Brazil Citizen Science Project Station 70,735 Data
availability

Santeramo, Italy Private enterprise Data
availability

Santiago de Cali, Colombia Area Metropolitana del Valle de Aburré Data
availability

Saravena, Colombia Area Metropolitana del Valle de Aburra Data
availability
Seoul, South Korea [72] Case Study

Sherabad, EMEA Private enterprise Data
availability
Skoura (Morocco) [74] Case Study
south of Algeria. [88] Case Study
Southeast Asia [89] Case Study

St Kitt Island, Latam Private enterprise Data
availability

Sta Lucia, Latam Private enterprise Data
availability

Suluova Turkey Air Qualtity Index Project Data
availability

Szczecinek ul. Przemyslowa, Poland Regional Inspectorate for Environmental Protection Data
availability
Tabernas (Spain) [68] Case Study

Tabernasacero, Spain Private enterprise Data
availability

Tabua, Portugal Private enterprise Data
availability
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(continued)

Location Source Type
Taklimakan desert, China [72] Case Study

Talayuela, Spain Private enterprise Data
availability

Talca, Latam Private enterprise Data
availability

Tarifa, Spain Private enterprise Data
availability
Tarim Basin China [90] Case Study

Tarragona, Spain Medi Ambient. Generalitat de Catalunya & European Environment Agency Data
availability
Temara (Morocco) [74] Case Study
Temara (Morocco) [68] Case Study

Terracina, Italy Private enterprise Data
availability

The Gap, Australia Air quality. Environment, land and water. Queensland Government Data
availability

Tolva, Latam Private enterprise Data
availability

Torneo, Spain Consejeria de Medio ambiente y Ordenacion. Junta de Andalucia & European Environment Data
Agency availability

Torrubias, Spain Private enterprise Data
availability

Toulon Claret L’observatoire de Qualité de I’Air en region sud Provence Alpes coté d’azur Data
availability

Tucsia, Italy Private enterprise Data
availability

Tulua, Latam Private enterprise Data
availability

Valdecarretas, Spain Private enterprise Data
availability

Valencia De Las Torres, Spain Private enterprise Data
availability

Vas Cicliano, EMEA Private enterprise Data
availability

Velilla, Spain Private enterprise Data
availability

Ventus Colombia, Latam Private enterprise Data
availability

Villacastin, Spain Private enterprise Data
availability

Villafranca De Barros, Spain Private enterprise Data
availability

Villanueva Del Rey, Spain Private enterprise Data
availability

Villareal, Spain Private enterprise Data
availability

Wiloclawek-Okrzei, Poland Regional Inspectorate for Environmental Protection Data
availability

Wroclaw — Korzeniowskiego, Poland Regional Inspectorate for Environmental Protection Data
availability

Zafra, Spain Private enterprise Data
availability
Zagora (Morocco) [22] Case Study
Zagora (Morocco) [91] Case Study

Zamora, Spain Private enterprise Data
availability

Zenete, Spain Private enterprise Data
availability
Zhangye City, China. [83] Case Study

Zielona Géra, Poland Regional Inspectorate for Environmental Protection Data
availability

Znamensk, Russia Citizen Science project Station 39,514 Data
availability

Zracna luka Dubrovnik Croatian Environment Agency Data
availability
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