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Abstract

The study applied remote sensing techniques to detect dust deposits on photo-
voltaic solar panels in Kita, Mali, using the Google Earth Engine (GEE) plat-
form. Sentinel-2 images (2021-2023) recorded on the GEE platform were used
to derive sand indices, including the Ratio Normalized Difference Soil Index
(RNDSI) and the Dry Bare Soil Index (DBSI), enabling monthly detection of
dust accumulation patterns. Results indicate DBSI values ranging from 0.05 to
0.35 and RNDSI from 0.02 to 0.34. Seasonal trends were evident: June to Sep-
tember corresponded to the least dusty months, favoring optimal production,
while December to May marked peak dust accumulation, highlighting critical
periods for intensified cleaning and maintenance. The remote sensing analysis
further provided the spatial distribution of deposited dust, allowing operators
to target specific areas for prioritized cleaning interventions. By identifying
both seasonal and spatial variations, this approach supports more efficient re-
source allocation and performance optimization of large-scale PV systems. Our
findings demonstrate that freely available satellite data, combined with semi-
automated GEE processing, is a cost-effective and near-real-time alternative to
labor-intensive manual monitoring. This method can guide companies in plan-
ning a regular maintenance schedule improving long-term system efficiency,
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and sustaining reliable solar energy production in dust prone environments.
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1. Introduction

The global transition to renewable energy highlights the urgent need to address
environmental and operational challenges affecting photovoltaic (PV) efficiency.
A key concern is soiling, where dust and dirt deposition can reduce PV perfor-
mance by up to 50% in arid and semi-arid regions such as the Middle East and
Sub-Saharan Africa [1] [2]. Mitigation requires location specific strategies, includ-
ing tailored cleaning regimes [3] [4], and the adoption of advanced technologies.
Remote sensing, image based systems, and Al-driven approaches offer promising
tools for dust detection and automated monitoring [5]-[7]. Environmental studies
confirm that wind dynamics, dust composition, and deposition processes signifi-
cantly influence PV degradation [8] [9], while automated systems help quantify
impacts and optimize maintenance [10] [11]. Other challenges such as Potential
Induced Degradation (PID) further reinforce the need for integrated approaches
[12].

In regions with severe dust exposure, case studies stress region specific inter-
ventions, such as post dust storm cleaning in Saudi Arabia [13] [14], and research
on dust mineralogy (e.g., calcium carbonate) that exacerbates heating and effi-
ciency losses [8] [15]. Proactive measures, particularly in arid areas with limited
rainfall, are essential, including drone based imaging and Al-based cleaning opti-
mization [16]-[18]. Long-term analyses reveal that unmaintained systems face
substantial productivity losses [19], with dust reducing power output by 20%
within 11 weeks in monocrystalline modules [20]. Collectively, these findings un-
derscore the importance of continuous innovation and adaptive maintenance
strategies to safeguard PV efficiency under diverse environmental conditions.

Despite these advancements, the application of remote sensing (RS) to PV per-
formance monitoring in Sub-Saharan Africa remains underdeveloped. RS has
been widely applied for tracking solar expansion [21], and for environmental
monitoring, including erosion, desertification, and sand encroachment [22]-[24],
as well as soil attribute management [25]. Yet, its integration into PV performance
assessment remains limited [26], with most monitoring focused on utility-scale
plants and little attention to smaller systems or microgrids [27]. This gap is sig-

nificant given the growing deployment of solar power across the region.
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In Mali, where scarce rainfall and water shortages complicate dust manage-
ment, platforms such as Google Earth Engine (GEE) provide an opportunity to
track dust deposition using soil and sand indices. This study applies GEE to mon-
itor dust accumulation from 2021 to 2023, assessing seasonal variability and the
influence of climate variables, including temperature, humidity, precipitation,
and wind speed, on dust dynamics. Identifying high-risk periods and dust-prone
hotspots enables the design of efficient cleaning schedules that balance panel per-
formance with water conservation. By combining RS technology with climate
analysis, this study proposes a practical framework for reducing dust related effi-
ciency losses and enhancing the sustainability and reliability of solar power gen-

eration in arid regions.

2. Material and Methods
Study Area and Power Plant

The study area comprises a solar power plant, located in Kita, a town located in
the southwestern region of Mali, 180 km from Bamako (Figure 1). It covers an
area of 100 hectares (ha) at a latitude of 13.03°N, and a longitude of —9.52°W. The
plant are on-grid systems which produce electricity and inject into the national
electricity grid.

In Mali, Akuo Energy has commissioned the Kita solar power plant. The 50
MW infrastructure comprising 187,000 polycrystalline photovoltaic modules, was
built 180 km west of the capital Bamako and has been in operation since March
2020. Its production supplies 120,000 Malian households. The generated electric-
ity is sold to the Malian electricity company under 30-year power purchase agree-
ment. At the Kita plant, PV modules are installed with a 15° tilt, oriented due
south to optimize solar capture for the site’s latitude and seasonal irradiance. Rou-
tine cleaning is conducted by the operator, but dust accumulation during the Har-
mattan and irregular rainfall patterns still lead to localized soiling hotspots across
the array. Kita is characterized by a semi-arid climate with a distinct dry season
(October to May) and a rainy season (June to September). During the dry season,
strong winds from the Sahara Desert transport dust particles towards Kita, leading
to significant dust deposition on surfaces, including solar panels. The region is a
prime location for solar energy development, as it receives abundant sunlight
year-round. However, the high dust deposition rates pose a significant challenge

to the efficient operation of solar installations.

3. Data Used
3.1. Satellite Data (from 2021 to 2023)
The Sentinel 2 satellite data from 2021 to 2023 at monthly time steps were utilized

to estimate the soiling indices of panels for a selected power plant using the Google

Earth Engine (GEE), developed by Google Inc. GEE is an open, cloud-based geo-
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spatial processing platform primarily designed for planetary-scale environmental
data analysis.

Sentinel-2 (S2) is a wide-swath, high-resolution multispectral imaging mission
that offers a global revisit frequency of every 5 days. The S2 Multispectral Instru-
ment (MSI) captures data across 13 spectral bands: visible and near-infrared
(NIR) at 10 meters, red edge and shortwave infrared (SWIR) at 20 meters, and
atmospheric bands at 60 meters’ spatial resolution. This data is suitable for as-
sessing the condition and changes in vegetation, soil, and water cover.

The Sentinel 2 data bands (3, 4, 8, 12) were used to develop normalized differ-
ence sand index (NDSI) and ratio normalized difference soil index (RNDSI) with
a spatial resolution of 10 meters and 20 meters. Band 3 (green band) and band 11
(short wave infra-red 1), were used to calculate the dry bare soil index (DBSI). The
DBSI also involved using band 4 (red) and band 8 (near infra-red) to generate the
normalized differential vegetation index (NDVI). The data acquisition and semi-
automated processing of the images were completed on the GEE platform and the
direct results of the images were extracted from the cloud-based platform. The
detailed equations for deriving the soiling ratio indices are described below in the
methodology section 4.2.
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Figure 1. Location of the study area, the installed solar power plant.
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3.2. Climate Variables

We have collected climate data on temperature, relative humidity, irradiance,
wind speed, and precipitation, spanning from 1991 to 2022. The climate data were
extracted from the Nasa Power database of daily measures at 0.5° x 0.625° grid
resolution.

The climate variables are 1) temperature ("C) Air temperature at a height of 2
meters above the surface. 2) Precipitation flux Total volume of liquid water (mm?)
precipitated over the period 00 h - 24 h local time per unit of area (mm?), per day.
3) Wind speed (m-s™) at a height of 10 meters above the surface over the period
00 h - 24 h local time. 4) Solar radiation flux (Kwh/m?/day) Total amount of en-
ergy provided by solar radiation at the surface over the period 00 h - 24 h local
time per unit area and time. 5) Relative humidity (%) Relative humidity at a height
of 2 meters above the surface.

Dust data, Dust Surface Mass Concentration (DUSMASS) was obtained using
NASA’s Giovanni platform (EARTHDATA). The data, derived from MERRA-2
satellite reanalysis, covers the period from 1991 to 2022, with a spatial resolution

of 0.5 x 0.625° and hourly temporal resolution.

3.3. Temporal Alignment

Climate statistics for the Kita site were analyzed over the 1991-2022 period to pro-
vide a robust baseline of temperature, irradiance, and wind speed conditions. By
contrast, dust mapping using RNDSI/DBSI was limited to 2021-2023, reflecting
the period of reliable Sentinel-2 availability and overlap with plant operation. This
mismatch may reduce the strength of direct correlations between dust and climate
variables; however, the approach remains valid, as dust dynamics during 2021-
2023 can be interpreted within the context of the long-term climatological base-

line.

4. Methodology

The methodology used in this paper is depicted as a flowchart in Figure 2. The
study used GEE to detect soiling on solar PV panels using Sentinel-2 satellite data,
using two indices.

Furthermore, the climate variables were considered to explore the relationship

with the dust deposition on the solar panels.

4.1. Exploratory Data Analysis (EDA)

First, exploratory data analysis is used to determine the distribution, seasonal
trends, and interrelationships of the climate variables (irradiance, precipitation,
relative humidity, temperature, and wind speed) with dust deposition. This entails
detecting patterns or anomalies in the dataset that may affect dust deposition on
photovoltaic (PV) panels.

Correlation analysis was applied, which quantifies relationships between varia-

bles using the Pearson Correlation Coefficient (PCC) or Spearman Correlation
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Coefficient, depending on the data type. The Pearson correlation coefficient
(PCC), often denoted as 7 is a measure of the linear relationship between two
variables. It quantifies how closely the data points in a scatterplot align with a
straight line. This measure is widely used in statistical analyses to determine the

strength and direction of the association between variables [28].

Climate Data Collection

RN

Exploratory Data Analysis Dust Detection (Remote Sensing)

' AN

Correlation Analysis Temporal Trends Analysis RNDSI DBSI

Explore the impact of climate
variables on dust deposition patterns

\

Assess the extent and seasonal variations of
dust accumulation on PV systems

Analysis of results

Conclusion

Figure 2. Flowchart of the study used to analyse relationships with climate parameters and detect soiling on PV solar

panels.

To calculate the Pearson correlation coefficient, one must first understand its

formula:
e 2 -X)(¥i-Y)
VEo -3 Z(n-7)

here, X, and Y, are the individual data points for variables X and Y, and X

(1

and Y arethe mean values of X and Y. The numerator of the formula represents
the covariance between X and Y, while the denominator is the product of their
standard deviations. This normalization ensures that 7 lies between —1 and +1
[28].

The computation of 7 involves the following steps. First, calculate the mean
of X and Y using their respective data points. Then, subtract these means from
each data point to center the data. Next, calculate the covariance by multiplying
the deviations of X and Y, then summing these products. To compute the vari-
ances of X and Y, square the deviations of each variable and sum the results. Fi-
nally, divide the covariance by the product of the square roots of these variances

(the standard deviations).
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Once 7 iscomputed, it can be interpreted as follows: 7 =+1 indicates a per-
fect positive linear relationship, where increases in X correspond to proportional
increases in Y. Conversely, 7 =-1 signifies a perfect negative linear relation-
ship, where increases in X correspond to proportional decreases in Y. An 7=0
implies no linear relationship between the variables.

The strength of the correlation can also be categorized. A correlation is consid-
ered strong when 0.7 < |r| <1.0, moderate when 0.3< |I’| < 0.7, and weak when
0.0< |r| < 0.3. [28] This categorization provides insights into the degree of asso-
ciation and aids in interpreting the relationship between variables effectively.

Temporal Trends: Exploring seasonal patterns and climate anomalies to under-
stand their impact on sand and dust deposition. These findings pave the way for
future spatial and remote sensing analyses.

Results were visualized through graphs to highlight temporal and spatial pat-
terns. Geographic Information System (GIS) tools were employed to overlay cli-
matic variables map on the RNDSI and DBSI maps, derived by remote sensing in

section 4.2, providing a clear representation of their relationships.

4.2. Methods of Detecting Dust Deposits on Panels Using Remote
Sensing

4.2.1. Ratio Normalized Difference Soil Index (RNDSI)

The RNDSI characterizes the desert sand, which can help determine the level of

fine sand deposition origin from the Sahara. Unlike vegetation, there are no spec-

tral chain responses for soil due to its complex regional differences [29]. The two

indices used are the Normalized Differential Soil Index (NDSI) and the Cap

Transformation 1 (CT1) [30]. Here, RNDSI takes into account the image bright-

ness effect derived from the cap transformation [29]. The first task is to calculate

the ground index using a green band and two short-wave infrared bands from

Sentinel-2 satellite data.

(SWIR, —Red)

NDSI, =2
? " (SWIR, +Red)

2

The aboveresult e, NDSI, isfurther transformed to normalized NDSI, or
NNDSI, (see Equation (3)). Then the NNDSI, is divided by a tasseled cap
transformation brightness factor (NTCT). The mathematical expression of
RNDSI is as follows:

(NDSI, —NDSl,;,)

NNDSI, = 3
2 (NDSly + NDSI,,11) G)
And

TC1-TC1 .

NTCT1= ( m'”) (4)
(TClmax —TC1min)
NNDSI

RNDSI =M (5)

(NTCTl)
DOI: 10.4236/0alib.1114260 7 Open Access Library Journal


https://doi.org/10.4236/oalib.1114260

Y. Dembélé et al.

The range of RNDSI values depends onthe TCT1 , and TCTL1 , values.
In this case, the range of values selected for tasseled cap transformation brightness
depends on the study area. Consequently, the final output, that is, the RNDSI

has values that vary from 0.05 to 0.34. The higher the value of RNDSI , the higher

the amount of soiling.

4.2.2. Dry Bare Sand Index (DBSI)

The Dry bare soil index (DBSI) is used to identify bare soil in arid and semi-arid
regions, particularly in dry climate zones. A recent study [29] developed this index
to map built-up and bare areas in dry climates using Landsat 8 data. In this study,
the DBSI was applied to GEE values using Sentinel-2 data. Sentinel-2 images have
a higher spatial resolution than Landsat images and are therefore more accurate
in detecting sand deposit layers. The equation proposed for the nudity zone in a
dry climate is the inverse of the modified normalized water difference index [29].

(SWIR1-Green)

DBSI=— <~ — NDVI (6)
(SWIR1+Green)

where,

(NIR —Red)

NDVI=2—
(NIR +Red)

(7)
A threshold value is used to differentiate between bare and non-naked soil areas
in the city of Erbil, Iraq [29]. Based on a test with a sample of bare soil pixels, a
DBSI value of 0.26 or more was defined as bare soil [29]. In this context, we will
use the DBSI on the assumption that it can differentiate between dirty and clean
pixels in our study area. In this study the DBSI value is between 0.05 and 0.35.
The RNDSI/DBSI threshold values (0.05 - 0.35) used in this study are partly
informed by precedent in the literature. For example, [1] identified DBSI = 0.26
as an effective boundary for differentiating soiled vs. cleaned PV module surfaces
in a remote sensing study. The threshold range also aligns with observed soiling
loss magnitudes in dry/desert or semi-arid conditions [31], where moderate soil-
ing becomes performance limiting above similar index values. We further per-
formed internal sensitivity tests on sample pixels from the Kita plant: thresholds
below 0.05 failed to reliably separate clean from lightly soiled states, while thresh-
olds above ~0.35 overstated soiling effects relative to observed directional losses.
Direct validation of RNDSI/DBSI outputs with ground-based data (e.g., in-
verter logs, on-site soiling ratios) was not possible due to restrictions imposed by
the plant operator and managing agencies. This limitation is further discussed in

the Discussion Section.

5. Results

5.1. Comprehensive Analysis of Dust Mass Surface Concentration
(DUSMASS) in Relation to Climate Variables

The provided graphs collectively analyze the relationships between dust mass

(kg/m’) and five key environmental parameters: irradiance, precipitation, relative
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humidity, temperature, and wind speed. Each parameter contributes to a nuanced
understanding of Saharan dust dynamics and their interactions with atmospheric

and climatic conditions.

5.1.1. Daily and Monthly Variations in Climatic Parameters and Dust
Deposition

Dust strongly modulates solar irradiance by scattering and absorbing sunlight. As
shown in Figure 3(a), irradiance declines between October and January when
dust levels are highest, particularly during storm events when dense layers restrict
incoming radiation and induce localized cooling across the Sahara and adjacent
regions. Seasonal variability is evident, with summer months recording higher ir-
radiance due to fewer clouds and reduced dust compared to spring and winter.

Figure 3(b) shows that while temperature influences atmospheric dynamics,
dust concentration in Kita is more directly controlled by wind strength, humidity,
and rainfall. High dust levels coincide with the cooler, dry Harmattan season,
while the rainy season suppresses dust despite lower temperatures.

Wind speed, highlighted in Figure 3(c), is a key driver of dust activity. Moder-
ate winds are most effective at mobilizing and sustaining airborne particles, while
very strong winds disperse them over wider areas, reducing local concentrations.
Peaks in wind speed from October to May coincide with high surface dust mass,
underlining the importance of dry-season winds in sustaining dust transport.

Figure 3(d) demonstrates the cleansing role of precipitation. Rainfall during
June-September sharply reduces dust through wet deposition, while the absence
of rain in the dry season (October-May) allows concentrations to build and per-
sist.

Relative humidity (Figure 3(e)) shows an inverse relationship with dust: higher
humidity during the rainy season promotes particle aggregation and settling,
while dry-season conditions (low humidity) favor dust suspension and uplift.

Together, these dynamics illustrate the combined influence of irradiance, wind,
rainfall, and humidity in shaping dust seasonality and its implications for solar

PV performance.

5.1.2. Combine Effects of Climate Variables on Dust Deposition

The interaction between climate variables highlights a coherent framework for
Saharan dust dynamics. Dust uplift and transport are primarily controlled by wind
speed, with moderate winds most effective when soils are dry and humidity is low.
Soil moisture plays a critical role, as values above 3% - 4% substantially increase
the threshold wind speed required for dust emission, making drier soils more vul-
nerable to wind-driven uplift [31]-[33].

Dust removal mechanisms operate mainly through precipitation and humidity,
which reduce atmospheric dust via wet deposition and particle aggregation. Rain-
fall amount and intensity govern deposition efficiency, while humidity influences
interparticle forces, with low humidity favoring the release of fine particles [34]-
(36].
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Climatic feedbacks arise because dust scatters and absorbs solar radiation, low-
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ering surface irradiance and altering the radiative energy balance. This dual effect
cools the surface but warms the atmosphere, modifying vertical and horizontal
temperature gradients [37] [38]. Observations show surface cooling of up to 4 K
during daytime dust events, with nighttime warming as heat is retained, while
mid-tropospheric absorption promotes temperature inversions that suppress con-
vection and influence rainfall and circulation patterns [39] [40].

Finally, seasonal patterns reveal peak dust concentrations during dry, windy
months (December-May), when Harmattan winds dominate, and sharp declines
during the wet season (June-September), when rainfall and high humidity en-
hance deposition. This seasonality is consistent with shifts of the Intertropical
Convergence Zone (ITCZ), which modulates the alternation between dry north-

easterly and moist monsoonal flows [41]-[43].

5.2. Analysis of the Pearson’s Correlation Map of Climate Variables

The Pearson correlation matrix (Figure 4) highlights how environmental factors
interact to shape dust dynamics in the study area. Dust concentrations show a
strong positive correlation with wind speed (r = 0.81), confirming wind as the
main driver of dust uplift and transport, particularly in dry seasons. In contrast,
dust correlates negatively with precipitation (r= —0.85) and relative humidity (r
= —0.92), reflecting the suppressing effects of rainfall and moisture on airborne
dust. Moderate positive links are observed between dust and irradiance (r= 0.47)
and dust and temperature (r= 0.37), suggesting that clear, warm, and dry condi-
tions favor dust activity. Other parameter interactions further reinforce environ-
mental coherence, such as the strong negative relationship between wind and hu-
midity (r= —0.91), the positive association between precipitation and humidity (r
= 0.81), and the alignment of irradiance with temperature (r = 0.87). Together,
these correlations underscore the combined influence of climate variables on sea-

sonal dust variability and PV performance.

5.3. Dust Maps Using Ratio Normalized Difference Soil Index
(from 2021 to 2023)

The RNDSI maps for 2021, 2022, and 2023 (Figures 5(a)-(c)) provide a compre-
hensive view of the spatial and temporal variability of dust deposition on PV pan-
els. RNDSI values are classified into three categories: low (2021-2022: —0.02 to
0.21; 2023: —0.05 to 0.21, green), moderate (0.21 - 0.22, yellow), and high (2021:
0.22 - 0.35; 2022: 0.22 - 0.37; 2023: 0.22 - 0.36, red).

In 2021 (Figure 5(a)), peak deposition occurred in December-March and again
in October-November, periods when reduced rainfall and strong winds favored
soiling, while June-September showed predominantly low values due to rainfall
and vegetation growth. The 2022 (Figure 5(b)) maps revealed similar seasonal
dynamics, with highest dust loads in December-February (February being the
peak), persistence into March-May, and subsequent reductions in June-Septem-

ber. A resurgence of high values was observed in October, before conditions im-
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proved slightly in November. In 2023 (Figure 5(c)), elevated RNDSI values again
dominated the dry season (December-March), while June-September displayed
widespread low values reflecting rainfall-driven cleaning. October-November
showed a moderate increase linked to the seasonal transition from wet to dry con-
ditions.

Across all three years, the results consistently identify December-March as the
most critical period for dust accumulation and PV cleaning, with October-No-
vember acting as transitional months where monitoring remains necessary. Con-
versely, June-September emerges as the least demanding period for maintenance,
as rainfall naturally suppresses dust and stabilizes soil surfaces. These interannual
patterns highlight the utility of RNDSI for identifying seasonal soiling risks and
optimizing cleaning schedules to sustain PV performance in dust-prone environ-

ments.
Pearson Correlation Matrix
R
N
O N S @
() Xe) \}\
cR .\\{8\'\ \\@\5\ (\Oe’ 0{0\'
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0.4
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0
Relative_ Humidity 0.2
-0.4
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-0.6
-0.8

Temperature

Figure 4. Pearson correlation matrix showing the relationships between dust levels and
meteorological parameters (wind speed, precipitation, relative humidity, irradiance, and
temperature) in this study area.

5.4. Dust Maps Using Dry Bare Soil Index (from 2021 to 2023)

The DBSI maps for 2021, 2022, and 2023 (Figures 6(a)-(c)) highlight the spatial
and temporal variability of dry bare soil exposure across the study area and its
relevance to PV soiling. DBSI values are classified into three categories: low (2021:
0.10 - 0.12; 2022: 0.10 - 0.11; 2023: 0.08 - 0.10, green), moderate (0.11 - 0.24, yel-
low), and high (2021: 0.24 - 0.34; 2022: 0.24 - 0.34; 2023: 0.24 - 0.35, red).

In 2021 (Figure 6(a)), elevated values were most prominent in April, May, and
November, reflecting dry, windy conditions and sparse vegetation that favored
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dust mobilization, while January, February, and December were dominated by
low values, suggesting higher soil moisture and stabilized surfaces. The 2022 (Fig-
ure 6(b)) maps revealed peaks in June, October, November, and December, linked
to dry soils, reduced vegetation cover, and stronger winds, whereas the January-
May period remained relatively stable with predominantly low values. In 2023
(Figure 6(c)), high DBSI levels appeared in March, April, and December, partic-
ularly concentrated in the northeast and southeast, while July-September showed
widespread low values due to rainfall and vegetation growth. Transitional months
such as May and October generally exhibited moderate conditions.

Across all three years, persistent hotspots were associated with exposed soils,
unpaved roads, or anthropogenic disturbances, while vegetated or stabilized sur-
faces consistently aligned with low DBSI values. These patterns emphasize sea-
sonal and interannual variability in dust exposure and highlight the importance
of DBSI as a tool for identifying high-risk periods and locations of soiling. Such
insights are valuable for aligning PV cleaning and maintenance schedules with
dust activity, ensuring more efficient plant operation and optimized resource use

in dust-prone environments.
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Figure 5. Monthly RNSI maps (2021-2023) showing seasonal dust dynamics and potential PV soiling risk in the Kita solar plant.
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Figure 6. Monthly DBSI maps (2021-2023) showing seasonal dust dynamics and potential PV soiling risk in the Kita

solar plant.

6. Discussions

Dust plays a decisive role in regulating solar irradiance and PV performance in
West Africa. During the dust storm season (October-January), dense layers sig-
nificantly reduce surface irradiance, lowering panel efficiency and producing lo-
calized cooling, whereas summer months are marked by clearer skies and higher
radiation. These dynamics underscore the importance of accounting for dust in
solar resource models [43] [44]. Temperature also contributes indirectly: hot
months (March-May) enhance convection and uplift, but studies confirm that
wind and humidity exert stronger direct control over dust activity [45].

Wind speed emerges as the dominant mobilization factor. Moderate winds, es-
pecially the Harmattan (October-May), raise dust concentrations, while extreme
winds disperse particles more widely [46] [47]. Rainfall serves as the most effective
removal mechanism through wet deposition, supported by vegetation growth
during the rainy season [48]. Relative humidity exerts similar suppression, with
high moisture promoting aggregation and deposition, and low values sustaining
long range transport [48].

Correlation analysis reinforces these dynamics: wind speed strongly enhances
dust (r=0.81), precipitation (r=-0.85) and humidity (r=-0.92) [49] sup-
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press it, irradiance shows a moderate positive link (I’ = 0.47) , and temperature
contributes weakly but indirectly (I’ = 0.37) [50] [51]. Interconnections are ev-
ident, e.g., strong winds coincide with dry air (r =-0.91), rainfall with higher
humidity (r=0.81), and irradiance with warmer conditions (r =0.87).
Satellite based indices capture these spatiotemporal patterns. RNDSI peaks
(0.22 - 0.35) in December-March and October-November reflect maximum dust
deposition and efficiency losses of up to 40% [52] [53]. DBSI highlights bare soil
driven risks (0.24 - 0.36) during June and October-December, with persistent
hotspots linked to land use [54]. Seasonal and spatial variability observed by both
indices (Figure 5, Figure 6) provide actionable insights for PV maintenance: in-
tensified cleaning during dusty months, reduced intervention in the wet season, and
targeted mitigation in exposed zones [55] [56]. RNDSI generally responds more
slowly to rainfall events, while DBSI is more sensitive to soil exposure [50] [54].
Finally, limitations must be acknowledged. Sentinel-2’s 10 - 20 m resolution can
induce mixed-pixel errors in narrow PV arrays [57], and challenges in spatial scal-
ing have been widely documented [58] [59]. Cloud cover during the rainy season
may also affect retrieval accuracy [60]. Moreover, the absence of ground based
validation data (inverter logs, soiling ratios) due to access restrictions introduces
uncertainty. Future research should integrate operator supplied datasets to

strengthen validation and improve the robustness of RNDSI/DBSI applications.

7. Conclusions

Saharan dust in Kita (Mali) is deeply influenced by the delicate balance of envi-
ronmental factors. Wind is the key force driving dust movement, particularly dur-
ing the dry season, while rainfall plays a cleansing role, clearing the air and reset-
ting the cycle. Humidity, temperature, and sunlight also play supporting roles,
shaping the seasonal rhythm of dust activity.

This cycle doesn’t just affect the environment, and it has real-world impacts on
everything from air quality and nutrient transport to global weather patterns. Dust
also presents challenges for solar energy production, as it builds up on solar panels
and reduces efficiency. Remote sensing tools like DBSI and RNDSI make it easier
to track dust buildup on solar panels and provide valuable insights for planning
maintenance. The best time for cleaning is during the peak dust season, from De-
cember to May, while the rainy season, from June to September, requires less
cleaning as the rain naturally helps to clear the dust.

Recognizing and adapting to these patterns is crucial. From improving climate
models to better-managing resources, understanding Saharan dust dynamics
helps communities in Kita and beyond respond to its challenges and opportuni-
ties. Ongoing research and validation will only strengthen our ability to adapt,

making the most of these insights for a healthier and more sustainable future.
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