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A B S T R A C T   

Fairy circles (FCs) are a unique phenomenon characterized by circular patches, 4–10 m in diameter, of bare soil 
within a vegetated matrix. This project aimed to study the spatial and spectral characteristics of FCs on a 
landscape scale in Namibia. The specific objectives of this research are (1) processing satellite observations to 
explore the FCs distributions by applying statistical analysis and deep machine learning algorithms; (2) analyzing 
the FCs’ geometric attributes to retrieve their spatial patterns regarding topographic features nearby. The FCs 
were classified within 25 km2 by processing 15 input layers through a convolutional neural network (CNN) 
model. The layers include four WorldView2 spectral bands, derived vegetation, biocrust, and mineral indices, 
and textural characteristics. The FCs’ geometry was extracted, and spatial autocorrelation was performed. By 
labeling 1600 FCs and using the CNN model, 14,536 FCs were mapped with 0.97% accuracy and a binary cross- 
entropy loss function value of only 0.01. Field measurements and laboratory analysis justified the need to use 
spectral indices for the model. Unique elongated FCs, clustered by hotspot analysis, were quantified and mapped 
along watercourses in alluvial fans with notable connectivity. On a landscape scale that has not yet been studied, 
spatial and spectral analyses became possible only with valuable remote sensing retrievals, deep statistical 
analysis, and machine learning algorithms.   

1. Introduction 

Fairy circles (FCs) are a unique phenomenon in southwestern Africa 
and western Australia. These FCs are characterized by circular patches 
of bare soil or sand gaps of similar size, ca. 4–10 m in diameter, without 
trees, bushes, grasses, or even biocrusts that typically cover the area 
between the circles (hereafter termed as the matrix). The FCs appear in 
an almost uniform distribution in the arid landscapes in Namibia. Their 
extremely organized shape over tens of square kilometers has given rise 
to local mythology and a range of theories that attempted to explain how 
they form (Getzin et al., 2021; Jürgens, 2013; Tarnita et al., 2017). The 
Namibian Himba inhabitants believe the FCs are “footprints of gods”, 
while other inhabitants attribute them to “dancing fairies.” Contrasting 
explanations propose that the circles are caused either by (1) direct and 
indirect consequences of fossil termite and ant activities (Albrecht et al., 

2001; Tinley, 1971); (2) allelopathic interactions between Euphorbia 
damarana and the herbaceous vegetation (Meyer et al., 2021; Theron, 
1979); or (3) vegetation self-organization due to competition for re-
sources (Getzin et al., 2015, 2022; Zelnik et al., 2015). However, none of 
these theories have been yet fully proven. The FCs’ origin remains a 
mysterious, unexplained natural phenomenon, still vehemently debated 
within the scientific community (Getzin et al., 2022; Meyer et al., 2021). 
Regardless, the current study did not attempt to prove or reject any of 
these theories. It only explores the FCs’ spatial and spectral character-
istics using machine learning models over remote sensing retrievals. 

Remote sensing products are a standard tool for monitoring 
geographic phenomena’ spatial distribution and spectral characteristics 
at different scales. Most previous studies of FCs have used aerial or 
satellite images and applied a GIS analysis on small, local patches. 
Tschinkel (2012) manually digitized the FCs in two 25 km2 images to 
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explore their life cycle. Zelnik et al. (2015) used a mathematical model 
on eight patches of 180 × 180 m each to explain the appearance of FCs 
as a self-organization phenomenon driven by soil water–vegetation in-
teractions. Tarnita et al. (2017) observed about 1000 FCs in Namibia 
using satellite images to compare the self-organization mechanisms of 
social-insect colonies to FCs and emphasized the functionality of satellite 
imaging to study such spatial patterns. Less attention, if any, has been 
given to characterizing FC geometries by remote sensing on a landscape 
scale, defined as a large contiguous or fragmented area greater than 
several km2 (Menz et al., 2013). 

Several image analysis techniques can be applied to study spatial 
patterns within satellite images at a landscape scale. An initial exami-
nation of spatial autocorrelation answers whether features are clustered, 
evenly distributed, or randomly distributed (Peeters et al., 2015). Spatial 
autocorrelation can be calculated at the landscape scale, resulting in a 
single measure for the entire area or as a local analysis (Bivand & Wong, 
2018). Local Indicators of Spatial Autocorrelation (LISA) (Anselin, 
1995) produce a landscape-scale clustering map, unlike global spatial 
autocorrelation. This analysis addresses where the landscape features 
are clustered and where they are distributed. Therefore, LISA enables 
the comparison of landscape feature clustering with other environ-
mental variables (Kowe et al., 2020). 

However, the landscape features must first be identified and mapped 
to perform spatial autocorrelation or geometric comparisons. Several 
remote sensing-based tools have been developed and refined over the 
past decades to aid in defining and identifying landscape features. 
Among these techniques is the segmentation/classification procedure 
(Rozenstein & Karnieli, 2011; Zabala et al., 2012). Object-Based Image 
Analysis (OBIA) is often used at a landscape scale to drive segmentation/ 
classification and clearly distinguish landcover features (Kerle et al., 
2019; Tiwari et al., 2020). The crucial classification step is performed 
using well-established machine learning algorithms, such as random 
forest (Zhang et al., 2017) or gradient boosting (Chirici et al., 2013). 
These algorithms were reviewed and compared by Nawar & Mouazen 
(2017). While these methods have proven successful for decades, 
recently, with access to high-performance computing platforms, the 
data-driven approach has taken the lead in landcover classification. 

Data-driven classification models allow a machine learning algo-
rithm to learn all the model parameters while it processes vast quantities 

of data. Neural networks, especially convolutional neural networks 
(CNN), can perform advanced image classification to very high levels of 
accuracy (Mboga et al., 2019; Wambugu et al., 2021). By convolving the 
image, basic image properties are distilled, and then through back- 
propagation, the model undergoes repeated cycles of improvement to 
learn the best parameters for classification. 

U-Net is a CNN architecture initially designed to detect neuronal 
structures in electron microscopy images (Ronneberger et al., 2015). 
The architecture has quickly established itself as the state-of-the-art 
model in semantic segmentation of remote sensing (Hoeser et al., 
2020; Pešek et al., 2022; Wu et al., 2021). Its name comes from the U- 
shaped symmetric flow chart depicting the multilevel encoder-decoder 
(Ye & Sung, 2019) structure derived from a fully convolutional 
network (FCN) (Long et al., 2015). Additionally, U-Net contains feature 
map-transporting ties that connect decoder layers with the corre-
sponding encoder layers, known as skip connections. This structure al-
lows the model to propagate the context information back to higher 
resolution layers, thereby reconstructing the original size of the image, 
with all individual pixels classified. This breakthrough algorithm paved 
the way for semantic segmentation, with better classification accuracy 
than traditional machine learning algorithms. 

The current work hypothesizes that information retrieved from Earth 
observations can be valuable for exploring the spatial distribution of the 
FC phenomenon at a landscape scale by applying statistical analysis and 
deep machine learning algorithms. The CNN algorithms allow a 
comprehensive view of the FC geometry. The geometric analysis may 
shed light on the different spatial patterns of the observed features. 
Furthermore, ground spectral measurement enables the characterization 
and verification of satellite observations. In this regard, the primary goal 
of the current study is to explore the spatial and spectral patterns of fairy 
circles in the Giribes Plain, Namibia, using machine learning algorithms 
over remote sensing retrievals on a landscape scale. Specifically, the 
aims are (1) to delineate FCs using the CNN model; (2) to characterize 
the geometry of each FC to retrieve their spatial patterns and calculate 
their autocorrelation in space; (3) to relate the spatial patterns to the 
other geomorphological attributes in different locations; and (4) to link 
the spaceborne and ground spectral measurements to distinguish be-
tween the inner circle areas and the surrounding matrix. 

Fig. 1. Layout of the methodology.  
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2. Methods 

The layout of the study methodology is illustrated in Fig. 1. 

2.1. Study area 

The study area is in the Giribes Plain (19◦07′32′′S, 13◦18′33′′E) near 
the village of Sesfontein, Namibia (Fig. 2a,b). The climate is arid, with 
mean annual precipitation ranging from 20 to 100 mm, temperature 
ranging from 0◦to 42 ◦C, and the average humidity typically below 60%. 
(Meyer et al., 2021; Tschinkel, 2012; Van Rooyen et al., 2004). This 
plain is an oblong north–south sandy valley at about 600 m AMSL, 
confined by metamorphic mountain ridges on its eastern and western 
edges that reach heights of about 800 and 900 m AMSL, respectively. 
The valley drains from the surrounding ridges into two main streams, 

one directed north and the other south, since a local watershed divide 
splits the study area at about the valley center. This topography creates a 
series of alluvial fans covering the entire valley. As the runoff loses en-
ergy and velocity when leaving the upstream gorge, a typical braided 
distribution of shallow channels is created downstream (hereafter called 
watercourses) (Blair & McPherson, 1994). 

Thousands of FCs, 4 to 10 m in diameter, are present in a large 
portion of the valley (Fig. 2c). Soil and vegetation characteristics are 
distinct between the inner circle areas and the surrounding matrix 
(Fig. 2d). Most of the FCs have a nearly circular shape (Fig. 2e) although 
Getzin & Yizhaq (2019) described a series of elongated FC shapes that 
create unique chain-like patterns along watercourses. The sparse 
vascular vegetation that covers the valley, or part of it, after rain events 
mainly comprise different perennial species of Stipagrostis. S. uniplumis 
(Licht.) De Winter dominates the matrix surrounding the FCs, while tall 

Fig. 2. (a) Location of the study area in Namibia. (b) Giribes Plain. The blue line marks the boundary between the valley and the surrounding mountain ridges. (c) A 
section of a WorldView 2 image in true color composite showing the fairy circles in part of the Giribes Plain. (d) Ground-level photo of several fairy circles within a 
matrix. (e) Ground-level photo of a single fairy circle; note the vegetation in the matrix and the circle’s perimeter. 
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grasses of either S. giessii Kers or S. hochstetteriana (Beck ex Hack.) De 
Winter are located at the FC edges (Fig. 2e) (van Rooyen et al., 2004). 
Generally, the FCs themselves lack vegetation. Following rains, some 
seedlings might germinate inside but cannot survive for long (Getzin 
et al., 2022). Using a penetrometer inside the fairy circle and in the 
matrix, Getzin & Yizhaq (2019) found that the soil in the matrix is four 
times more compact than that inside the fairy circles. This observation 
assumed that the compaction is due to biological soil crusts (biocrusts) 
found outside the elongated fairy circles. 

2.2. Data collection and laboratory analysis 

2.2.1. Spaceborne data collection 
The spatial and spectral analyses were conducted using a 

WorldView-2 image of October 8, 2019. This image has four spectral 
bands (blue, green, red, and near-infrared (NIR)) in a 2-m spatial reso-
lution and one panchromatic band in a 0.5-m resolution. All mountain 
ridges surrounding the valley were masked out of the original image. 

A Digital Surface Model (DSM) dataset at a 2.5-m resolution was 
purchased from AW3D (Takaku 2016). The area of this product is 315 
km2, including the entire valley and the surrounding mountain ridges. 

2.2.2. Laboratory and field analysis 
The laboratory experiments included microscopic, grain size, 

mineralogical, and spectroscopic analyses. 

- An epifluorescent microscope (Leica LMD 7.0), equipped with opti-
cal filters suitable for chlorophyll and chitin autofluorescence im-
aging, was used to identify biocrusts in the soil samples collected 
inside the FCs and in the matrix.  

- Soil samples collected from the study area were sieved through 23 
sieves of cascading sizes, ranging from 4000 to 63 µm, using a shaker. 
The weight of the soil material in each sieve was recorded in a 
GRADISTAT file that calculated the statistics (Blott & Pye, 2001) to 
characterize the soil texture within and outside the FCs.  

- Rock samples from the mountain ridges were collected in four 
different locations. The rocks were analyzed using the identification 

of transparencies under a polarized light microscope according to the 
magmatic and metamorphic petrology principle. The rock ages were 
determined using different dating methods, such as lead uranium.  

- Eight soil sample pairs, within and outside the FCs, were scanned in 
the laboratory under artificial light using the Analytical Spectral 
Devices (ASD) FieldSpec Pro FR spectrometer (Analytical Spectral 
Devices Inc., Boulder, CO, USA) with a spectral range of 350–2500 
nm. 

Additionally, the spectral analysis was conducted in the field. The 
MicaSence multispectral camera (MicaSence Series-Altum-PT) was 
mounted on a 3-m height pole. The camera comprised five spectral 
bands (blue 459–491 nm, green 546–573 nm, red 661–675 nm, red-edge 
711–723 nm, and NIR 813–870 nm). Two images, covering 1 × 1 m, 
were captured inside the FCs and two outside the FCs, from the sur-
rounding matrix. 

2.3. Image classification 

To fulfill the research goal, i.e., exploring the spatial distribution of 
the FC phenomenon at a landscape scale using machine learning algo-
rithms, image classification was performed using a CNN model that in-
cludes 15 spectral and textural layers of information. These layers were 
derived from the WorldView image after applying a pan-sharpening 
procedure using the principal component analysis (PCA) approach to 
enhance the spatial resolution from 2 to 0.5 m (Du et al., 2005). Cal-
culations were performed using the R software. 

2.3.1. Spectral characteristics 
Two crust indices were calculated to distinguish between biocrusts 

and exposed sandy surfaces. The Crust Index (CI) was developed based 
on the dominant phycobilin pigment in the cyanobacteria that contrib-
utes more to the blue reflectance than the sandy substrate (Karnieli, 
1997). The CI is established based on the normalized difference between 
the reflectance values in the red (ρred) and blue (ρblue) spectral regions 
(Table 1 (1)). High and low values are associated with cyanobacteria’s 
high and low presence, respectively. 

Table 1 
Variables involved in the training data for the convolutional neural network (CNN) model.  

Number Name Equation Notes Source 
Spectral indices 
Biocrusts indices 
(1) Crust Index (CI) CI = 1−ρred − ρblue

ρred + ρblue 
Where ρ is the reflectance of the indicated spectral region. (Karnieli, 1997) 

(2) Biological Soil Crust Index 
(BSCI) BSCI =

1 − L ∗ ρred − ρgreen
ρ

mean
GRNIR 

Where ρmean
GRNIR is the mean reflectance of green, red, and the near- 

infrared bands. And L is assigned to be 2. 
(Chen et al., 2005) 

Vegetation indices 
(3) Normalized Difference 

Vegetation Index (NDVI) 
NDVI = ρNIR − ρred

ρNIR + ρred  
(Tucker, 1979) 

(4) Soil Adjusted Vegetation 
Index (SAVI) 

SAVI = ρNIR − ρred
ρNIR − ρred + L ∗ (1 + L) Where L is assigned to be 0.5. (Huete, 1988) 

Mineral indices 
(5) Coloration Index (COI) COI =

ρred − ρgreen
ρred + ρgreen  

(Ben-Dor et al., 2006) 

(6) Redness Index (RI) RI = (ρred)2
(

ρblue ∗
(

ρgreen
)3 )

(Ben-Dor et al., 2006) 

Texture statistical characteristics 
(7) Mean μ = ∑N−1

i,j=0 i(Pi,j) WherePi,j = Ci,j/
∑N−1

i,j=0Ci,j Where Ci,j = the value of the pixel that 
located in i (row) and j (column). N = is the number of rows and 
columns 

(Haralick et al., 1973; Lu & 
Batistella, 2005; O’Byrne et al., 
2018) 

(8) Variance ∑N−1
i,j=0 iPi,j(i − μ)2   

(9) Contrast ∑N−1
i,j=0 iPi,j(i − j)2   

(10) Dissimilarity ∑N−1
i,j=0 iPi,j|i − j|

(11) Correlation ∑N−1
i,j=0 iPi,j

[ (i − μ)(j − μ)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅VarianceiVariance2

√
]

(12) Angular second moment ∑N−1
i,j=0 iP2

i,j    
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Crusts other than cyanobacteria were observed during an in-situ ex-
amination. Therefore, the Biological Soil Crust Index (BSCI) (Chen et al., 
2005) was calculated in addition to the CI. This index was developed to 
detect moss, lichen, and algal biocrusts, based on differentiating the 
plateau between the green (ρgreen) and the red spectral regions. Hence 
biocrusts do not have the notable peak at 550 nm as do higher plants. 
The L factor is the absolute difference between ρgreen and ρred, ranging 
from 2 to 4. For the current work, L was set as 2 (Table 1 (2)). 

Two vegetation indices were used to categorize the vegetation rings 
around the FCs and the different vegetation types in the matrix and 
along the watercourses. The Normalized Difference vegetation index 
(NDVI) is derived from the high reflectance of the near-infrared (ρNIR) 
that is related to the leaf structures, in comparison to the low reflectance 
in the red band due to the presence of chlorophyll (Tucker, 1979) 
(Table 1 (3)). Since soil is the dominant class, with only scattered pixels 
of vegetation in the arid study area, the Soil Adjusted Vegetation Index 
(SAVI) was selected as an alternative to the NDVI (Huete, 1988). The 
SAVI considers the level of vegetation density as the L factor and then 
reduces the effect of the background. Therefore, it emphasizes the 
vegetation over the soil surface. This study sets the L value as 0.5 for 
sparse vegetation (Table 1 (4)). 

The surrounding ridges are composed of different rocks and minerals 
that influence the dominant color of the alluvial fans in the valley. A 
noticeable reddish color characterizes the alluvial fans on one side of the 
valley, while they have brighter colors on the opposite side (Fig. 2b). To 
detect these differences, two mineral indices were selected. The color-
ation index (COI) is a normalized difference between the red and the 
green reflectance values, ρred and ρgreen (Ben-Dor et al., 2006) (Table 1 
(5)). The redness index (RI) enhances the red band by calculating the 
ratio between ρred squared and the ρblue, multiplied by ρgreen to the 
power of 3. Thus, more reddish areas will have high values in both 
indices (Ben-Dor et al., 2006) (Table 1 (6)). 

2.3.2. Image texture characteristics 
The image texture statistical characteristics were derived from the 

gray-level co-occurrence matrix (GLCM) (Haralick et al., 1973; Lu & 
Batistella, 2005; O’Byrne et al., 2018) and implemented in R software 
using the GLCMTextures package (Ilich, 2020). The procedure includes 
five different statistics: variance, contrast, dissimilarity, correlation, and 

angular second moment ((Table 1 (7–12), respectively). The red band 
was preferred to prepare the GLCM, and a 5 × 5-pixel window was 
defined, considering that the minimum FC diameter was about 4 m, or 
eight pixels. Then, the five texture statistics were calculated while 
considering neighboring pixels in all four directions to ensure isometric 
texture metrics. 

2.3.3. Convolutional neural network (CNN) 
To delineate all individual FCs, a U-Net model was applied on 15 

input layers, including four spectral bands, six spectral indices, and five 
image texture statistical features. Ground truth was carried out by 
manually labeling over 1600 visible FCs within preset training regions. 
These FCs were evenly divided into training and validation datasets 
from the study area’s southern, central, and northern parts. This choice 
ensures adequate versatility of the trained model. The architecture is 
illustrated in Fig. 3. To avoid overfitting, the training and validation 
datasets were augmented by simple scene rotations (by 90, 180, and 
270◦), resulting in 12 images, 1024 × 1024 m each, for both training and 
validation. As an activation function for the convolutional layers, 
rectified linear units (ReLU) were chosen (Ramachandran et al., 2017), 
and each layer was followed by batch-normalization to mitigate the 
internal covariate shift (Ioffe & Szegedy, 2015). After validation, the 
model was applied to the entire study area, delineating the FCs. 

2.3.4. Validation on an independent dataset 
For independent testing, a set of 640 FCs, a 99% confidence level 

sample size, and a 5% margin of error were chosen. These FCs are 
located in the center of the study area and represent both the western 
area, which is dominated by a red background, and the eastern area, 
which is dominated by bright colors. The 640 FCs were manually 
analyzed and divided into three categories: FCs classified as an FC, FCs 
classified as a matrix, and a matrix wrongly classified as an FC. 

2.4. Geometric attributes 

The classification resulted in 14,536 FCs. For each polygon, the 
following geometric calculations were performed using the sf package 
(Pebesma, 2018) and the spdep package (Bivand & Wong, 2018) in R 
software to assess the following attributes: area, perimeter, convex hull, 

Fig. 3. U-Net architecture. The channel number of feature maps is exhibited on top of the boxes, and the feature map size at the lower-left/lower-right edge of the 
image. The experiment utilized different feature map sizes (with the input being 1024 × 1024 pixels and convolutions preserving the shape). (Hirose et al., 2022). 
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compactness, roundness, and sphericity index. 
Compactness is the ratio of the object’s area to the area of a circle 

with the same perimeter (Wirth, 2004). A circle is considered to have the 
most compact shape (a value of 1) (Table 2 (13)). Roundness measures 
how smooth a polygon (in 2D) is. The ratio of the polygon area to an area 
of a circle with the same convex hull calculates it. A more circular 
polygon results in 1, and a polygon that results in less than 1 will have 
relatively more irregular boundaries (Wirth, 2004) (Table 2 (14)). The 
sphericity index was developed by Ionescu-Tirgoviste et al. (2015) to 
quantify how spherical a shape is according to its dimensions: perimeter 
and area. For this measure, the perimeter is determined from the mean 
shape diameter. The mean diameter is calculated using an irregular 
shape’s perimeter and area. The two equations will result in different 
outputs if the shape is irregular. A comparison to a perfect circle (in 
which π is the ratio between the perimeter and the diameter) is per-
formed to define how spherical the shape is. The closer the result is to 1, 
the closer the shape is to a circle (Table 2 (15)). A schematic visuali-
zation of the relationship between the sphericity index and the round-
ness and compactness is presented in Fig. 4. 

2.5. Spatial analysis 

The hotspot analysis approach was used to locate local trends of the 

sphericity index within the study area. The sphericity index was the only 
selected geometric attribute due to the high negative correlation with 
compactness and roundness (Fig. 4). Sphericity enables differentiating 
between circular and elongated patterns. The Getis-Ord Gi* statistic 
(Songchitruksa & Zeng, 2010) identifies statistically significant spatial 
clusters of high values (hotspots: high positive z-score and small p-value 
indicate an elongated FC) and low values (cold spots: low negative z- 
score and small p-value indicate a circular FC). Each FC in the study area 
has the value of its sphericity index concerning its neighbors in a 200-m 
radius. 

The next step was to find spatial autocorrelation throughout the 
study area using the Moran’s I statistic, which describes the presence of 
systematic spatial variation in a variable to understand the degree to 
which one object is similar to other nearby objects. A positive Moran’s I 
statistic indicates the tendency for objects or landscape features close 
together to have similar values (i.e., clustered). A negative statistic ap-
pears when objects are considered to be dispersed. To evaluate the 
spatial autocorrelation type for the sphericity index, the Local Indicators 
for Spatial Association (LISA) was used. This algorithm allows for the 
decomposition of global indicators, such as Moran’s I, into the contri-
bution of each observation. Thus, it enables the detection and locating 
regions of a higher degree of spatial autocorrelation locally (Anselin, 
1995). 

The local Moran’s I was calculated over the sphericity index using 
the sfdep package (Parry, 2023) in R, after converting FC polygons to 
centroids and calculating the distance matrix. A K-nearest neighbors’ 

function was applied to measure the distance between each centroid and 
its 20 neighbors. The number of neighbors was chosen considering the 
density of the FCs in space. 

2.6. DSM analysis 

The DSM was analyzed using GRASS GIS 7.8.3 (Neteler et al., 2012), 
and the watersheds and streams were extracted using the r.watershed 
module to determine flow accumulation and flow direction. The major 
watersheds were mapped using drainage points in the study area and 
vectorized to calculate each size. 

Visual examination of the resulting FC polygons and spatial auto-
correlation maps revealed a notable relationship between the FCs and 
the watercourses. In several alluvial fans, elongated FCs appear along 
the watercourses. After obtaining the polygons’ geometry, each long 
axis was calculated using a python script and implemented in QGIS. The 
long axes overlapped the image to show connectivity within the wa-
tercourses. Furthermore, each axis line’s start and end points were 
determined, and the height of each was obtained in order to relate it to 
the slope direction. 

Table 2 
Geometric attributes involved in the spatial analysis.  

Number Name Equation Notes Source 
Geometry attributes 
(13) Compactness Compactness =

4 ∗ π ∗ Area
Perimeter2  

(Wirth, 
2004) 

(14) Roundness Roundness =
4 ∗ π ∗ Area
convexhull2  

(Wirth, 
2004) 

(15) Sphericity 
index Is = Iπ

π  

(Ionescu- 
Tirgoviste 
et al., 2015) 

(15 a) Sphericity 
Index 
component 

dia =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅4 ∗ Area

π

√

dip =
Perimeter

π 

Where dia and dip 
are the 
parameter and 
the area of an 
irregular shape, 
respectively.  

(15b) dm = dip + dia
2 

Where dm is 
mean shape 
diameter  

(15c) Iπ = Perimeter
dm  

The ratio 
between the 
perimeter to the 
diameter of an 
irregular shape.   

Fig. 4. Visualization of the relationship between the sphericity index, roundness, and compactness. 
Reproduced from https://handwiki.org/wiki/images/c/c1/Rounding_%26_sphericity_EN.svg. 
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3. Results 

3.1. Laboratory analysis 

A microscopic examination revealed a notable reflection of cyano-
bacterial filaments in the matrix samples (Fig. 5). In contrast, no 

filaments were found in the samples from inside the FCs. These findings 
justify using biocrust indices along with the vegetation and mineral 
indices. A grain size analysis indicated that gravelly coarse sand occurs 
inside the FCs and medium-sized gravelly sand outside. Geologically, the 
mountain ridges defining the valley have diverse ages and mineral 
components. On the western side, the rocks consist of metasedimentary 

Fig. 5. Biocrust samples collected in the fairy circles as obtained by an epifluorescent microscope. Red color indicates cyanobacteria, and green-cyan colors indicate 
soil minerals. 

Fig. 6. (a) Spectral signatures (350–2500 nm) of soils inside and outside (matrix) the FCs. The blue line emphasizes the matrix samples, and the red line shows the FC 
ones. The corresponding shaded areas indicate the standard deviation of the samples. (b) Zoom into the visible regions of the spectrum to better distinguish between 
the blue and red spectral regions. 
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Biotite-Tourmaline Schist (pelitic-psammitic) of the Damara Group of 
approximately 600 million years. On the eastern side, the Quartz- 
Dioritic Augen Gneiss from the late Archean Era are the oldest rocks 
in Namibia, approximately 2.55 milliard years old. 

The spectral signatures of the sands in and outside the FCs are 
significantly different (Fig. 6a). The overall reflectance level of the FCs is 
higher than that of the matrix as observed in the satellite image (Fig. 1c). 
Furthermore, the steeper slope of the FC curve (Fig. 6b) indicates the 
presence of cyanobacteria as found in several other locations worldwide 
(Karnieli, 1997). Field observations with a multispectral camera 
revealed similar results. Therefore, the steep slope justifies the use of the 
crust indices. 

3.2. Convolutional neural network (CNN) 

All spectral and spatial layers were stacked into one multilayer 

dataset. Fig. 7 shows the spatial distribution of the spectral indices and 
the texture variables. 

The ground-truth labeling of FCs produced over 1600 labeled fea-
tures (Fig. 8a,b). The training ran for 281 epochs (Fig. 9a), but as the 
binary cross-entropy loss over the validation data did not decrease for 
100 epochs, the model from epoch 181 was used. The loss function value 
was 0.01, and accuracy reached 0.97% (Fig. 9b). Then, after training, 
the U-Net model was applied to the entire study area, resulting in 14,536 
predicted FCs (Fig. 8c). 

For testing the model, a confusion matrix was computed over 640 
labeled FCs. The results showed that 87.96% of FCs were classified as 
FCs, 10.62% of FCs as the matrix (false negative), and 1.4% as FCs in the 
matrix (false positive) (Table 3). 

Fig. 7. Demonstration of the spectral indices and texture variables. (a) True color composite (RGB) image; (b) CI; (c) BSCI; (d) NDVI (e) SAVI; (f) RI; (g) COI; (h) 
variance; (i) contrast; (j) dissimilarity; (k) correlation; and (l) angular second moment. 
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3.3. Geometry of FC polygons 

The geometric attributes of each FCs were calculated and then 
correlated using the Pearson correlation coefficient. These attributes 
include the area, perimeter, convex hull, compactness, roundness, and 
sphericity index (Fig. 10). 

3.4. Spatial analysis 

Among the various geometric attributes described in Section 2.4, the 
sphericity index was chosen as the most representative of the FCs shape. 
Then two spatial correlation analyses were performed to determine 
what, if any, this geometric attribute reflected spatial autocorrelation. 
Both hotspot analysis and local Moran’s I indicated distinct spatial 
autocorrelation, as shown in Fig. 11a,b, and detailed below. 

The hotspot analysis, conducted over the sphericity index values, 
shows that most of the cold spots are located along the main stream in 
the center of the valley, mainly on the eastern side of the stream, while 
the hotspots of the sphericity index are mainly located at the edges of the 
study area, next to the mountain ridges. Furthermore, a concentration of 
hotspot points is observed in the southwestern side of the study area 
(Fig. 11a). This result suggests that more FCs, in general, and more 
elongated FCs, in particular, are located in the southwest compared to 
the northern reach of the stream, as well as in the upstream areas of the 
alluvial fans. 

The LISA model also performed over the sphericity index, indicates 
the local Moran’s I of each FC centroid regarding its 20 neighbors 
(Fig. 11b). The results are divided into four categories of autocorrela-
tion: High-High as a significantly positive autocorrelation (the sphericity 

index is clustered in space; elongated FCs will be close to each other, and 
round circles will be close to each other); Low-High as a not significantly 
positive autocorrelation; High-Low as a not significantly negative spatial 
autocorrelation; and Low-Low as a significantly negative autocorrela-
tion. Evidently, there are specific zones with positive autocorrelations of 
the sphericity index compared to other areas. The yellow-colored area 
corresponds to the hotspot analysis map. These two maps provide evi-
dence that the elongated FCs are located close to each other and are 
concentrated on the study area’s southwestern side and at the drainage 
watersheds’ origin. 

3.5. DSM analysis 

By pinpointing seven drainage points in the study area, seven wa-
tersheds that drain the periodic floodwater to the valley from the sur-
rounding mountains were delineated (Fig. 12). The largest (51.014 km2) 
is located on the western side, notably larger than all others (about 1 to 
8 km2). The alluvial fans are created when the streams leave the narrow 
mountain section with high energy at a point termed the apex, flowing 
toward the flat valley. Sand and gravel are deposited as the stream loses 
energy, creating a triangle-shaped feature. The DSM-derived radial 
shape of the contour lines from the apex downstream reveals that the 
alluvial fans cover the entire valley from the eastern and western sides 
and meet at the main stream. Active (when flooded) and inactive 
shallow watercourses typically transfer the water from the apex to the 
apron. The FCs are located all over the alluvial fans, within and between 
the watercourses. 

Based on the DSM data, the longest axis of each FC was detected and 
overlaid on the topographic map. Fig. 13 demonstrates the connectivity 

Fig. 8. The 1600 labeled FCs in three pairs of locations in the study area. (a) The entire study area; (b) subsets of a small area; (c) Location of the 14,536 FCs in the 
whole study area resulting from the CNN model. 
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patterns of the elongated FCs in terms of the direction of the flow 
perpendicular to the contour lines and their location within the water-
courses. The denser cluster of the elongated FCs was found on the al-
luvial fan connected to the largest watershed. 

4. Discussion 

This research explored the spatial and spectral pattern of FCs on a 
landscape scale in Namibia. The methodology is primarily based on a 
deep learning model named U-Net. Despite its limitations (e.g., hidden 
layers, the black box nature of CNNs), it has been proven to be a superior 
method for image classification since it can retrieve complex patterns 
and relevant features from Earth observations (Kaul & Raina, 2022; 

Stupariu et al., 2022). In the Namibian study area, U-Net allowed clas-
sifying many FCs and then expressing their spatial distribution. 

Previous studies of Namibian FCs mainly rely on local-scale obser-
vations and field experiments that focused on the shape and size of the 
FCs, vascular vegetation in and outside the FCs, insects, organic com-
ponents, soil characteristics, geochemical contents, climate, etc., to 
explain the processes leading to the formation of the enigmatic FCs 
phenomenon. Since these studies are insufficient for a landscape-scale 
investigation, the current research used intensive field surveys, in-situ 
measurements, and laboratory analyses. The latter included micro-
scopic, grain size, mineralogical, and spectroscopic analyses and the 
processing of very high-resolution satellite images. In combination, the 
new datasets contributed to the selection of spectral bands and the 
spectral and textural indices used as layers for the CNN model. 

Vascular plants in the matrix support the use of vegetation indices. 
Microscopic analysis and spectral measurements in the field and labo-
ratory were confirmed using crust indices. The grain size assessment, 
which verified larger soil particles inside the FCs, was conducted since 
biocrusts attach better to smaller particles (Rozenstein et al., 2014). 
Different spaceborne-derived colors of the alluvial fans encouraged 
implementing a mineralogical analysis with rock samples from the 

Fig. 9. (a) Binary cross entropy loss function value during the training process; (b) accuracy value during the training process.  

Table 3 
Confusion matrix of an independent test.  

Classified/Validation FC Matrix 
FC 563 (87.96%) 68 (10.62%) 
Matrix 9 (1.40%) X  
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surrounding mountain ridges. The large range of geological eras be-
tween the two main formations from the surrounding mountain ridges 
(i.e., 600 million years and 2.55 milliard years ago) raised the question 
of whether mineralogy caused the different colors of the alluvial fans, 
and hence, the use of mineralogical spectral indices. In addition to the 
spectral indices, the texture analyses highlight the difference between 
the image’s gray levels in and outside the FCs. 

Unlike other image classification methods, such as random forest on 
segmented images, the CNN model that used the above-listed layers 

produced 14,536 FCs within a 25-km2 area with satisfactory accuracy of 
0.97% and a binary cross-entropy loss function of 0.01. Applying inde-
pendent testing over the study area, using 640 points, showed that 
87.96% of the classified FCs were validated. These results indicate that 
artificial intelligence techniques identified most FCs. 

The field survey confirmed earlier findings (Getzin & Yizhaq, 2019) 
that not all FCs are perfectly round. Such a large number of FCs allowed 
for calculating informative geometric properties for each FC and a 
comprehensive view of their spatial pattern. This objective was fulfilled 

Fig. 10. Correlation matrix between geometric variables.  

Fig. 11. (a) Hotspot analysis of the sphericity index. (b) LISA analysis of the sphericity index Moran’s I autocorrelation.  
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by calculating six geometric attributes to map different patterns in 
specific locations. The relationships between the sphericity, roundness, 
and compactness shapes revealed that the sphericity index best ex-
presses the unique elongated FCs. Moreover, a high negative correlation 
between sphericity, roundness, and compactness justifies using the 
sphericity index. Examining the sphericity index hotspot analysis dem-
onstrates that the elongated FCs are located on the alluvial fan apexes 
where the stream energy is the strongest. However, the sphericity index 
cold spots indicate circular shapes and are mainly located towards the 
valley’s center along the main stream. The local Moran’s I shows high 
spatial variability in the area, generally matching the locations of 
significantly positive autocorrelations, i.e., the hotspot areas. 

Further investigation of the elongated FC locations relies on the 
topographic analysis of the DSM data. The persistence of these elongated 

FCs within the watercourses is explained by the role of the floodwater in 
distorting the circular FCs’ shape, turning them elliptical since some of 
the sediment is washed out of the FC downstream. The largest water-
shed, which feeds the southwestern alluvial fan with more substantial 
floods and is characterized by hotspots and a significantly positive 
spatial autocorrelation, has the highest number of prominently elon-
gated FCs. 

5. Conclusions 

This study aimed to examine the spatial and spectral patterns char-
acterizing FCs on a landscape scale that was proven by a CNN model 
enabling the classification of 14,536 FCs within 25 km2 on the Giribes 
Plain, Namibia. The study workflow demonstrates a tightly linked chain 
of operations on such a scale that has not yet been illustrated. The 
panchromatic and multispectral bands of the satellite image were pro-
cessed before deriving spectral indices and texture variables. Next, the 
15 attributes were introduced to the CNN model. Later, using spatial 
analysis, the geometric attributes were derived and processed by two 
methods (Getis ord G* hotspot analysis and LISA). Both showed a sig-
nificant area in which more elongated FCs are visible and the spatial 
dynamic among them. Finally, the topographic analysis was added from 
the DSM data. On top of all these, field and laboratory measurements 
were performed to justify and verify the various computerized models. 

The spatial and spectral analyses became possible only with remote 
sensing retrievals and by applying deep statistical analysis and machine 
learning algorithms. The model accuracy of 0.97% and the binary cross- 
entropy loss function value of 0.01 confirm that most of the FCs were 
detected by implementing artificial intelligence methods. Notwith-
standing the considerable performance of U-Net, its use is not without 
disadvantages. Its black-box nature can lead to non-suiting usage by 
beginners, and its resource-greedy demands make it unusable for small- 
scale computers. Also, experiments with various artificial neural 
network architectures instead of single-CNN-based research could 
ameliorate its results. Many classified FCs provided a comprehensive 
overview of their spatial distribution and spatial autocorrelation. 

The limitation of the remote sensing analysis presented here lies in 
the spatial resolution of the satellite imagery – 0.5 m for WorldView, and 
2.5 m for the DSM topography data. The authors believe that if there was 
access to higher-resolution imagery and topography data, the accuracy 
of FC delineation could be improved, and the dependence of FC shape on 
watercourses could be reinforced. 

The results confirmed the existence of the FCs in a sandy environ-
ment characterized by coarser sand particles and the absence of vascular 
vegetation and cyanobacterial biocrusts. The wide distribution of FCs in 
the valley is independent of the mineralogical substrates and geological 
age. Spatial and topographic analyses show that the sphericity index 
enables differentiating FC shapes. Unique elongated FCs, with high 
connectivity, were located along the watercourses of the alluvial fans, 
caused by water erosion during substantial flows. 
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Corrigendum 
Corrigendum to “Spatial and spectral analysis of fairy circles in namibia on 
a landscape scale using satellite image processing and machine learning 
analysis” [Int. J. Appl. Earth Observ. Geoinform. 121 (2023) 103377] 
Klil Noy a, Micha Silver a, Ondrej Pesek a,b, Hezi Yizhaq c, Eugene Marais d, Arnon Karnieli a,* 

a The Remote Sensing Laboratory, French Associates Institute for Agriculture and Biotechnology of Drylands, the Jacob Blaustein Institutes for Desert Research, Ben- 
Gurion University of the Negev, Sede Boker Campus, Israel 
b Department of Geomatics, Faculty of Civil Engineering, Czech Technical University in Prague, 166 29 Prague, Czech Republic 
c Department of Solar Energy and Environmental Physics, the Jacob Blaustein Institutes for Desert Research, Ben-Gurion University of the Negev, Sede Boker Campus, 
Israel 
d Gobabeb Namib Research Institute, Walvis Bay, Namibia 

The authors regret the misunderstanding with the producer of 
Figure 5 in the previous version of the paper. Since the authors agree 
that the microscopic image is insignificant or has no breakthrough evi-
dence for biocrusts in the study area, we prefer to replace it with another 
figure, as appears in the new version. The authors would like to apolo-
gize for any inconvenience caused. 

DOI of original article: https://doi.org/10.1016/j.jag.2023.103377. 
* Corresponding author. 

E-mail address: karnieli@bgu.ac.il (A. Karnieli).  
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