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Abstract: Monitoring forest health has become essential due to increasing pressures caused
by climate change and dust events, particularly in semi-arid regions. This study investigates
the impact of dust events on forest vegetation in Paphos forest in Cyprus, which is a semi-
arid area prone to frequent dust storms. Using multispectral and radar satellite data
from Sentinel-1 and Landsat series, vegetation responses to eight documented dust events
between 2015 and 2019 were analysed, employing BFAST (Breaks For Additive Season and
Trend) algorithms to detect abrupt changes in vegetation indices and radar backscatter.
The outcomes showed that radar data were particularly effective in identifying only the
most significant dust events (PM10 > 100 µg/m3, PM2.5 > 30 µg/m3), indicating that
SAR (Synthetic Aperture Radar) is more responsive to pronounced dust deposition, where
backscatter changes reflect more substantial vegetation stress. Conversely, optical data were
sensitive to a wider range of events, capturing responses even at lower dust concentrations
(PM10 > 50 µg/m3, PM2.5 > 20 µg/m3) and detecting minor vegetation stress through
indices like SAVI, EVI, and AVI. The analysis highlighted that successful detection relies on
multiple factors beyond sensor type, such as rainfall timing and imagery availability close
to the dust events. This study highlights the importance of an integrated remote sensing
approach for effective forest health monitoring in regions prone to dust events.

Keywords: time-series analysis; SAR; BFAST; dust storm; forest degradation; forest phenology;
decomposition; climate change

1. Introduction
Dust storms, exacerbated by climate change, drought, and unsustainable management

practices, are closely linked to forest degradation. These extreme phenomena further impact
climate change by affecting the Earth’s radiative balance and precipitation patterns [1–3].
Therefore, this forest decline disturbs the ecosystems’ natural benefits and contributes
significantly to the frequency and severity of dust storms. This emphasises the need for
enhancing monitoring activities to provide the tools for sustainable forest management
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practices and efforts to combat desertification and forest degradation [4]. Forests and trees
make indispensable contributions to humanity and the planet Earth by creating jobs [5],
conserving biodiversity, supporting livelihoods, and assisting in stabilising climate change
by regulating the Earth’s temperature and water flows [6]. Nowadays, forests cover 31% of
the land surface, and their habitat area is decreasing, where more than 20 million km2 of the
world’s forests have been degraded [3]. Forests play a crucial role in carbon sequestration
and climate change mitigation [7–9]. Forest degradation negatively impacts the smooth
functioning of ecosystem services and can lead to the creation of drylands, which are often
the primary sources of sand and dust storms. This degradation, often caused by various
socio-economic circumstances, gradually reduces the forest’s capacity to provide goods and
services [10,11]. The effects of this procedure become visible only after a long period [12],
indicating the gradual degradation of forests [13–15]. Of course, degradation in forests
can result from other factors, such as commercial agriculture [16], illegal logging [17],
wildfires [18], pollution [19], invasive species [20], or pest infestation [21].

The main objective of the European Union (EU) forest strategy for 2030 is the adapta-
tion of Europe’s forests to the new climate conditions and extreme weather phenomena due
to ongoing climate change. Widening the EU’s forests through afforestation is one of the
fundamental goals of this strategy [22]. However, the drought conditions in semi-arid re-
gions are projected to intensify in the near future, undermining the success of afforestation,
which depends on trees’ capacity to adapt to drought [23]. As our understanding of climate
change deepens, we realise that a combination of various environmental, meteorological,
and anthropogenic factors, as well as rainfall [24–26], photoperiod [27–29], and dust storms,
may interact and simultaneously influence vegetation dynamics, the flowering period [30],
and plant phenology [31].

During the last decades, studies indicated that the vegetation’s flowering season has
been extended due to climate change [32–34], influencing people’s perception of the effects
of the climate crisis on forests [35]. Monitoring plant phenology is crucial for preserving
resilience within an ecosystem at both regional and global levels since the vegetation’s life
cycle has a high sensitivity to climate change; the so-called phenophases are vital biological
indicators to understand how these ecosystems have been affected by climate change and
how they will face the upcoming environmental changes in the following years [36–38].

Numerous techniques have been developed to monitor vegetation dynamics effec-
tively, including in-situ observations [39,40], digital repeat photography [41–43], remote
sensing [44–47], and integrations between the prior methods [48–50]. From the monitoring
techniques mentioned above, remote sensing has the significant advantage of delivering
large-scale multi-temporal images in contrast with the other methods [51,52]. A variety
of sensors have played their part in vegetation dynamics, including multispectral [53–55],
radar [56–59], Lidar [60,61], Unmanned Aerial Vehicle (UAV) [62–64], and mixtures be-
tween the sensors [65–68]. Nevertheless, limitations in optical remote sensing sensors,
like lack of data due to cloud coverage, may be resolved using Synthetic Aperture Radar
(SAR) satellite data (e.g., Sentinel-1) since this type of satellites can operate in any weather
condition, even if thick clouds cover the area and the area has frequent rain activity [69].
Moreover, SAR can penetrate the forest canopy and retrieve information from above and
below the tree crown, providing valuable data, giving the ability to understand pheno-
logical changes in various types of forests [70,71] and deriving accurate canopy heights
metrics [72].

Delving further into the vegetation monitoring applications, various studies have been
conducted during the years focusing on the effects of dust on vegetation [73–75]; some
studies focused on the impact of cement dust in plants [76,77], while others assessed the
effect of the desert dust [78–80]. Dust events can negatively affect forest health, leading to
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destructive results combined with the absence of rainfall. High dust concentrations alter the
rates of stomatal conductance and transpiration [81]. The layer of dust on the plant tissue
blocks the stomata. It interrupts the gas exchange process while increasing the absorption
of near-infrared solar spectral irradiance, resulting in elevated leaf temperature [82,83].
This can result in a reduction of transpiration during the mid-day and in an increase of the
water loss at night [84]. The constant exposure of the plant to dust could lead to drought
and water-stress conditions leading to xylem embolism [85]. The existence of air-filled
tracheids and/or vessels in the plant anatomy can cause embolism resulting in a decreased
efficiency of xylem transport. Moreover, it can have a negative impact by decreasing
hydraulic conductance and limiting water supply to the transpiring leaves, posing a severe
threat to the tree’s health and survival [86]. Therefore, the dust can result in gradual or
abrupt changes in the normal functioning of a forest, highlighting the need to monitor
these changes.

Time-series analysis can assist in tracking forest decline by identifying abrupt shifts in
vegetation dynamics trends. The trend parameter can be obtained through decomposition,
which is a commonly used method to break down time series into components of seasonal-
ity, trend, and random noise, allowing for the identification of seasonal patterns and the
removal of disturbances [87]. Various decomposition methods are available, each with
their strengths and weaknesses. The classical decomposition by moving averages method
is a traditional approach using moving averages to deal with additive or multiplicative
seasonal components, but it may not capture changes over time [88]. Another method
is the X-13 decomposition method, an advanced version of X-12 and X-11 for seasonal
adjustment and descriptive analysis of time-series data. While it is a standard worldwide
method that removes seasonal patterns, such as meteorological fluctuations from a time
series, it does not handle outliers well [89]. The Loess decomposition method, developed
by Cleveland [90], is a filtering methodology that uses locally fitted regression models to
decompose a time series into noise, seasonality, and trend. It can quickly handle long-time
and large amounts of trend and seasonal smoothing, but it may not be as efficient or flexible
as other methods [90,91].

In contrast to the abovementioned methods, the BFAST (Breaks For Additive Season
and Trend) algorithm, in addition to being a decomposition algorithm, can also be used as
a change detection algorithm. BFAST is widely utilised for detecting trend and seasonal
breaks in a time series [92], characterises both the direction and magnitude of the change,
and has been applied in various applications like forest disturbance monitoring [93–95],
wildfires [96–98], and land cover monitoring [99–101]. Furthermore, BFAST is an unsu-
pervised algorithm that can automatically detect changes in data without needing prior
training and can handle missing values, which is useful when dealing with passive remote
sensing. However, the original BFAST algorithm is relatively slow; it has limited parameters
and it tends to overestimate changes [102]. Building upon the original BFAST algorithm,
BFAST Lite offers significant improvements in speed and flexibility while maintaining
similar accuracy to the original BFAST, making it an improved choice over other decom-
position and change detection methods due to its unique features and performance [102].
Additionally, there is the BFAST01 algorithm, which is the latest version of BFAST and
checks for one major break in the time series, having also the ability to classify the type of
change when it is identified. In addition the BFAST01 algorithm does not take into account
seasonality but focuses on the trend and noise component, making it appropriate for data
where seasonal variations are not a significant factor [103,104].

To the best of our knowledge, no studies have been conducted to identify forest
disturbances due to dust events with radar polarisation. This paper aims to fill this gap by
evaluating the ability of Sentinel-1 satellite data to identify forest disturbance caused by
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eight dust events between 2014 and 2021 in the Paphos forest in Cyprus. Furthermore, ten
Vegetation Indices (VIs) were utilised to detect possible forest disturbance from the three
major dust events to compare the outcomes with the Sentinel-1 data.

2. Materials and Methods
2.1. Study Region

The Area of Interest (AoI) focuses on the north-western (NW) part of Cyprus in
the “Paphos forest” located in the Paphos district in Cyprus. More specifically, the total
study area is 196.36 km2, focusing on the north-east (NE), east, and south-east (SE) AoIs
regions, which are aligned with the non-shaded areas observed by the Sentinel-1 C-band
sensor, following a descending orbit as described further in Section 2.3.1. Located in the
northeastern end (33◦ east of Greenwich and 35◦ north of the Equator), Cyprus is the
third-largest island in the Mediterranean Sea (Figure 1). Cyprus has an assortment of micro-
climates and various terrains that are adequately sheltered as they can maintain a high
diversity of species guiding into the shape of endemic biota [105,106]. Ancient authors, like
Eratosthenes (275–195 B.C), reported that Cyprus had large areas of rich forests [107,108].
According to maps dating back to 1900, created by A. K. Bovilli [109] regarding the forest
allocation in Cyprus, the chosen area of interest was forest, suggesting that it is one of the
oldest remaining forests in Cyprus. Pinus brutia Ten is the dominant tree species in the
Paphos forest, with additional old plantations of that species existing for 30 years; thus, the
study area is distributed mainly up to 1400 m above sea level [105,108]. In addition, other
predominant species exist in this mixed Mediterranean forest, such as smaller trees and
bushes (Quercus alnifolia, Genista fasselata, Sarcopoterium spinosum), Thermo-Mediterranean
riparian galleries (Nerium oleander, Tamarix spp.), sclerophyll shrubs (Ceratonia siliqua,
Rhamnus alaternus, Rhamnus oleides subsp. graeca), and the Cypriot cedar (Cedrus brevifolia)
where it is growing in the Cedar Valley on the slopes of Mount Tripylos [110].

Remote Sens. 2025, 17, 876 4 of 26 
 

 

To the best of our knowledge, no studies have been conducted to identify forest dis-
turbances due to dust events with radar polarisation. This paper aims to fill this gap by 
evaluating the ability of Sentinel-1 satellite data to identify forest disturbance caused by 
eight dust events between 2014 and 2021 in the Paphos forest in Cyprus. Furthermore, ten 
Vegetation Indices (VIs) were utilised to detect possible forest disturbance from the three 
major dust events to compare the outcomes with the Sentinel-1 data. 

2. Materials and Methods 
2.1. Study Region 

The Area of Interest (AoI) focuses on the north-western (NW) part of Cyprus in the 
“Paphos forest” located in the Paphos district in Cyprus. More specifically, the total study 
area is 196.36 km2, focusing on the north-east (NE), east, and south-east (SE) AoIs regions, 
which are aligned with the non-shaded areas observed by the Sentinel-1 C-band sensor, 
following a descending orbit as described further in Section 2.3.1. Located in the north-
eastern end (33° east of Greenwich and 35° north of the Equator), Cyprus is the third-
largest island in the Mediterranean Sea (Figure 1). Cyprus has an assortment of micro-
climates and various terrains that are adequately sheltered as they can maintain a high 
diversity of species  guiding into the shape of endemic biota [105,106]. Ancient authors, 
like Eratosthenes (275–195 B.C), reported that Cyprus had large areas of rich forests 
[107,108]. According to maps dating back to 1900, created by A. K. Bovilli [109] regarding 
the forest allocation in Cyprus, the chosen area of interest was forest, suggesting that it is 
one of the oldest remaining forests in Cyprus. Pinus brutia Ten is the dominant tree species 
in the Paphos forest, with additional old plantations of that species existing for 30 years; 
thus, the study area is distributed mainly up to 1400 m above sea level [105,108]. In addi-
tion, other predominant species exist in this mixed Mediterranean forest, such as smaller 
trees and bushes (Quercus alnifolia, Genista fasselata, Sarcopoterium spinosum), Thermo-Med-
iterranean riparian galleries (Nerium oleander, Tamarix spp.), sclerophyll shrubs (Ceratonia 
siliqua, Rhamnus alaternus, Rhamnus oleides subsp. graeca), and the Cypriot cedar (Cedrus 
brevifolia) where it is growing in the Cedar Valley on the slopes of Mount Tripylos [110]. 

 

Figure 1. (Left): Paphos forest, Cyprus with green colour (AoI). (Right): Heights distribution of the 
AoI. The red dot indicates the location of the Ayia Marina Xyliatou air quality monitoring station. 
The blue dots concern the sites of the four meteorological stations of the Department of Meteorol-
ogy, Cyprus. 
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station. The blue dots concern the sites of the four meteorological stations of the Department of
Meteorology, Cyprus.
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2.2. Datasets
2.2.1. Satellite Data

This study utilised multispectral and radar satellite data from Landsat 7,8,9 and
Sentinel-1 satellite images, respectively (Table 1). The data were obtained from the
United States Geological Survey (USGS) data services (https://www.usgs.gov, accessed
on 30 January 2025) via Google Earth Engine (GEE) and the Alaska Satellite Facility (ASF)
(https://search.asf.alaska.edu/#/, accessed on 30 January 2025) and were processed in
the georeferenced WGS 84/UTM zone 36N coordinate system. Combining data from the
Landsat 7–8–9 satellites, the temporal resolution was significantly improved by 8 days of
revisit time over the AoI, allowing for more frequent observations and a more detailed
analysis of changes over time.

Table 1. The data summary utilised in the AoI shows the time frame, the number of processed
images, and the total number of images used after filtering due to cloud coverage (Landsat-8) and
high precipitation (Sentinel-1).

Satellite Mission Spatial
Resolution (m) Time Frame No. of Images No. Images

After Filtering

Landsat 7–8–9 30 October 2014–December 2021 354 242
Sentinel-1A/B 10 October 2014–November 2021 337 276

Moreover, the Moderate Resolution Imaging Spectroradiometer (MODIS) was used
to assess the dust storm activity from satellite images for validation. Specifically, the dust
score is derived by comparing radiances in specific AIRS spectral channels sensitive and
insensitive to dust, with higher scores indicating a higher probability of dust presence. The
data were sourced from https://worldview.earthdata.nasa.gov, (accessed on 30 January
2025) with 13.5 km/pixel resolution at nadir and twice daily temporal coverage [111]. The
AIRS dust score was generally utilised to validate the timing and intensity of detected dust
events, supplementing in-situ air quality data.

2.2.2. Meteorological Data

Studies have claimed that the high presence of soil moisture affects radar signal per-
formance [112]. The study area can be described as a sparse forest; thus, the radar signal
can easily reach the ground, penetrating the forest canopy and affecting the radar measure-
ments when the soil moisture is high. Since SAR signal performance can be influenced by
soil moisture, precipitation events were considered to assess their potential impact on SAR
backscatter measurements. According to the Department of Meteorology, any precipitation
exceeding 0.2 mm is classified as a rainy day. To minimise potential distortions caused by
soil moisture, this study used precipitation data from four meteorological stations. More
specifically, from the Alonoudi, Cross of Psoka, Dodeka Anemoi, and Finokli stations,
precipitation data were collected for 2014–2019. For the years 2020 and 2021, data were
derived from the Cross of Psoka station since the other three meteorological stations in
the forest (Finokli, Dodeka Anemoi, Alonoudi) showed many gaps in their data, making
them unable to provide satisfactory results. The data were obtained from the Department
of Meteorology through a request process since they do not have an open access policy.

2.2.3. Air Quality Data

For validation purposes, air quality data were sourced from the Ayia Marina Xyliatou
station, which was chosen for its strategic location approximately 20 km east of the Paphos
forest (35.04N; 33.06E) and at an elevation of 535 m above sea level (Figure 1). This
station was chosen since it measures continuously and updates the data in real-time of the

https://www.usgs.gov
https://search.asf.alaska.edu/#/
https://worldview.earthdata.nasa.gov
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Particulate Matter in the air, with a diameter of 10 (PM10) and 2.5 (PM2.5) micrometres or
less, which were needed for this study.

2.3. Methodology
2.3.1. Satellite Images Processing

The Department of Forest in Cyprus provided the AoI’s boundaries. To “avoid” noise
within our data, any area burnt between 1992 and 2021 was extracted since satellites can
easily detect forest stands when they are under regeneration status [113]. The Department of
Forests provided shapefile data containing polygons with the burnt areas. More specifically,
a fire broke out at the north-west part of the AoI on 06 March 2003, which was mapped
and removed by implementing the Normalised Difference Vegetation Index (NDVI) [114]
and the Normalised Burned Ratio (NBR) [115] downloaded from a Landsat–5 image. In
addition, an aspect map was generated from the ASTER Global Digital Elevation Model
(GDEM), and the aspect directions NE, E, and SE (22.5–157.5 degrees) were included in the
study area as earlier mentioned, which created the final AoI with the non-shaded areas
(Figure 1).

For pre-processing purposes of the Sentinel-1 GRD images, all the standard processing
methods were exploited in SNAP software (v.10.0.0) to derive the backscatter coefficient
(Thermal noise removal, Apply Orbit File, Calibration, Speckle Filter, Terrain Correction). The
median filter was used for speckle filtering since the forest is a dynamic place with many
high shifts concerning the SAR signal scattering (e.g., movement of leaves). Therefore, it is
considered an effective filter to remove possible outliers. After that, the Digital Number
(DN) of each pixel was transformed into a decibel (DB) utilising the following formula:

DB = 10 × log10|DN| (1)

where log10 x represents the logarithm of u to base 10, and |DN| represents the absolute
value of DN.

Regarding the Landsat dataset, atmospherically corrected surface reflectance images
were used through GEE (Level 2, Collection 2, Tier 1), where, for the cloud filtering, the
F-mask algorithm [116] was exploited to exclude haze, clouds, shadows, and dark pixels.
All the images were collected, including those with high cloud coverage, since the clouds
did not cover the AoI in many cases, making the image useable. After that, the confi-
dence interval was calculated to exclude images where the number of overlapping pixels
over the AoI was lower than the confidence interval (<95%), making the measurements
more reliable.

2.3.2. Interpolation and Decomposition Techniques

Missing values in the time series, which resulted from the filtering process, were
interpolated using the Moving Average (M.A.) and Kalman filter algorithms to address
data gaps effectively. The assessment of these two interpolation algorithms showed that
the Kalman smoothing filter performed better than the M.A. filter; thus, the Kalman filter
was exploited further. The Cook’s distance was estimated to obtain a better insight into
the effects of the filled values while analysing the time series data, which depends on the
Hat matrix (H). This matrix gives a result of each value y (response value) in the data (time
series) for every fitted value ŷ created from the Kalman filter. The H trace helps to identify
the factors of influence, expressing for the same observation the degree of the influence
between the values (response and fitted) and the points with high leverage, which may
impact the model. Generally, a value’s Cook’s distance exceeding three times the mean
Cook’s distance suggests it may be an outlier [117].
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After imputing the values, a classical decomposition method was implemented for the
ten VIs created from Landsat data and the VV and VH polarisation from Sentinel-1 imagery,
where the VIs’ formulas are indicated in Table 2. The classical decomposition method was
used to separate the time-series data intro trend, seasonal, and noise components. This
approach ensures that long-term patterns (trend) and periodic fluctuations (seasonality) are
effectively isolated from random variations (noise), enabling a clearer analysis of vegetation
changes. By applying this decomposition, we aimed to ensure that abrupt changes detected
in the trend component were not influenced by short-term fluctuations or missing data
imputations. This step was critical in reducing the impact of any residual interpolation
effects from the Kalman filter, thereby improving the robustness of breakpoint detection.
The VIs were derived through a GEE script by applying data harmonisation methods,
allowing consistency and comparability within the different Landsat data.

2.3.3. BFAST Algorithm

In this study the BFAST algorithm was applied to detect abrupt changes in vegetation
trends caused by dust events. The algorithm was selected for its ability to separate seasonal
components, trends, and noise, making it particularly useful in long-term vegetation
monitoring. To ensure robustness in detecting change points, we utilised different versions
of BFAST, each serving a specific purpose in the analysis. The original BFAST algorithm
was used for full time-series decomposition, allowing multiple breakpoints to be identified,
while BFAST Lite was applied to improve processing efficiency and enhance sensitivity
to subtle changes. Additionally, BFAST01 was employed to focus on a single major shift
in the trend, reducing the likelihood of detecting minor fluctuations. These differences
in sensitivity arise from their internal statistical frameworks, where BFAST Lite offers a
streamlined approach to decomposition and BFAST01 is designed to capture only the most
significant trend shift.

More specifically, these algorithms were implemented in the R software (v.3.3.3)
through the bfast package. BFAST is a reliable algorithm for change detection, decomposing
time-series data into the three elements mentioned above. This algorithm gives two options
to recognise shifts, namely, to specify the numeral of breaks (“bfast”), allowing several
breakpoints to be identified in a time series and to identify a significant breakpoint (func-
tion “bfast01”). The algorithm iteratively calculates the time and number of unexpected
shifts, mixing the detection of changes with the additive decomposition algorithm within a
data series.

Generally, the algorithm utilises a model of additive decomposition of a time series
to fit a segmented linear trend and a segmented seasonal model iteratively [118,119]. The
generic formula of the algorithm is expressed below.

Yt = St + Tt + et, t = 1, 2 . . . n (2)

where Yt are the data observed at time t, Tt is the trend, St is the data seasonality, and et is
the remaining noise. In this formulation, the trend and seasonal components are iteratively
estimated using a decomposition approach, where their contributions are dynamically
adjusted based on the observed time series data. Unlike traditional regression models,
BFAST does not use fixed coefficients; instead, it identifies structural changes by detecting
significant shifts in the trend and seasonal components over time.

In addition to the BFAST family algorithms utilised in this study, BFAST Monitor
offers an alternative approach for near-real-time detection of abrupt changes in vegetation.
Unlike the original BFAST, which detects multiple breakpoints across a time series, BFAST
Monitor focuses on identifying a single significant change at the end of the observation
period, making it particularly suitable for operational forest monitoring [120]. Its capability
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has been applied in deforestation monitoring [121], vegetation degradation [122], and
ecosystem disturbances [123]. While not implemented in this study, future work could
explore its potential for assessing ongoing dust-induced forest disturbances with frequent
satellite acquisitions.

2.3.4. Vegetation Indices

The VIs selected for this study, presented in Table 2 below, were driven by their unique
characteristics and ability to capture different aspects of vegetation health and dynamics.

Table 2. VIs assessed in the study.

No Indicator Formula Reference

1 ARVI NIR−R−y×(R−B)
NIR+R−y×(R−B)

[124]

2 AVI [NIR ∗ (1 − R)× (NIR − R)]1/3 [125]

3 EVI G × NIR−R
NIR+C1×R−C2×B+L [126]

4 GCI NIR
G−1 [127]

5 MSI SWIR
NIR [128]

6 NDMI NIR−SWIR
NIR+SWIR [129]

7 NDVI NIR−R
NIR+R [130]

8 NDWI G−NIR
G+NIR [131]

9 SAVI NIR−R
NIR+R+L × 1 + L [132]

10 SIPI NIR−B
NIR+R [133]

where R = red band reflectance; G = green band reflectance; B = blue band reflectance; NIR = Near-InfraRed band
reflectance; SWIR = short-wave InfraRed; L = soil linearity correction factor; C1, C2 = soil adjustment factors; and
y = the weight factor applied to the difference between the red and blue bands.

The Atmospherically Resistant Vegetation Index (ARVI) applies to regions with high
atmospheric aerosol variations, such as Cyprus, due to the frequent extreme aerosol out-
break events like dust storms [133]. The Advanced Vegetation Index (AVI) is particularly
effective in areas with sparse vegetation and significant soil exposure, such as the Paphos
forest. Moreover, the Enhanced Vegetation Index (EVI) improves the vegetation signal in
high biomass regions and offers improved vegetation monitoring by reducing atmospheric
and canopy background influences. The Green Chlorophyll Index (GCI) estimates the
content of leaf chlorophyll in various species of plants, which is helpful considering the
mixed vegetation in the Paphos forest. The Moisture Stress Index (MSI) detects vegeta-
tion’s moisture stress, making it appropriate for use due to the continuous water stress in
Cyprus [134]. The Normalised Difference Moisture Index (NDMI) is widely known in the
remote sensing field and determines the moisture in vegetation. It has also been used to
detect forest disturbance [129]. The Normalised Difference Vegetation Index (NDVI) is the
most widely used index, which can monitor growth and vegetation health or even identify
stress or damage in vegetation [135]. The Normalised Difference Water Index (NDWI) as
sensitive to the moisture levels in vegetation as NDMI and can also be utilised to monitor
droughts [135]. The Soil Adjusted Vegetation Index (SAVI) is considered a modification of
the NDVI with its soil brightness correction factor, providing more accurate measurements
in environments with sparse vegetation. The Structure Insensitive Pigment Index measures
the amount of chlorophyll and carotenoid pigment in plants without getting confused by
the shape or arrangement of the leaves [136].
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3. Results
As mentioned earlier, ten VIs were tested for the time-series analysis in this study,

but only AVI, SAVI and EVI managed to detect forest disturbance that occurred mainly
after a dust event; thus, the analysis of the optical data continues with these selected VIs.
Overall, there were eight missing values in the monthly time series of the AVI, SAVI, and
EVI, whereas only one missing value existed for the VH and VV polarisation. The Cook’s
distance was utilised to identify influential points in the time series, but despite outliers, no
values were removed. Assessment of the influential points showed no significant impact
on the estimated regression coefficients or the model’s overall fit, ensuring the integrity of
the statistical findings.

3.1. Abrupt Changes in Vegetation Dynamics
3.1.1. BFAST Original

Utilising the original BFAST algorithm, we identified two sudden changes for AVI in
April 2018 and December 2019. Both breaks showed a decrease in the trend line, implying
a reduction in vegetation (Figure 2a). We observed three abrupt shifts for SAVI: a decrease
in August 2015 and increases in June 2019 and November 2020 (Figure 2b). Interestingly,
the breaks for EVI were identical to those in SAVI, occurring on the exact dates (Figure 2c).
Regarding VV polarisation, there was a single abrupt shift with a significant decrease in
the backscatter coefficient in November 2015 (Figure 2d). No break was detected for the
VH polarisation.
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3.1.2. BFAST Lite

The BFAST lite algorithm detected a break in the trend of VH polarisation in October
2015 (Figure 3a) and another sudden change in the trend of VV polarisation, SAVI, and
AVI in September 2015 (Figure 3b–d). These shifts indicated significant drops in the trend
of the analysed polarisation and indicators, suggesting a drop in germination. Regarding
EVI, three changes were identified, with the first occurring in May 2016 with a significant
decrease in the trend. The second and third breaks were in May 2019 and November 2020,
respectively, with both breaks showing an increase in the EVI trend, implying an increase
in vegetation dynamics (Figure 3e).
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3.1.3. BFAST01

Applying the latest version of the BFAST algorithm, the BFAST01 algorithm showed
only one abrupt change in the trend of VV polarisation in April 2018, with a slight increase
in the backscatter coefficient, followed by a gradual decrease (Figure 4). No changes were
detected for the VH polarisation and the three VIs.
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3.2. Air Quality and Meteorological Data

Assessing PM2.5 and PM10 data from the Ayia Marina Xyliatou station (Figure A1)
and the MODIS satellite (Appendix A), eight dust events were discriminated within the
period 2015–2021 (Table 3). These events were classified based on elevated PM10 and
PM2.5 concentrations exceeding 50 µg/m3 and 20 µg/m3, respectively. Rainfall data from
the four meteorological stations were derived to analyse and find the duration of rainfall
absence after each dust event since the lack of rain plays a critical role in vegetation’s
smooth functioning, as mentioned earlier. More specifically, the duration of the rainfall
absence after the dust event and the amount of rainfall are indicated below in Table 3.

Table 3. Dust events over Cyprus within 2015–2019 are in chronological order, with maximum mea-
surements of PM2.5 and PM10, including the date and amount of rainfall for the four meteorological
stations in the Paphos forest.

Dust
Event
No

Date of Dust
Event

Detected by
MODIS

Maximum
PM2.5

Measured by the
Air Quality

Stations

Maximum PM10
Measured by the

Air Quality
Stations

Meteorological
Station Rainfall Date

SUM
Precipita-
tion (mm)

Duration of
Rainfall

Absence in the
Days After the

Maximum
PM Values

1
07–

12/09/2015
(Figure A2)

84.74
(08/09/2015)

478.04
(08/09/2015)

Alonoudi 20–21/09/2015 0.5

8

Cross of Psoka

20/09/2015

1.5

Dodeka
Anemoi 2.3

Finokli 24.1

2
12/05/2016
(Figure A3)

39.33
(14/05/2016)

148.75
(14/05/2016)

Alonoudi
22–23/05/2016

0.5
10

Cross of Psoka 2.7

Dodeka
Anemoi 23/05/2016 1.6 11

Finokli 22–23/05/2016 0.7 10
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Table 3. Cont.

Dust
Event
No

Date of Dust
Event

Detected by
MODIS

Maximum
PM2.5

Measured by the
Air Quality

Stations

Maximum
PM10

Measured by
the Air Quality

Stations

Meteorological
Station Rainfall Date

SUM
Precipita-
tion (mm)

Duration of
Rainfall

Absence in the
Days After the

Maximum
PM Values

3
20–

22/04/2017
(Figure A4)

11.5
(21/04/2017)

32.4
(22/04/2017)

Alonoudi 04/05/2017 44.6 12

Cross of
Psoka 17/05/2017 1.6 25

Dodeka
Anemoi 04/05/2017 19.5 12

Finokli 17/05/2017 2.0 25

4–5
05/03/2018

22–23/03/2018
(Figure A5)

NA NA Alonoudi

24/03/2018

4.1

19

15.3
(07/03/2018)

46.9–61.2
(25–26/03/2018)

50.6
(07/03/2018)
214.4–206.4

(25–26/03/2018)

Cross of
Psoka 6.2

Dodeka
Anemoi

08/03/2018 1.3 3

24/03/2018 5.0 1

Finokli 24/03/2018 4.3 1

6
02–04/05/2018
(Figure A6)

21.9
(05/05/2018)

74.4
(05/05/2018)

Alonoudi 07–08/05/2018 2.8 3

Cross of
Psoka

02/05/2018 0.9 0

07–08/05/2018

11 3

Dodeka
Anemoi 4.3 3

Finokli 13.0 3

7
18/10/2018
(Figure A7)

39.7
(18/10/2018)

159.5
(18/10/2018)

Alonoudi NA NA NA

Cross of
Psoka

18–20/10/2018

8.3 0

Dodeka
Anemoi 15.6 0

Finokli 1.1 0

8
13/04/2019
(Figure A8)

13.8
(14/04/2019)

39.1
(14/04/2019)

Alonoudi NA NA NA

Cross of
Psoka

15–16/04/2019

7.1 1

Dodeka
Anemoi 2.3

1

Finokli 4.3

4. Discussion
Evaluating the breaks produced by the BFAST algorithms, the most likely reason

for the sudden changes in the trend component of the time series was due to the several
dust events that occurred in the region within the study period, combined with different
climatic conditions in the area and some human activities that may have changed the
vegetation dynamics in the forest. Four dust events (Nos. 1, 2, 4–5, and 6) were successfully
identified, as indicated in Table 4 below. While the BFAST analysis identified multiple
breakpoints in the vegetation time series, only some of these could be directly linked to
documented dust events. Other breakpoints may be attributed to seasonal fluctuations,
precipitation anomalies, or other environmental disturbances. The observed changes
in vegetation dynamics were predominantly associated with documented dust events;
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however, other environmental factors may have also played a role. Vegetation responses to
dust deposition are complex and may be influenced by a combination of factors, including
precipitation patterns, temperature fluctuations, and soil moisture variations. For instance,
prolonged drought periods or recurring dust exposure over consecutive months could lead
to cumulative vegetation stress, making it difficult to attribute changes to a single dust
event. Additionally, different vegetation species in the study area may exhibit varying
degrees of resilience to dust-related disturbances, influencing the detectability of changes
in vegetation indices. The differences in detection sensitivity between optical and radar
datasets further suggest that vegetation responses may not always be immediate but can
manifest over extended periods, depending on the physiological adaptations of forest
species to environmental stressors.

Table 4. Identified dust events for each radar polarisation and VI per BFAST algorithm.

BFAST Original BFAST LITE BFAST01

SAVI 08/2015 AVI 09/2015

VV 03/2018
EVI 08/2015 VH 09/2015

VV 11/2015 SAVI 09/2015

AVI 04/2018
VV 10/2015

EVI 05/2016

Our outcomes suggest that the trend’s turning point in dust event No. 1 could be
attributed to a particularly severe dust storm that originated from the deserts of northern
Syria and Iraq and affected the eastern Mediterranean region from 7–12 September 2015.
It is worth mentioning that 12 h before the peak of the dust event on 8 September, the
concentration of dust masses reached 2000 µg m−3 in the elevated dust layers [137]. As
shown in Figure A2, MODIS and Aqua satellite images show that the dust event initiated
on 7 September, maximised the next day, and faded away by 9 September. Eight days after
the dust event, rainfall could have minimised the impact of dust on vegetation. However,
the first radar image for this month was acquired two days before rainfall occurred, and the
first optical imagery was captured during the dust event (10 September 2015), justifying
the identified breaks in the graphs. Both optical (SAVI, AVI) and radar imagery (VV, VH)
successfully identified this dust event, which was the largest compared to the other dust
storms studied and discussed further.

Regarding dust event No. 2, only EVI successfully identified the dust event, creating
a break in the graph in May 2016. This event reached high levels with 39.33 µg/m3 and
148.75 µg/m3 for PM2.5 and PM10, respectively. Despite MODIS detected dust particles
on 12 May 2016, the in-situ measurements showed higher PM values on 14 May 2016,
indicating that the dust reached the station two days after the dust event. As shown
in Table 3, rainfall occurred 10 days after the peak dust levels. This delay in rainfall
provided a window where dust could settle and potentially affect vegetation, allowing for
observable stress without immediate interference from precipitation. However, two optical
images were captured this month (7 and 23 May 2016), filtered out, and imputed utilising
the Kalman filter. Since these images did not retain the original values and underwent
processing to fill in missing values, the imputed data might not reflect the vegetation
stress caused by dust, leading to a lack of identification. Moreover, the dust particles were
detected by MODIS at night (Figure A3), meaning that the stomata of the leaves may have
already closed, so the dust particles did not impact them as much. In the case of this specific
dust event, while atmospheric and rainfall conditions were favourable for detection, the
filtered imagery resulted in a missed opportunity to observe the event directly.
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Dust event No. 3 (20–22 April 2017) was not identified by radar and optical data
despite the availability of satellite images (22 and 28 April 2017 for radar and 24 April 2017
for optical) and the absence of rainfall (9 days). Although the high dust concentrations were
calculated from MODIS on that day (Figure A4), the low maxima of PM 2.5 (11.5 µg/m3)
and PM 10 (32.4 µg/m3) from the Ayia Marina Xyliatou station imply that the dust particles
remained at higher altitudes rather than settling on vegetation. Additionally, interpolation
of missing optical data for this period may have introduced uncertainty, reducing the
likelihood of detecting dust-induced vegetation stress.

Dust events No. 4–5 (5, 22–23 March 2018) were challenging to detect due to the
timing of image capture and subsequent rainfall. Optical data did not capture the event
because the available Landsat images either predated the dust storms or were filtered due
to cloud cover. Overall, there were three Landsat images for March 2018. The first image
was captured on 2 March 2018, when the first dust storm broke out on 5 March 2018. The
second image was filtered out due to clouds, while the third image was taken on 26 March
2018, when a second dust event occurred from 22 to 23 March 2018. Between the second
dust storm and the 3rd Landsat image, rainfall in multiple regions (up to 6.2 mm) was
observed on 24 March 2018, washing away residual dust and complicating optical imagery
detection efforts. On the other hand, the radar data (VV polarisation) were successful in
detection, mainly because they covered May with five observations (6, 12, 18, 24, 30 May
2018) in total, adequately covering both dust phenomena during and after their occurrence.
This highlighted the advantage of frequent radar observations in minimising temporal
gaps caused by missing optical data. The multiple acquired radar images with the absence
of rainfall (only the “Dodeka Anemoi” meteorological station captured rainfall on the 8
March 2018) and the continued exposure of vegetation to dust particles day and night
(Figure A5) before being washed away by the precipitation resulted in a unique opportunity
for the radar data to effectively detect the second largest dust event of the studied period
and one of the most intense episodes of African dust covering a large part of the Eastern
Mediterranean [138,139].

Between 2 and 4 May 2018, dust event No. 6 (Figure A6) hit the island. This dust
event reached moderate levels, with PM2.5 and PM10 peaks at 21.9 µg/m3 and 74.4 µg/m3,
respectively. Shortly after the event (same date for Cross of Psoka and 3 days for all stations),
rainfall of up to 13 mm was recorded across stations, quickly washing away dust particles
and minimising their existence on vegetation (Table 3). Although both optical and radar
images were captured on May 5, just as the dust event concluded, there was not enough
time for the dust to cause visible or measurable stress effects on tree foliage. Consequently,
while images were available, the timing and quick succession of rain prevented the dust
from manifesting detectable changes in vegetation indices and polarisations. Concerning
the AVI break that occurred in April 2018 (Figure 2a), a month before the May dust event, it
may be related to significant rainfall in late March. During this period, multiple stations
recorded substantial precipitation, with notable rainfall events on March 24 (Alonoudi:
4.1 mm, Dodeka Anemoi: 5 mm, Finokli: 4.3 mm) and heavy rainfall on March 28–29
(Alonoudi: 20, 22 mm, Dodeka Anemoi: 13.1, 50.1 mm, Finokli: 14, 23 mm) bringing
soil moisture levels up considerably. While March saw substantial rainfall, precipitation
was more limited throughout April before the dust event. The AVI anomaly observed in
April 2018 coincided with this period of dust activity, and while dust deposition likely
contributed to vegetation stress, alternative factors such as residual soil moisture from
March or natural seasonal transitions may have played a role. However, given the absence
of significant rainfall in the days leading up to the event and the elevated PM level recorded
in the region, the likelihood of disturbance by dust being a primary driver remains high.
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Another dust storm occurred on 18 October 2018 (dust event No. 7), during which the
in-situ measurements from the Ayia Marina Xyliatou station showed high concentrations
of PM2.5 (39.7 µg/m3) and PM10 (159.5 µg/m3) during the same day. However, immediate
rainfall broke out on October 18–20 in Paphos forest, likely preventing dust accumulation
on vegetation and limiting its detectability in remote sensing indices.

Similarly, Dust Event No. 8 occurred on 13 April 2019 (Figure A8); the in-situ mea-
surements revealed peaks of 13.8 µg/m3 (PM2.5) and 39.1 µg/m3 (PM10), respectively.
Although the conditions initially appeared favourable for detecting dust impacts on veg-
etation, there was limited rainfall one day after the dust event (Table 3), minimising the
chances of observing potential dust effects. Moreover, the combination of limited optical
data in April, the rainfall after the dust event, and the effect of moisture in radar signal
reduced the likelihood of detecting visible dust impacts from the specific dust storm. Addi-
tionally, the relatively lower PM concentrations compared to other major dust events may
have resulted in a weaker signal in both optical and radar observations. Furthermore, the
lack of optical acquisitions during the critical period following the dust event meant that
any potential vegetation stress might have been undetectable due to insufficient temporal
coverage. This highlights the challenges associated with monitoring short-lived dust effects
on forests, especially when rapid-post event rainfall further reduces their detectability in
remote sensing datasets.

Overall, the radar data successfully identified only dust events Nos. 1 and 6, which
were the most significant and second largest, respectively. This observation suggests
that radar imagery may be more sensitive to detecting significant dust events when PM
levels surpass a certain threshold. In contrast, optical data proved capable of detecting
smaller dust events as well, suggesting a higher sensitivity to changes in VIs, even at lower
dust concentrations. This differential detection threshold between radar and optical data
highlights the potential limitations of the radar in capturing less intense dust impacts, as
radar backscatter may require a more pronounced dust layer or vegetation stress to register
discernible changes. In general, radar data successfully identified forest disturbances from
dust only from the most intense dust events (Nos. 1 and 6).

In contrast, optical indices detected changes even for smaller events like dust event
No. 2. Therefore, integrating optical and radar imageries could enhance detection sensitiv-
ity across various intensities of dust events. This integrated approach could enable a more
robust assessment of dust impacts on forest ecosystems, particularly in semi-arid regions
prone to frequent dust activity. While this study demonstrates the potential of Sentinel-1
SAR and Landsat data in detecting forest disturbances caused by dust events, some en-
hancements could improve future monitoring efforts. Integrating Machine Learning (ML)
models, such as Random Forest (RF), Support Vector Machine (SVM), or Convolutional
Neural Networks (CNNs), could refine the classification of dust-induced vegetation stress
by distinguishing it from other disturbance factors like drought, pest infestations, or natu-
ral phenological shifts. Additional data fusion approaches that combine SAR and optical
datasets (e.g., Sentinel-1, Sentinel-2 and MODIS) could improve temporal coverage, reduc-
ing data gaps due to cloud cover. Lastly, incorporating ground-based validation through
field measurements (e.g., chlorophyll content, stomatal conductance) and UAVs equipped
with hyperspectral sensors would enhance the accuracy of remote sensing-based dust
stress detection models. These advancements could significantly improve the precision
and operational efficiency of dust event monitoring in semi-arid forest ecosystems. While
previous studies have examined dust storm effects on vegetation, based on our knowledge
and a review of the literature, no study has utilised SAR sensors to detect the impact of dust
storms on forests. Therefore, our study is the first to integrate SAR and optical time-series
analysis to systematically assess forest responses to dust deposition.
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The findings of this study have significant implications for forest management and
conservation efforts in semi-arid regions affected by dust events. Remote sensing offers
a powerful tool for monitoring vegetation stress, enabling early warning systems that
can help detect potential forest decline before severe degradation occurs. By integrating
satellite-based monitoring with in-situ observations, forest managers can better assess
vegetation health and implement targeted interventions, such as reforestation efforts, soil
stabilisation techniques, or controlled irrigation to mitigate dust-related impacts. Further-
more, understanding the role of dust deposition in vegetation stress can inform policy
measures aimed at reducing anthropogenic dust sources, such as unsustainable land-use
practices and deforestation. Future research should explore integration of remote sensing
with ecological modelling to develop predictive frameworks for assessing long-term forest
resilience under increasing dust activity and evolving climatic conditions. Additionally,
further investigations at the species level could provide valuable insights into how dif-
ferent tree species respond to varying dust concentrations, enhancing our understanding
of species-specific vulnerabilities and adaptive strategies. Moreover, future studies could
benefit from a multi-sensor fusion approach, integrating Sentinel-1 SAR and Sentinel-2 (or
Landsat) optical data into a unified time-series analysis. This could improve dust impact
detection by leveraging SAR’s ability to penetrate cloud cover and detect structural changes
alongside optical sensors’ sensitivity to vegetation health and pigment variations. Alter-
natively, the development of a hybrid radar–optical index could provide a novel metric
for assessing dust-induced vegetation stress, offering a more comprehensive perspective
on forest dynamics. These advancements would not only improve the precision of remote
sensing applications but also provide forest managers with a more robust decision–support
system for mitigating dust-related impacts on forest ecosystems.

5. Conclusions
This study demonstrates the capability of multispectral and radar satellite data to

detect vegetation responses to dust events in the Paphos forest, Cyprus. Applying BFAST
decomposition algorithms effectively identified several dust events, with particular sensi-
tivity observed for the most significant ones. These results suggest that integrating SAR
and optical data provides complementary insights, as radar data primarily detected the
most intense dust events, while optical data captured a broader range, including those
with lower PM concentrations. Our findings underscore that success depends not only on
sensor capabilities but also on multiple factors, such as rainfall timing and the availability
of imagery close to dust events. For instance, the immediate post-event rainfall can quickly
wash dust away, minimising its impact on vegetation, while a lack of imagery near the
event timeframe can reduce detection accuracy. Radar backscatter requires significant dust
accumulation to register evident vegetation stress, whereas optical indices are more respon-
sive to minor events, reflecting even subtle vegetation changes. These outcomes emphasise
the importance of data integration for capturing dust impacts on vegetation under various
environmental conditions. In conclusion, expanding the time series datasets and enhancing
image frequency could further improve the reliability of dust event detection.
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