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1. Introduction
The study of windblown dunes, characteristic of desert 
environments, has prompted interdisciplinary research 
combining theoretical, numerical, and experimen- tal 
approaches. Bagnold (1941) laid the foundations for 
sediment transport by wind by identifying a threshold 
friction velocity for grain entrainment [6]. Tsoar 
and Pye (1987) [81] further explored the dynamic 
mechanisms of morphological evolution and dune 
migration, highlighting different types of dunes 
(barchans, linear dunes, dome dunes, etc.) and their 
strong sensitivity to prevailing wind conditions. More 
recently, Zeeshan Ali et al. (2019) [3] conducted a 
review on saltation in turbulent wall flows, while Kok 
et al. (2012) [47] explored the overall physics of wind-

driven sand and dust transport. Numerical models, 
such as those developed by Zhang et al. (2021) [86] 
and Jiang et al. (2014) [40], have simulated dune 
movements. Concurrently, experimen- tal studies 
such as that of Lu¨ et al. (2021) [36] validated theories 
in wind tunnels, and Yao et al. (2007) [83] examined 
the migration of real dunes in the Alxa Desert using 
in situ and satellite data. While these in situ studies 
remain essential for finely characterizing aeolian 
processes at the local scale, advanced satellite remote 
sensing techniques have recently expanded the 
analytical perspectives on dune dynamics to much 
broader spatial and temporal scales.
Remote sensing techniques, particularly Synthetic 
Aperture Radar (SAR) inter- ferometry (InSAR) 
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(Hanssen, 2001 [29]; Rosen et al., 2000 [69]; Bamler 
and Hartl,1998 [7]; Small, 1998 [76]; Massonnet and 
Rabaute, 1993 [57]; Madsen et al., 1993 [55]), have 
proven essential for studying dune movements at 
large scales. 
The analysis of the temporal decorrelation of InSAR 
signals through the coherence ratio provides a 
key indicator  of  the geomorphological changes 
experienced by dunes (Lee and Liu, 2001 [32]; 
Schepanski et al., 2012 [72]). Numerous studies have 
employed InSAR to explore various phenomena, 
ranging from sedimentation (Abba et al., 2019 [1]) 
to dune dynamics (Havivi et al., 2018 [30]; Li et al., 
2019) and sudden flood detection (Schepanski et al., 
2012 [72]). The use of interferometric coherence 
enables the map- ping of dune field activity and 
desertification processes (Yague-Martinez et al., 
2016; Grandin, 2016; Bodart and Ozer, 2007 [8]). 
Multi-temporal analyses also open oppor- tunities 
for studying the spatiotemporal evolution of these 
phenomena (Manzoni et al., 2021 [56]; Hugenholtz 
et al., 2012 [38]).
In this context, the Sentinel-1 radar data from the 
European Space Agency (ESA), launched in 2014 as 
part of the Copernicus program (ESA, 2018, 2019), 
are particu- larly suited for this research. This C-band 
radar mission, comprising Sentinel-1A and Sentinel-
1B, allows for detailed high-resolution spatiotemporal 
interferometric analy- ses, as demonstrated by Kim et 
al. (2020, 2021) [43, 44] in Mongolia. Other studies, 
such as those by Abdelkareem et al. (2020) [2], and 
Havivi et al. (2018) [30], have also highlighted the 
potential of Sentinel-1 for monitoring desert dune 
activity.
However, few studies have focused on wind dynamics 
in Boulenouar, a region sub- ject to intense wind 
activity, according to meteorological data from 
the NASA POWER platform. Sand encroachment 
threatens socio-economic infrastructures, with 
barchan dunes capable of migrating up to 23 meters 
per year (Hachemi et al., 2013 [28]; Ozer et al., 2017). 
This work aims to address this methodological gap by 
combining InSAR, the coherence ratio, and K-means 
classification to monitor wind dynamics in the Boule- 
nouar region, while developing a semi-automatic 
procedure to map eroded/sedimented areas.
K-means algorithms, although simple and widely 
used for data exploration and pattern recognition 
(Dhanachandra et al., 2015 [14]; Nagpal et al., 
2013 [59]; Jain, 2010 [39]), pose the challenge of 

determining the optimal number of clusters. In our 
study, we adopted the silhouette score (Rousseeuw, 
1987) [68] to define this parameter, thus facilitating 
the analysis and segmentation of SAR images essential 
for understanding geomorphological dynamics in 
desert environments (Li and Chen, 2007 [49]; Liu et 
al., 2019 [52]; Duan et al., 2018 [15]).
Following a literature review, Section 2 will present 
the Sentinel-1 data from 2020-2021 on Boulenouar 
and the methods employed, followed by the results 
and their interpretations in Section 3. Section 4 will 
relate these results to aeolian pro- cesses and the 
meteorological data from NASA POWER (https://
power.larc.nasa.gov/ data-access-viewer/), while 
discussing the risks of sand encroachment and 
potential pathways for sustainable land management.

2. Materials and Methods
2.1 Study Area
The study area is Boulenouar, located in the 
Nouadhibou region of Mauritania, at coordinates 21.17 
N - 16.31 W, near the railway (Figure 1). The climate 
is desert-like, with temperatures ranging from 25 C 
to 45 C and annual precipitation of approx- imately 
10 mm (World Bank, 2021) [82]. Northeasterly winds 
drive the migration of sand dunes that can reach up 
to 23 meters per year (Hachemi et al., 2013 [28]), 
degrading infrastructure such as roads and railways. 
The region features barchan and transverse dunes, 
with initiatives aimed at preserving biodiversity and 
supporting local livelihoods (UNDP, 2014) [63].
2.2 Sentinel-1B Data
Temporal coherences were generated from 31 SAR 
images of Sentinel-1B operating in C-band, acquired 
between February 2020 and February 2021, with a 
temporal resolu- tion of 12 days, sourced from ASF 
data (https://search.asf.alaska.edu/). The images, 
collected in Interferometric Wide (IW) mode with 
VV/VH polarization and a spatial resolution of 
5x20 m (SLC data), provided complete coverage of 
the study area on a descending orbit, track 23. This 
temporal resolution facilitated frequent mapping and 
isolation of wind-induced morphological changes 
while minimizing the effects of vegeta- tion and 
precipitation. This high-resolution SAR dataset 
enabled an in-depth analysis of dynamic surface 
processes influenced by climatic conditions during the 
study year. We calculate coherence ratios to highlight 
areas of decorrelation. While coherence losses are 
already visible in the interferograms, this method 
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quantifies the differences between two interferograms 
covering distinct time periods. In our case, we 
compared two interferograms: one during a period of 
strong wind activity (high winds and no precipitation) 
and the other during a period with significant rainfall 
recorded between the acquisitions.
The study area, Boulenouar (Mauritania), is 
characterized by a hyper-arid desert climate with an 
average annual precipitation of only 10 mm (World 

Bank, 2021) [82]. These rare and irregular precipitation 
events are insufficient to induce signifi- cant changes 
in soil properties or to support sustainable vegetation 
cover. Although the region may show limited seasonal 
vegetation growth, no significant cover was observed 
for the period analyzed by the interferograms. This 
aligns with the find- ings of Schmidt and Karnieli 
(2000) [73], who demonstrated that vegetation growth 
in arid and semi-arid regions responds to precipitation 

Figure 1. Map of the Boulenouar study area in Mauritania, showing its geographical location around 21.17 N - 16.31 W.
with a temporal lag of 1 to 2 months, depending on the 
phenotype. Furthermore, as shown by Hugenholtz et 
al. (2012) [38], arid environments with low biomass 
typically generate minimal signals in interferometric 
analyses.
The temporal resolution of the interferograms (12 
days) used in this study facil- itates frequent mapping 
of wind-induced morphological changes, while 
minimizing the effects of vegetation and precipitation. 
Pairs of interferometric data with short temporal 
intervals, like those analyzed here, are less affected 
by the impacts of vege- tation growth compared to 
longer periods (e.g., 70 days), where decorrelation due 
to vegetation is more likely (Schmidt and Karnieli, 
2000 [73]).
Stationary decorrelations, such as those due to 
viewing geometry or topographic effects, are 
eliminated in ratio images, allowing the emergence 
of differences in decor- relation caused by other 
factors. As demonstrated by Lee and Liu (2001) 
[32], this approach helps separate geometric effects 
from changes related to environmental or climatic 
phenomena. In this context, the low coherence 
during intense wind periods may reflect a dominant 
contribution from wind processes, with negligible 
influence from vegetation.
The coherence ratio method can only be applied to 
interferometric pairs with small spatial baseline 

differences. Indeed, as noted by Ferretti et al. (2007) 
[20], large variations in viewing geometry between 
two interferograms could introduce biases in the 
comparison, invalidating the assumption of geometric 
similarity. Havivi et al. (2018) [30] also demonstrated 
that using short baseline data significantly improves 
accuracy in monitoring mobile dunes.
The analysis shows that variations in coherence are 
primarily linked to aeolian processes, which dominate 
in this region of low precipitation and limited 
vegetation cover. These results confirm the utility 
of coherence ratios for analyzing dune dynamics in 
desert environments.
2.3 Climatic Data
Daily meteorological data from NASA’s MERRA-2 
model reanalyses were exam- ined to identify windy 
and rainy events likely to cause erosion and sediment 
leaching. These data, accessible via the CERES 
portal (https://power.larc.nasa. gov/data-access-
viewer/), include estimates of maximum wind speed 
at 10 m (WS10M MAX, in ms) and total precipitation 
(PRECTOTCORR, in mmday) for the period from 
February 8, 2020, to February 26, 2021, at the location 
21.17 N, -16.31 W, with an average altitude of 53.38 
m. Although there are no in-situ measurements, these 
reanalyses provide the best estimates of wind and 
precipitation parameters for this coastal region. A 
detailed analysis of these meteorological data should 
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enhance the understanding of local sediment dynamics 
and its evolution in relation to climatic conditions.
2.4 Methodology
This study employed a multi-step approach to 
analyze spatiotemporal patterns of wind-driven sand 
accumulation in Boulenouar, Mauritania (Figure 3). 
The key steps include.
2.4.1 InSAR Processing
The process began with the acquisition of Sentinel-1 
data spanning from February 2020 to February 2021, 
obtained from ASF data archives (https://search.asf.
alaska.edu/). These datasets were then subjected to 
Interferometric Synthetic Aperture Radar (InSAR) 
processing (Figures 2 and 3, Sentinel-1 Data 
Processing (SNAP)) using the SNAP (Sentinel 
Application Platform, version 8.0.2) from the ESA 
(European Space Agency, 2021) (https://step.esa.
int/main/toolboxes/snap/), utilizing XML scripts 
for batch processing via the Graph Processing Tool 
(GPT).
The InSAR processing yielded thirty coherence maps 
at 12-day intervals. This procedure encompassed 
several critical steps.

Image preprocessing:•	  Reading of SLC images, 
Selecting VV polarization and the IW3 sub-band 
[12, 60] and Applying precise orbit files using 
third-degree polynomials (CPOD, 2022) [11].
Coregistration:•	  Aligning slave images to the 
master image using a cross-correlation technique 
[70].

Interferogram generation:•	  Calculating the 
complex interferogram I as [29].

                 I = S•	 1S
∗

2                                                                                      (1)

where S•	 1 and S2 are the complex SAR images and 
∗ denotes complex conjugate.

Coherence estimation:•	  Computing the local 
coherence γ (window size: 2 pixels in azimuth, 10 
pixels in distance) as [20].

                           (2)

where S•	 1 and S2 are the complex SAR images, ∗ 
denotes complex conjugate and

N is the number of pixels in the estimation window •	
(Ferretti et al., 2007) [20].

Correction of residual atmospheric phase par •	
polynˆome 2D de degr´e 5 (Gomba et al., 2017) 
[23].

Sub-band recombination and adaptive denoising •	
(De Zan and Monti Guarnieri, 2006) [12].

Geometric correction: Applying terrain correction •	
using DEM SRTM 1 Arc-Second Global elevation 
data (SRTM 1Sec HGT, https://www2.jpl.nasa.
gov/srtm/, Farr et al., 2007) [17, 76, 77].

Noise filtering (Lee-Sigma 3x3) (Lee, 1983, 2009) •	
[33–35].

Resampling to UTM 28N WGS84 (Small and •	
Schubert, 2008) [78].

Figure 2. Workflow for generating coherence products from Sentinel-1 SLC data in SNAP, developed by ESA using batch XML 
scripts.
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2.4.2 Coherence Analysis

Following InSAR processing, a comprehensive 
coherence analysis was conducted.

Identification of the most stable reference period by 
calculating the average interferometric coherence γ¯.

                                                         (3)

where N is the number of coherence images.

Derivation of a normalized coherence ratio R relative 
to the reference image [32].

                                                            (4)

where γ is the coherence of the current image and γref 
is the coherence of the reference image.

Thresholding to delineate potential erosion areas 
[72].

                                                   (5)

where E is the erosion map and T is the threshold 
value.
2.4.3 K-means Clustering

To facilitate further analysis, the coherence products 
underwent additional preprocessing.

Normalization: Scaling the data to a range of [0, 1] 
using min-max normalization.

                                                  (6)

Dimensionality reduction: Applying Principal 
Component Analysis (PCA) [22, 67] to reduce the 
dimensionality of the data while retaining 95.

An unsupervised k-means clustering algorithm was 
then applied to the coherence loss and coherence ratio 
images [54]. The k-means algorithm minimizes the 
within- cluster sum of squares.

                                              (7)

where k is the number of clusters, n is the number of 
data points, x(j) is the i-th data point in cluster j, and cj 
is the centroid of cluster j.

The optimal number of clusters was determined by 
maximizing the average silhouette coefficient s(i) 
[68].

                                            (8)

where a(i) is the average distance between point i 
and all other points in the same cluster, and b(i) is the 
minimum average distance between point i and points 
in other clusters.

2.4.4 Climate Data Analysis
To complement the SAR data analysis, climate data for 
the study area was extracted from the NASA POWER 
CERES/MERRA2 database (https://power.larc.nasa.
gov/ data-access-viewer/). These daily values were 
averaged over 12-day intervals to align with the 
temporal resolution of the coherence images.
The entire analytical workflow, including coherence 
ratio calculation [32] and k- means clustering [54], 
was executed using Python 3.10.9 and the scikit-learn 
library [61],

3. Results
This study examines the interaction between 
wind-driven dunes and urban areas, influenced by 
environmental factors. The spatiotemporal dynamics 
are analyzed using coherence data, wind speed, and 
precipitation.

Table 1 presents the key analysis parameters from 
February 2020 to February 2021, including average 
coherence, areas of low and high coherence, 
percentages of stability patterns, erosion areas, 
average coherence ratio, maximum wind speed, and 
average precipitation.

The period of March 15, 2020, serves as a reference 
for delineating stable and unstable areas (Figure 4). 
Areas with low coherence (< 0.3) indicate unstable 
dunes, while high coherence (> 0.97) represents urban 
infrastructures. The k-means algorithm identifies 
different patterns in each coherence image and 
calculates percentages of eroded zones relative to the 
reference.

Wind speeds and precipitation data provide insights 
into aeolian processes and their impact on sand 
transport and dune evolution. The coherence ratio, 
calculated at 1.5, allows for quantification of temporal 
variations in dune stability and urban area interactions 
over the annual cycle.

Key findings reveal seasonal variations in dune 
stability, with peak instability observed between 
June and September. A strong correlation between 
wind speed and erosion rates was identified, with a 
threshold of 9 ms identified for significant ero- sion. 
The study also noted a limited impact of precipitation 
on dune dynamics in this hyperarid region. Spatial 
variability in erosion patterns was particularly 
pronounced in northern and western dune areas and 
around infrastructure.
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These results provide valuable insights into the 
spatiotemporal distribution of wind-driven sand and 
the evolution of dunes and urban areas, offering a 

quantitative basis for analyzing erosion processes in 
this arid coastal environment.

Table 1. Analysis of sand dune dynamics on a beach over an annual cycle from February 8 to February 24, 2021.

Dates
Element 11 Element 22 Element 33         Element 44       Element 55

AC LCS HCS UP MSP SP Er NEr ARC AWS10M APC
8-20 Feb 0.6713 0.615473 0.055178 15 39,4 45,6 5,7 94,2 0,103 7.54 0
3-15 Mar 0.7425 0.513632 0.0769767 10,6 32,5 56,8 - - - 7.10 0
15-27 Mar 0.6733 0.654473 0.0447896 15,6 38,2 46,3 4 96 0,069 9.26 0.14
27 Mar -8 Apr 0.6928 0.685127 0.0747628 12,7 37,4 49,9 3,7 96,2 0,068 7.57 0
8-20 Apr 0.7293 0.653962 0.0832779 11,5 32,5 56 3,6 96,4 0,068 8.78 0
20 Apr-2 May 0.7222 0.701817 0.0798719 11,3 33 55,7 3,3 96,7 0,062 9.19 0
2-14 May 0.7040 0.637272 0.0362744 12,7 34,1 53,2 3,2 96,9 0,055 9.54 0
14-26 May 0.6921 0.718506 0.044449 13.9 35,3 50,8 4,5 95,5 0,081 8.51 0
26 May-7 Jun 0.6919 0.557059 0.0381478 12,7 35,2 52,1 2,2 97,8 0,038 8.53 0.01
7-19 Jun 0.6266 1.34982 0.0386587 19,4 38,3 42,3 12,4 87,6 0,22 10.19 0.04
19 Jun-1 Jul 0.6859 0.666223 0.0463223 16 36,3 47,7 3,5 96,5 0,06 9.79 0
1-13 Jul 0.6955 0.558252 0.0483659 14,8 35 50,3 2,6 97,3 0,046 8.20 0
13-25 Jul 0.7392 0.452323 0.0703349 10,9 31,3 57,8 1,4 98,6 0,025 7.53 0
25 Jul-18 Aug 0.6988 0.726 0.060798 15,5 35,3 49,2 3,2 96,8 0,056 8.94 0.04
18-30 Aug 0.7332 0.582094 0.0791907 11,2 32 56,8 0,8 99,2 0,014 7.18 0.01
30 Aug-11 Sep 0.6340 0.611897 0.0446193 17,6 39,8 42,6 7,9 92,1 0,135 7.10 0.03
11-23 Sep 0.6897 0.701646 0.0851512 12,7 36,2 51,1 3,6 96,4 0,064 6.40 0.15
23 Sep-5 Oct 0.6761 0.668097 0.042235 15 37,3 47,7 3,7 96,2 0,065 8.69 0.01
5-17 Oct 0.7412 0.539689 0.0963912 10,6 31,6 57,8 0,7 99,3 0,012 6.53 7.60
17-29 Oct 0.7153 0.459476 0.0684616 12,2 34,7 53,1 0,5 99,5 0,008 7.53 0.04
29 Oct-10 Nov 0.7203 0.413665 0.0604574 12 35 52,9 1,4 98,7 0,024 7.07 0
10-22 Nov 0.6772 0.597251 0.082767 14,9 38,3 46,9 2,7 97,2 0,046 6.57 0
22 Nov-4 Dec 0.6723 0.449769 0.062501 14,3 38,4 47,3 4,3 95,7 0,074 6.25 0
4-16 Dec 0.7247 0.471738 0.0739113 11,3 33,6 55 2,5 97,6 0,044 7.70 0
16-20 Dec 0.7123 0.595718 0.0676101 11,5 34,2 54,3 3,3 96,8 0,058 7.32 0
28 Dec-9 Jan 0.7287 0.386757 0.0573919 10,7 33,7 55,6 1,5 98,5 0,028 6.06 0
9-21 Jan 0.6142 0.821369 0.0337199 19,4 39,4 41,1 10,7 89,3 0,184 9.60 0
21 Jan-2 Feb 0.6629 0.560466 0.0514314 15,8 39,5 44,7 5,5 94,5 0,097 8.03 0
2-14 Feb 0.6989 0.621264 0.0735707 13,6 36,4 50 3 96,9 0,055 7.45 0.01
14-26 Feb 0.6651 0.691428 0.0596059 15,3 38,2 46,5 6 94 0,106 8.17 0
The columns represent different analysis parameters at regular intervals (12 days) over the period from February 2020 to Febru-
ary 2021, including.
1The average coherence of surfaces (AC for Avg Coherence).
2The low coherence surface area (LCS for Low Coherence Surface (km2)), The high coherence surface area (HCS for High Coherence 
Surface (km2)).
3The percentage of unstable patterns (large dunes) (UP for Unstable Pattern (%)), The percentage of medium stable patterns (small 
dunes) (MSP for Medium Stable Pattern (%)), The percentage of stable patterns (impervious and urban areas) (SP for Stable 
Pattern (%)).
4The non-erosion rate (NEr, (%)), The average ratio of coherence (ARC for Avg Ratio of Coherence).
5The average maximum wind speed over 12 days at 10 meters altitude (Wind Speed max at 10 meters), The average corrected 
precipitation over 12 days (APC for Avg PRECTOTCORR, mm/12 days).
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3.1 InSAR-Coherence
3.1.1 Variations in Mean Coherence
Figure 4 illustrates mean coherence trends in the 
Boulenouar study area from February 2020 to 
February 2021. Mean coherence ranges from 0.6142 
to 0.7425, indicating sea- sonal variations in surface 

stability. Higher coherence is observed in spring, 
while lower values occur in winter due to weather 
conditions (Figure 13 and Table 1). Significant 
increases in coherence (April, July, and October 2020) 
demonstrate more pronounced stability of aeolian 
sand patterns.

Figure 3 . Detailed methodological workflow illustrating the various steps involved in this project. Dif- ferent phases are represented 
by distinct colored rectangles: green for input data, gray for processing steps, blue for analyses, and red for final results.

Figure 4 . Mean coherence of a 30-image dataset.

3.1.2 Reference Period and Zone Delimitation
The coherence image from March 3-15, 2020 (Figure 
5) serves as a reference, clearly dis- tinguishing 
between active and inactive surfaces. Dune and 
vegetation areas appear in black (low coherence), 

while urban areas are displayed in light tones (high 
coherence). Spatial analysis reveals coherence values 
ranging from 0.18 to 0.994, with significant changes 
near transportation routes and large sand dunes.
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Figure 6 confirms higher stability in urban areas 
(coherence up to 0.994) compared to dune fields (up 
to 0.65). This contrast highlights the utility of InSAR 

coherence for monitoring changes between urban and 
dune landscapes.

Figure 5. Reference coherence image (March 3-15, 2020). Light tones indicate stable areas (Urban Zone), darker tones indicate 
unstable areas (Sand Dune Field).

Figure 6. Coherence image with section analysis. The red curve represents coherence values along the illustrated section.
3.1.3 Direction of Dune Movement
Comparison of coherence images from the beginning 
and end of the study period (Figure 7) reveals sand 

dune movement towards the south and southwest. 
This analysis is based on extracted coherence values 
below 0.6 using Python 3.10.

Figure 7. Spatio-temporal evolution of sand dunes based on Sentinel-1 SLC IW coherence data. Blue: 2020 dunes, Red: 2021 dunes 
(coherence < 0.6).



Annals of Ecology and Environmental Science V8. I1. 2026          9

Spatiotemporal Windblown Sand Patterns in the Bon Lanuar Region (Mauritania): Insights from InSAR Coherence and K-means 
Clustering

These results demonstrate the effectiveness of 
InSAR-Coherence technique in dis- tinguishing areas 
of human activity from natural areas, particularly 
for large sand dunes and urban zones. The method 
provides valuable insights into the relationships 
between InSAR-Coherence, topography, and wind 

speed, contributing to a better understanding of 
aeolian processes in the region.
3.1.4 Surface Area Estimations
Coherence thresholds were used to quantify surface 
areas of dunes (< 0.3) and urban zones (> 0.97). Figures 
8 and 9 illustrate seasonal variations in these areas.

Figure 8.  Low coherence surface area (in km , < 0.3) from a dataset of 30 images.

Figure 9. High coherence surface area (in km , > 0.97) from a dataset of 30 images.

Low coherence surfaces, indicative of increased 
mobility, were maximal between June 7-19, 2021 
(1.349 km ). High coherence surfaces, reflecting 
greater stability, showed their maximum extent 

between May 2-14, 2021 (0.036 km ). Over a 13-
month period (February 2020 to February 2021), 
dunes expanded by 0.075785 km , while urban areas 
increased by 0.0042579 km (Table 2).

Element 11 Element 22

Zones Area1 Area2 Area diff Precision (km2) Area diff Vr
Large dunes 0.615473 0.691428 0.075955 0.00017 0.075785 0.075785

Urban  0.055178 0.0596059 0.0044279 0.00017 0.0042579 0.0042579
Area1=Surface area February 8-20, 2020 (km ), Area2=Surface area February 14-26, 2021 (km ), Area diff=Area difference (km 
), Vr=Rate of variation in 1 year (km /year).
1Example for a first table footnote.
2Example for a second table footnote.

Table 2. Evolution of surface area (in km ) of different zones (Large dunes/Urban) between February 8-20, 2020 and February 
14-26, 2021

These observations suggest that dunes, primarily 
fed by north-to-south winds, pose a potential threat 

to infrastructure. Urban areas appear to expand 
southward along transportation routes.
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3.2 K-Means Classification
3.2.1 Determining an Appropriate Number of 
Clusters using the Silhouette Score

Figure 10 presents silhouette scores for coherence 
image datasets and coherence ratios. For coherence 
images, the optimal score of 0.202 is achieved with k 
= 3 clusters. For coherence ratios, although the score 
is maximized for k = 5 clusters (0.186), we opted for k 
= 2 clusters (score 0.178) for physical interpretability 
and classification simplicity.

This approach allows for efficient discrimination 
between eroding and stable zones, facilitating analysis 
of dune dynamics and urban expansion in the study 
area.

3.2.2 Monitoring Spatio-Temporal Patterns with 
K-Means Results

Analysis of coherence patterns related to aeolian 
sand mobility from February 8, 2020 to February 26, 
2021 (Figure 11, Table 1) reveals the annual cycle 
of dune dynamics in the Boulenouar region. Unstable 
patterns, indicating greater dune mobility, peaked 
between June and September, reaching 19.4% of the 
surface area in June 7-19. Stable patterns were most 
extensive in spring, covering 56 − 57% between April 
8-20 and May 2-14. Large mobile dunes consistently 
exceeded 12% during summer, compared to <13% in 
other seasons. Significant variability was observed, 
with the proportion of mobile dunes varying by a 
factor of 1.8 between June 2020 (19.4%) and July 
2020 (10.9%).

Figure 10. Silhouette scores as a function of k (ranging from 2 to 20) for coherence images (Blue) and coherence ratios (Red).

Figure 11. Inventories of three patterns from different parts of the study area between 2020 and 2021. Each pattern is represented 
by a different color in the graph: Unstable pattern (Big dunes, Yellow), medium stable pattern (Small dunes, Green), and stable 
pattern (Impervious and urban areas, Gray). The annual average proportion of each pattern is shown in the top right corner.

These seasonal contrasts reflect the influence of 
meteorological conditions, particu- larly wind speed. 
Spring-summer 2020 wind speeds (10-12 m/s) were 
1.5 times higher than winter-spring 2020 (6-8 m/s), 
explaining increased dune mobility.

Overall, the data indicate relative stability of the dune 
field, with the stable pattern predominant (∼50% of 
observations) throughout the year. This suggests well-
established dune morphology with mature, perennial 
crests. The average radar coherence of ∼0.7 (Figure 
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4) confirms the prevalence of slowly evolving sandy 
surfaces. 
A correlation between pattern stability and dune 
size was observed: large dunes were most dynamic 
(unstable pattern) while small dunes and flat areas 
evolved slowly (stable pattern). The medium pattern 
represented an intermediate situation. Relative 
percentages of each pattern varied with meteorological 
conditions, particularly wind speed.

Annually, approximately 13.69% of dune massifs 
remained subject to aeolian changes, with the 
remainder displaying a stable pattern (Figure 11).
3.2.3 Coherence Ratio and Erosion Percentage

Coherence ratio images compared changes relative to 
the March 2020 reference image (March 3-15) using 
a mean threshold of 1.5. This method, correlated with 
erosion percentages (Figures 12 and 13), enabled 

Figure 12. Mean coherence ratio for each date relative to March 3/15, 2020.

quantitative and qualitative evaluation of spatio-
temporal variations in aeolian dynamics. Key findings 
from the coherence ratio analysis include an average 
erosion of 3.84% over the studied period. The mean 
ratio varied from 0.008 (October 17-29, 2020) to 0.22 
(June 7-19, 2020). Low mean ratios (<0.06) coincided 
with little erosion (0.8-5%), suggesting stability, while 
high ratios (>0.1) corresponded to significant erosion 
rates (7.9-13.1%), indicating substantial sediment 
movement.

3.2.4 Reference Image Ratio

The coherence ratio image (Figure 14) facilitated 
precise identification of erosion areas. Values 
above 1.5 indicated coherence loss compared to the 
reference image, suggesting aeolian processes such as 
erosion and deposition. Most affected areas included 
dune regions in the north and west, northeastern parts 
of Nouadhibou, railway routes, and areas around 
Boulenouar.

Figure 13. Percentage of coherence loss for each date relative to March 3/15, 2020.
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3.2.5 Meteorological Conditions
Figure 15 illustrates the correlated evolution of 
precipitation, wind speed, and esti- mated erosion 
rate from February 8, 2020, to February 26, 2021. 
A systematic correlation between wind intensity and 
erosion levels was observed, with wind speeds >9 m/s 
significantly promoting erosion. The highest erosion 

(12.4%) occurred June 7-19, 2020, with 10.19 m/s 
wind gusts. Precipitation generally had negligible 
impact, except during rare extreme events.
This analysis clearly demonstrates the cause-effect 
relationship between wind inten- sity and erosion, 
highlighting the predominant role of wind conditions 
in coastal dynamics.

Figure 14. Coherence ratio image (June 7-19, 2020 relative to March 3-15, 2020) highlighting changes in sandy areas.

Figure 15. Temporal evolution of average precipitation (mm/day, Blue), maximum wind speed (m/s, Gray), and erosion rate (%, 
Red) from February 8, 2020, to February 26, 2021.

3.2.6 Seasonal Interpretation
Analysis of the data presented in Table 1 reveals a 
marked seasonal dynamic in the evolution of sand 
dunes on the studied beach. This dynamic is primarily 
influenced by wind conditions, as well as the nature 
of surfaces, represented by average coherence (AC) 
and erosion (Er). Precipitation (APC) seems to have a 
negligible impact on dune dynamics.
At the beginning of the year, from February to April, 
a progressive increase in the average coherence 
of surfaces (AC) is observed, indicating  dune 
stabilization, while erosion (Er) remains relatively 

high. This coincides with moderate winds (AWS10M) 
between February 8 and April 20. This period 
corresponds to late winter and early spring, when 
wind conditions are generally calmer, favoring dune 
consolidation.

During the summer months, from June 7 to September 
11, the average coherence of surfaces (AC) decreases, 
reflecting greater dune instability. This trend is accom- 
panied by an increase in winds (AWS10M) and high 
erosion (Er) during this period. The intense summer 
wind conditions disrupt the dune structure, leading to 
their displacement and reworking.
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In autumn, from September 11 to December 4, the 
average coherence of surfaces (AC) increases again, 
indicating dune restabilization, while erosion (Er) 
gradually decreases. Although a precipitation peak 
is observed from October 5 to 17, its impact seems 
limited compared to wind conditions. The calmer 
autumn wind conditions generally allow for a 
progressive reconsolidation of dunes.
Finally, during winter, from December 28 to February 
26, the average coherence of surfaces (AC) is lower, 
indicating greater dune instability. This is likely due 
to winter conditions with stronger winds (AWS10M), 
promoting erosion (Er) and dune rework- ing. This 
period represents a transition phase before the 
return of spring conditions more conducive to dune 
stabilization.

4. Discussion
The results of this study demonstrate the utility of the 
interferometric coherence technique for accurate and 
repeated monitoring of sand dune dynamics subject to 
aeolian processes in desert environments.

Analysis of the dense time series of Sentinel-1 
coherence images allowed for the identification of 
areas exhibiting high aeolian activity throughout 
the year (19.4% of dunes classified as highly active 
by k-means classification). These areas logically 
correspond to barchan and transverse dune types 
known for their high mobility under the action of 
prevailing northeast winds in this region (Hachemi et 
al., 2013 [28]).
Figure 4 well illustrates the seasonal variation of 
detected aeolian activity, with higher levels of sand 
accumulation and erosion in spring and summer, 
in phase with stronger  winds  and rare rain events 
favoring deflation. These results align with obser- 
vations from previous studies on desert dune dynamics 
(Tsoar and Pye, 1987 [81]; Kok et al., 2012 [47]).

The coherence ratio approach developed by Lee and 
Liu (2001) has also proven effective in precisely 
mapping areas undergoing significant erosion/
sedimentation between two given dates. As shown 
in Figure 14, an annual erosion of 3.84% was quan- 
tified, mainly located in the north and west of the study 
area as well as along road and rail transport axes.

This worrying progression of mobile barchan dune 
fields towards vital socio- economic infrastructure 
aligns with concerns raised by previous works 
(Bodart and Ozer, 2007 [8]; Hugenholtz et al., 2012 

[38]; Hachemi et al., 2013 [28]; Abdelkareem et al., 
2020 [2]). It underscores the urgency of sustainable 
management of natural resources in this region highly 
vulnerable to natural hazards.

From  a methodological standpoint, our results 
reinforce the interest in exploiting the rich archive 
of Sentinel-1 radar images with high spatial (5x20m) 
and temporal (12 days) resolution for this type of 
environmental monitoring applications (ESA, 2018, 
2019). The coupling of InSAR signal processing 
algorithms with  unsupervised classification 
techniques such as k-means has proven particularly 
effective, paving the way for future developments in 
machine learning (Li and Chen, 2007 [49]; Liu et al., 
2019 [52]; Lu¨a et al., 2021 [36]).

Some limitations of this preliminary study 
deserve mention. First, the absence of field data to 
quantitatively validate the results obtained by remote 
sensing is a con- straint. It would be interesting in the 
future to acquire in-situ measurements (DGPS, drone 
photogrammetry) on sites of particular interest such 
as identified high-erosion areas.

Next, the use of higher spatial resolution radar 
images (< 5m), for example from future Terrasar-X 
NG or NISAR missions, would allow for refined 
morphological anal- yses at the scale of individual 
dunes. The contribution of Sentinel-2 optical data at 
10m spatial resolution could also prove beneficial in 
multi-sensor fusion mode.

Finally, the development of artificial intelligence 
algorithms dedicated to the auto- matic extraction 
of geomorphological characteristics of dune fields 
(type, orientation, dynamics) would constitute a 
major advance for effective operational management 
of natural risks in these fragile desert territories.

5. Conclusion
This study, utilizing Sentinel-1 radar data, has 
enabled precise monitoring and map- ping of sand 
dune dynamics and aeolian erosion/sedimentation 
processes in the desert region of Boulenouar, 
Mauritania. The approach combining differential 
radar inter- ferometry, coherence ratio monitoring, 
and unsupervised k-means classification has proven 
effective in identifying  and quantifying areas of 
intense aeolian activity and morphological changes 
in dune fields. A marked seasonal cycle has been 
evidenced, with maximum erosion/sedimentation 
levels in spring and summer, correlated with dominant 



Spatiotemporal Windblown Sand Patterns in the Bon Lanuar Region (Mauritania): Insights from InSAR Coherence and K-means 
Clustering

                                   Annals of Ecology and Environmental Science V8. I1. 202614

strong winds. Approximately 19.4% of the dune 
surface was classified as extremely active in 2020-
2021, and a concerning annual erosion of 3.84% was 
iden- tified in areas located to the north, west, and 
along vital terrestrial transport axes, threatening these 
essential economic infrastructures.

In the future, the integration of data from other high-
resolution optical satellite sensors, the use of precise 
digital terrain models derived from stereoscopic 
acquisitions or airborne lidar, as well as coupling 
with numerical simulations of aeolian dynam- ics 
would allow for a more comprehensive multi-sensor 
characterization of aeolian processes. This would 
open interesting perspectives for better understanding 
the 3D migration of dunes and predicting their future 
evolution.

These results underscore the importance of continuing 
remote sensing monitoring and considering sustainable 
land management strategies to preserve road and rail 
networks and urban areas from progressive sand 
encroachment.
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