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Abstract: Remote images are useful tools for detecting and monitoring landslides, including shallow
landslides in agricultural environments. However, the use of non-commercial satellite images to
detect the latter is limited because their spatial resolution is often comparable to or greater than
landslide sizes, and the spectral characteristics of the pixels within the landslide body (LPs) are
often comparable to those of the surrounding pixels (SPs). The buried archaeological remains are
also often characterized by sizes that are comparable to image spatial resolutions and the spectral
characteristics of the pixels overlying them (OBARPs) are often comparable to those of the pixels
surrounding them (SBARPs). Despite these limitations, satellite images have been used successfully to
detect many buried archaeological remains since the late 19th century. In this research context, some
methodologies, which examined the values of OBARPs and SBARPs, were developed to rank images
according to their capability to detect them. Based on these previous works, this paper presents
an updated methodology to detect shallow landslides in agricultural environments. Sentinel-2 and
Google Earth (GE) images were utilized to test and validate the methodology. The landslides were
mapped using GE images acquired simultaneously or nearly simultaneously with the Sentinel-2
data. A total of 52 reference data were identified by monitoring 14 landslides over time. Since remote
sensing indices are widely used to detect landslides, 20 indices were retrieved from Sentinel-2 images
to evaluate their capability to detect shallow landslides. The frequency distributions of LPs and SPs
were examined, and their differences were evaluated. The results demonstrated that each index could
detect shallow landslides with sizes comparable to or smaller than the spatial resolution of Sentinel-2
data. However, the overall accuracy values of the indices varied from 1 to 0.56 and two indices (SAVI
and RDVI) achieved overall accuracy values equal to 1. Therefore, to effectively distinguish areas
where shallow landslides are present from those where they are absent, it is recommended to apply
the methodology to many image processing products. In conclusion, given the significant impact of
these landslides on agricultural activity and surrounding infrastructures, this methodology provides
a valuable tool for detecting and monitoring landslide presence in such environments.

Keywords: shallow landslides; buried archeological remains; agricultural environments; detection
and monitoring; central Italy; spatial resolution; Google Earth images; Sentinel-2 images

1. Introduction

Shallow landslides significantly contribute to soil erosion, especially in agricultural
areas, where their frequency and impact have increased due to extreme weather events [1].
Over recent decades, mapping these phenomena has become crucial in the context of climate
change, leading to extensive efforts to map shallow landslides using satellite imagery [2–4].
Researchers have utilized optical satellite images to develop algorithms for the rapid and
(semi-)automated detection of landslides after triggering events [5,6]. Recently, experiments
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have employed Synthetic Aperture Radar (SAR) images [7,8] although detecting and
mapping landslides using SAR remains challenging [9]. Additionally, numerous studies in
agricultural areas have employed an Unmanned Aerial Vehicle (UAV) [10–13].

Several researchers have assessed slope instability by examining vegetation charac-
teristics [14,15]. They have investigated how geomorphological processes on hillslopes
create anomalies in vegetation by analyzing vegetation indices alongside morphometric
features [14,15]. For instance, a recent study identified vegetation changes and correlated
these spatial–temporal variations with landslide creep induced by an earthquake [16].
Image processing products such as the normalized differential vegetation index (NDVI),
spectral angle, principal component analysis (PCA), and independent component analysis
(ICA) have been used to map landslides from FORMOSAT-2 satellite images [17,18]. Veg-
etation indices are commonly used worldwide to detect landslides by highlighting land
cover changes before and after landslide events [14,16]. Some researchers have mapped
landslides through visual inspection of vegetation indices [3,16] whereas others have de-
veloped semi-automated or automated methods [17]. Additionally, many studies have
combined vegetation indices with morphometric characteristics derived from LIDAR or
high-resolution digital terrain models (DTMs) [19].

Despite these advancements, the detection of shallow landslides in hilly agricultural
areas remains underexplored due to several factors: (i) the shallow landslides involve a
subtle depth of soil, and they are characterized by a short runout distance [20]. Therefore,
the pixels corresponding to the landslide body do not exhibit specific spectral characteristics
with respect to the pixels surrounding them; (ii) the number of pixels corresponding to
shallow landslides may be limited because their size may be very small. However, the few
pixels corresponding to the landslide body may have a different spectral signal from the
surrounding pixels; (iii) these landslides are often intermittent with periodic reactivation
due to rainfall following seasonal ploughing activities, complicating their detection over
the time.

Given the challenges associated with shallow landslide detection, it is crucial to
explore and test various approaches. Detecting a shallow landslide in an image hinges on
the premise that the pixel values within the landslide (LPs) differ from the surrounding
pixel values (SPs), even though their land cover and land use are the same. Additionally,
the size of shallow landslides in agricultural environments is often smaller than the pixel
size of most non-commercial satellite images. Consequently, most non-commercial satellite
sensors, including Sentinel-2 sensors, can rarely detect or monitor (detect over time) their
occurrence and very rarely can map them.

In summary, although remote images have been extensively used to detect, map, and
monitor landslides globally [14,15], shallow landslides in agricultural settings were poorly
detected and monitored using non-commercial satellite sensors. As a matter of fact, their
dimensions are comparable or smaller than the spatial resolution of the satellite images,
and the characteristics of LPs are comparable to those of SPs. The shallow landslides in
agricultural environments share these characteristics with buried archaeological remains.
In other words, the sizes of many buried archaeological remains (e.g., streets and walls)
are comparable to the spatial resolutions of remote images. Moreover, the spectral features
of the OBARPs are comparable to those of SBARPs. Despite these limitations, the buried
archaeological remains and the shallow landslides can leave their marks on images due to
their impact on soil moisture distribution and vegetation characteristics [20–23].

Since the end of the nineteen century, remote images have been used to detect buried
archeological remains by exploiting the different values of OBARPs and SBARPs (e.g., [22,24]).
Visual interpretation of images and/or image-processing products has been a common
practice for detecting buried remains [25–27]. The papers noted that the capability to
detect them in an image depends on many factors (e.g., the characteristics of the sensor,
buried structure, soil and/or vegetation; the morphological and geologic characteristics
of the study area; the conditions under which the sensor acquired the image [28,29]).
Therefore, the authors highlighted that a single image or image processing product does
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not allow the detection of buried remains at every site and time, and they suggested
evaluating many images or image processing products to enhance detection accuracy. For
the latter finding, some papers proposed a method for evaluating the detection capability of
images or image processing products [25,26,30]. These methods were developed to detect
buried archeological remains characterized by a size comparable to or greater than the
spatial resolution of remote images. The authors compared the values of pixels overlying
buried structures (OBARPs) with the values of pixels not immediately adjacent to them
(SBARPs) [25,26,30]. They also proposed different assessment parameters independent of
the photo-interpreter’s skill that can always be refuted. For example, Cavalli et al. [26]
introduced two parameters for quantifying the differences between the values of OBARPs
and SBARPs, detection and separability indices. These assessment parameters allow for the
analysis of multiple images or image processing products, enabling archaeologists to focus
visually on the most effective images or products [26,30]. Furthermore, all these works
validated the proposed methodology by comparing the identified buried archaeological
remains with the reference data that were derived from other sensors [31]. For example,
Cavalli et al. [26] validated the methodology using an archeological street network that
“was first identified on aerophotos by Schmiedt [32] and partly confirmed by successive
archaeological investigations [33,34] and by geomagnetic and geoelectric prospections [35]”.

Starting from these studies, we proposed an updated methodology from previous
ones [26,30] for evaluating the ability to detect and monitor the shallow landslides in
agricultural environments using an assessment parameter that was independent of the
photo-interpreter’s skill. The previous methodology primarily focused on identifying
buried structures that were characterized by linear geometry (i.e., streets and walls) and by
sizes that are comparable to or greater than the spatial resolution of the images. In contrast
to these structures, landslides exhibit irregular and non-linear geometric characteristics
and have dimensions comparable to or smaller than the pixel resolution. Given these
differences, the methodology has been modified to achieve the primary objective of this
work: highlighting the boundaries of each landslide. To this end, the method of selecting
regions of interest (ROI) was revised. In the current approach, two ROIs (LP and SP)
were identified for each landslide, with SPs located adjacent to LPs. Unlike the previous
archaeological approach, where the two ROIs (OBARPs and SBARPs) were not adjacent, this
work ensures that the SPs were immediately adjacent to the LPs. Furthermore, a single
assessment parameter was used to quantify the difference between the two ROIs, whereas
the previous methodology used two parameters. The authors validated the new assessment
parameter using 52 reference data addressing an important issue: can this methodology
successfully detect and monitor shallow landslides characterized by a size smaller than the
pixel size of the satellite images employed? For this purpose, we calculated several remote
sensing indices by using Sentinel-2 images. Hence, we addressed another two important
issues: is there a remote sensing index that can adequately detect shallow landslides? Does
the possibility of detecting landslides increase with the number of indices calculated? The
proposed methodology, and remote and reference data are described in Section 2, whereas
the results, discussion, and conclusions are presented in Sections 3 and 4, respectively.

2. Materials and Methods
2.1. Study Areas

The case study is in central Italy, in Umbria region, near the town of Collazzone
(Figure 1), on the left side of the Tiber River. The study area extends for about 79 km2, the
terrain is hilly, valleys are asymmetrical, and lithology and attitude of bedding control
the morphology of slopes. Terrain gradient ranges from 0◦ to 63.7◦ degrees and elevation
from 145 to 643 m a.s.l. Only sedimentary rocks crop out [36] and include the following:
(1) alluvial deposits, Holocene in age; (2) travertine, Pleistocene in age; (3) continental
deposits (gravel, sand and clay), PlioPleistocene in age; (4) layered sandstone and marl,
Miocene in age and (5) thinly layered limestone, Lias to Oligocene in age. Cultivated land
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(croplands, vineyards and orchards) covers 62% of the study area [20]. Soil thickness ranges
from a few decimeters to more than 1 m and has a fine or medium texture [37].
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Figure 1. The location of 14 selected shallow landslides is shown in Open Street Map. The location of
Collazzone and Umbria region are shown in upper right corner of the Open Street Map. On the left
side of the map and below it, the 11 images show the 14 landslides mapped (red dotted lines) on the
GE image acquired on 8 April 2021, with the coordinates of the LPs center. Black and white numbers
represent ID landslides and white arrows indicate north.
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Climate is characterized by cold and moist winters and dry summers. Landslides are
abundant and range in age, type, morphology and volume from relict—partly eroded—large
and deep-seated landslides, to young, mostly shallow landslides involving the soil man-
tle [36]. Landslides are triggered predominantly by meteorological events, including intense
and prolonged rainfall and rapid snowmelt [38]. A multi-temporal landslides inventory
map [38,39] was prepared by the Geomorphology group of the CNR-IRPI research institute
by photointerpretation of stereo aerial photographs taken in 1941, 1954, 1977, 1985, and
1997. From 1999 up to now, event inventories were prepared following intense and or
prolonged meteorological events. The inventories were prepared using field mapping
techniques or photo-interpretation of satellite images or LIDAR data [39–42]. Inspection of
the inventory reveals that landslides are most abundant in the cultivated areas and are rare
in the forested terrain, indicating a dependence of the landslides on agricultural practices,
at least in the last 20 years. Figure 2 shows photos of three intermittent shallow landslides
taken during the field surveys.
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Figure 2. Example of shallow landslides in the study area: (a) Soil slide; photo taken on 20 December
2020, by CNR-IRPI. (b) Soil slide; photo taken on 9 April 2014 by CNR-IRPI. (c) Earth flow; photo
taken on 9 April 2014 by CNR-IRPI.

2.2. Methodology for Determining Occurrence of Shallow Landslides in Agricultural Environments

This paper proposed an update of the methodology, which was developed to identify
buried archeological remains [26], to detect and monitor shallow landslides in agricultural
environments This methodology assesses the capability of image processing products to
evaluate their potential for landslide detection exploiting a parameter independent from
the photo-interpreter’s skill. The methodology includes three sequential procedures (three
columns in Figure 3). The schema of the updated methodology are shown in Figure 3,
highlighting the data, decisions, and processes involved.



Remote Sens. 2024, 16, 2286 6 of 41Remote Sens. 2024, 16, 2286 6 of 41 
 

 

 
Figure 3. The proposed methodology schema. Three sequential procedures named with Roman nu-
merals and divided by black lines; start datum (i.e., reference data where red circle shows the land-
slide) and results are in blue circles; black rectangle shows the zoom of the reference data; datum 
(i.e., Sentinel-2 image) is shown with a light blue trapezoid; decisions for data selection or processes 
are in green diamonds; the processes are shown with red rectangles. Image coordinates were ex-
pressed in decimal degrees. 

2.3. First Procedure (I Panel in Figure 3) 
2.3.1. Reference Data and Regions of Interest 

The first procedure starts with reference data, which are essential to test and validate 
the entire methodology. The term validation is defined as “the process of assessing, by 
independent means, the quality of the data products derived from the system outputs” by  
the Working Group on Calibration and Validation of the Committee on Earth Observing 
Satellites [31]. “Reference data”, which are provided by independent means, are usually 
compared with processing data to assess their “degree of correctness” or accuracy [43,44]. 
In this work, the “means independent” of Sentinel-2 data that were employed is Google 
Earth (GE) images. These “independent means” allowed us to obtain the landslide inven-
tory map (LIM) and landslide maps (LM)s, which are the reference data used in this work. 

To test and validate the methodology, a LIM was prepared by the visual inspection 
of the very high-resolution image of the GE platform that was acquired on 8 April 2021; 
the inventory contains 94 shallow landslides (soil slide and earth flow). A multi-temporal 
analysis of GE images from both before and after the inventory map was performed and 
only 14 landslides were selected since their LPs and SPs were characterized by the same 
land cover. Table 1 summarizes the landslides that were detected using GE images. 

  

Figure 3. The proposed methodology schema. Three sequential procedures named with Roman
numerals (I–III) and divided by black lines; start datum (i.e., reference data where red circle shows
the landslide) and results are in blue circles; black rectangle shows the zoom of the reference data;
datum (i.e., Sentinel-2 image) is shown with a light blue trapezoid; decisions for data selection or
processes are in green diamonds; the processes are shown with red rectangles. Image coordinates
were expressed in decimal degrees.

2.3. First Procedure (I Panel in Figure 3)
2.3.1. Reference Data and Regions of Interest

The first procedure starts with reference data, which are essential to test and validate
the entire methodology. The term validation is defined as “the process of assessing, by
independent means, the quality of the data products derived from the system outputs” by
the Working Group on Calibration and Validation of the Committee on Earth Observing
Satellites [31]. “Reference data”, which are provided by independent means, are usually
compared with processing data to assess their “degree of correctness” or accuracy [43,44]. In
this work, the “means independent” of Sentinel-2 data that were employed is Google Earth
(GE) images. These “independent means” allowed us to obtain the landslide inventory
map (LIM) and landslide maps (LM)s, which are the reference data used in this work.

To test and validate the methodology, a LIM was prepared by the visual inspection
of the very high-resolution image of the GE platform that was acquired on 8 April 2021;
the inventory contains 94 shallow landslides (soil slide and earth flow). A multi-temporal
analysis of GE images from both before and after the inventory map was performed and
only 14 landslides were selected since their LPs and SPs were characterized by the same
land cover. Table 1 summarizes the landslides that were detected using GE images.
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Table 1. Landslides detected on the five GE images. The first column shows the Landslide ID and the
first row summarizes the GE acquisition date.

Landslide ID 25 April 2018 8 October 2019 8 April 2021 23 March 2022 30 May 2023

2 NL NL YL NL NA
3 YL YL YL NA YL
4 YL YL YL NA NL
5 NL NL YL NA NL

5bis NMC NL YL NA NL
6 NL YL YL YL NA
9 NMC NL YL NL NA
11 NL NL YL NA YL
14 NL NL YL NA NL
15 NL NL YL NA YL
19 NMC YL YL YL NA
20 NL NL YL YL NA
21 YL NL YL NMC NA
22 NL NL YL NA YL

YL: detected landslide. NL: no detected landslide. NMC: LPs and SPs characterized by the different land cover in
that image. NA: image not available.

The multi-temporal analysis of GE images revealed 28 landslide cases (YL) and 24 no
landslide cases (NL) (Table 1).

In Figure 3, the center blue circle shows as reference datum a detail of the GE image of
8 April 2021 with the Landslide ID 2 (the landslide marked with the number 2 in Figure 1).
The black rectangle shows the zoom of the ID 2 landslide.

2.3.2. Regions of Interest (ROIs)

The previous paper proposing and testing the methodology to detect buried archaeo-
logical remains from remote imagery highlighted that ROI (OBARPs and SBARPs) selection
is very important [26,29]. Consequently, to detect shallow landslides on the remote image,
proper selection of LPs and SPs is a key requirement. The landslide pixels must accurately
fit the shallow landslide shape of LIM and LMs. For this purpose, the pixels of the analyzed
images were spatially resampled to 5 m. Since the primary objective of this work is to
highlight the boundaries of each landslide, only the immediately surrounding pixels can
identify the landslide. Moreover, to highlight only spectral differences due to landslide, LPs
and SPs should only include pixels with the same land cover and land use. Therefore, LPs
and SPs on Sentinel-2 images were selected by creating two adjacent ROIs according to the
corresponding landslide maps and simultaneous GE images. Thanks to these images, only
pixels with the same land cover and land use were selected. In Figure 3, the central green
diamond underscores the requirements that guided the selection of two adjacent ROIs.

2.4. Second Procedure (II Panel in Figure 3)
2.4.1. Remote Image

The second procedure starts with the requirement for selecting Sentinel-2 images
(green diamond in the upper left corner of the Figure 3) [45]: the selected images must be ac-
quired at the same date, or nearly the same date, that the GE images were acquired (i.e., the
reference data, Table 2). Only two Sentinel-2 images are acquired nearly simultaneously
with the GE data (21 April 2018 and 24 March 2022).

Sentinel-2 is a mission developed by the European Space Agency (ESA) in the frame-
work of the Copernicus program [46] and includes two identical satellites in the same orbit:
Sentinel-2A, launched on 23 June 2015, and Sentinel-2B, launched on 7 March 2017. This
mission was designed to give a high revisit frequency of 5 days at the Equator. Each satellite
carries a multispectral scanner with 13 spectral bands and spatial resolutions ranging from
10 to 60 m (Table 3 [47]). Sentinel-2 images were downloaded from Copernicus Open Access
Hub platform [48].
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Table 2. GE and Sentinel-2 image acquisition dates.

Google Earth Sentinel-2

25 April 2018 21 April 2018 (1)

8 October 2019 8 October 2019
8 April 2021 8 April 2021

23 March 2022 24 March 2022 (1,2)

30 May 2023 30 May 2023 (2)

(1) Sentinel-2 image acquired nearly simultaneously with the GE data; (2) The image does not include the entire
study area.

Table 3. Main characteristics of the multispectral sensors hosted on Sentinel-2 satellites.

Band
Number

Band Named
in This Paper

Spatial
Resolution

(m)

Sentinel-2A Sentinel-2B

Central
Wavelength

(nm)

Bandwidth
(nm)

Central
Wavelength

(nm)

Bandwidth
(nm)

1 B1 60 442.7 21 442.2 21
2 B2 10 492.4 66 492.1 66
3 B3 10 559.8 36 559 36
4 B4 10 664.6 31 664.9 31
5 B5 20 704.1 15 703.8 16
6 B6 20 740.5 15 739.1 15
7 B7 20 782.8 20 779.7 20
8 B8 10 832.8 106 832.9 106

8a B8a 20 864.7 21 864 22
9 B9 60 945.1 20 943.2 21

10 B10 60 1373.5 31 1376.9 30
11 B11 20 1613.7 91 1610.4 94
12 B12 20 2202.4 175 2185.7 185

2.4.2. Image Processing Products Selected

The other step of the second procedure is the selection of the image processing prod-
ucts. The methodology for detection of the buried archeological remains was applied to
many image processing products (e.g., apparent thermal inertial [26], fractional abundance
images [49], principal component images [25], remote sensing indices [27,30] and rule
images [28]). Since many authors detected and monitored landslides using different indices
of vegetation [17,18], the proposed methodology was tested and validated by exploiting
most of the remote sensing indices that were applied to Sentinel-2 data (Table 4).

Table 4. Selected remote sensing indices.

Index Name Index Acronym Proposed by
[Reference]

Applied to
Satellite Data Equation Reference

on Sentinel-2

Atmospherically Resistant
Vegetation Index ARVI [50] MODIS

(B8 − (B4 − 1 × (B2 −
B4)))/(B8 + (B4 − 1 × (B2

− B4)))
[51]

Clay Mineral Ratio Clay Mineral
Ratio * [52] N/A (B10)/(B11) [53]

Difference Vegetation
Index DVI [52] N/A (B8 − B4) [51]

Enhanced Vegetation
Index EVI [52] N/A 2.5 × ((B8 − B4)/((B8 + 6

× B4 − 7.5 × B2) + 1)) [54]

Ferrous Minerals Ratio Ferrous Minerals
Ratio * [52,55] Landsat (B10)/(B8a) [56]
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Table 4. Cont.

Index Name Index Acronym Proposed by
[Reference]

Applied to
Satellite Data Equation Reference

on Sentinel-2

Green Difference
Vegetation Index GDVI [57] Landsat (B8a − B3) [58]

Green NDVI GNDVI [59] MODIS (B8a − B3)/(B8a + B3) [58]

Green Ratio Vegetation
Index GRVI [60] ASTER (B8a)/(B3) [56]

Infrared Percentage
Vegetation IPVI [61] N/A (((B8a)/(B8a + B5))/2) ×

(((B5 − B3)/(B5 + B3)) + 1) [56]

Iron Oxide Iron Oxide * [52,55] Landsat (B5)/(B1) [56]

Modified Normalized
Difference Vegetation

Index
mNDVI [62] SPOT (B8 − B4)/(B8 + B4 −

2 × B1) [58]

Normalized Differential
Vegetation Index NDVI [63] ERTS 1 MSS (B8 − B4)/(B8 + B4) [54]

Normalized multibands
Drought Index NMDI [64] MODIS (B8 − B10 + B11)/(B8 +

B10 − B11) [58]

Plant Senescence
Reflectance Index PSRI [65] N/A (B4 − B2)/(B6) [58]

Red Edge Normalized
Difference Vegetation

Index
mNDVI 705 [66] N/A (B6 − B5)/(B6 + B5) [58]

Renormalized Difference
Vegetation Index RDVI [67] N/A (B8a − B4)/((B8a + B5)0.5) [58]

Simple Ratio Index SR [68] N/A (B8a)/(B4) [51]

Soil Adjusted
Vegetation Index SAVI [69] Landsat (1.5 × ((B8 − B4)/(B8 + B5

+ 0.5))) [58]

Structure Insensitive
Pigment Index SIPI [70] N/A (B8 − B1)/(B8 − B4) [58]

Vogelmann Red Edge
Index 1 VOG1 [71] N/A (B6)/(B5) [56]

* Soil index.

Table 4 lists the 20 indices analyzed (i.e., 17 vegetation indices and 3 soil indices,
highlighted with an asterisk in Table 4). Most of these indices were also exploited to detect
the buried archeological remains [27,30]. The names and acronyms of the remote sensing
indices are listed in the first and second columns, respectively; the references of the paper
that proposed them and the data on which the authors tested them are listed in columns 3
and 4, respectively. Column 5 shows the equations performed on the Sentinel-2 images;
the characteristics of the bands used are shown in Table 3. The works that retrieved these
indices from Sentinel-2 image are shown in column 6 and most of these remote sensing
indices were included in two online base dates [56,58].

The selected indices were retrieved from Sentinel-2 images using ENVI 5.6.3 © 2024
L3Harris Geospatial Solutions Inc and only selected index values include in the two adjacent
ROIs were analyzed (Figure 3).

2.5. Third Procedure (III Panel in Figure 3)
Kling–Gupta Efficiency

As mentioned above, the impact of both shallow landslides and buried archeolog-
ical remains on vegetation features and soil moisture distribution can be captured in
images [20,23]. Therefore, within an agricultural land cover with quite homogeneous char-
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acteristics, the distinct spectral behavior of LPs and SPs enables the detection of shallow
landslides images.

Therefore, by comparing the frequency distribution of LPs values with the frequency
distribution of SPs values, it is possible to assess the “visibility” of a shallow landslide
on the image. The Kling–Gupta efficiency (KGE) was exploited to evaluate similarity
between these frequency distributions because the KGE value is used not only to calibrate
and evaluate the hydrological models [72], but also to measure the similarity between
spectra (e.g., [73]) and the histograms of pixel values (e.g., [44]). The KGE value is given as
follows [72]:

KGE = 1 −

√
(R − 1)2 +

(
σLPs
σSPs

− 1
)2

+

(
µLPs
µSPs

− 1
)2

(1)

where R is linear correlation, σ is their standard deviation, and µ represents mean values
between the histograms of LPs and immediately SPs. The KGE values were classified by
the literature into two classes: positive values that indicate equal, approximately similar
distributions and negative values that indicate uncomparable distributions [73,74]. To
compare the remote sensing indices that have different ranges of values, the values were
normalized between the maximum and minimum values of overall range of values. On the
other hand, to compare different shallow landslides having different sizes, the values of
LPs and SPs were divided by their pixel number.

Therefore, the third procedure of the proposed methodology requires the evaluation
of the KGEs for each pair of ROIs that were included in each Sentinel-2 image (Figure 4).

These steps were also performed in areas where landslides were not detected (NL). In
these areas, we used the ROIs identified on the image acquired later or earlier, i.e., on the
image where the landslide was observed.
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the histograms of LP values (yellow) and SP values (blue) and their comparison yielded a KGE value 
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land cover and land use of LPs and SPs must be the same, among these landslides, only 
14 landslides were selected and monitored over time in the Sentinel-2 images. These 14 
landslides, therefore, were monitored on 4 different days because 3 GE images covered 
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ages (23 March 2022, and 30 May 2023) covered only a portion of the study area (Table 2). 
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Figure 4. The steps to calculate the values of KGE (i.e., the identification of LPs and SPs, the calculation
of the remote sensing indices, and KGE evaluation). The figure shows the Landslide ID 3: (a) LPs
(yellow) and SPs (blue) selected on the Sentinel-2 image acquired on 8 April 2021 and landslide track
was overlaid with red circle; (b) SIPI detail on which the LM was overlaid with red circle; (c) the
histograms of LP values (yellow) and SP values (blue) and their comparison yielded a KGE value of
−1.88. Image coordinates were expressed in decimal degrees.

3. Results

As above mentioned, to obtain the reference data, five GE images, which were acquired
simultaneously, or nearly simultaneously, with Sentinel-2 images, were exploited and
starting from the LIM of 8 April 2021, four LMs were carried out (Table 1). Since the
land cover and land use of LPs and SPs must be the same, among these landslides, only
14 landslides were selected and monitored over time in the Sentinel-2 images. These
14 landslides, therefore, were monitored on 4 different days because 3 GE images covered
the entire study area (25 April 2018, 8 October 2019, and 8 April 2021), whereas 2 GE
images (23 March 2022, and 30 May 2023) covered only a portion of the study area (Table 2).
On these days, some shallow landslides were present (YL) and some were absent (NL)
(for a total of 56 study cases). However, because the LPs and SPs of four study cases
revealed different land cover and land use (NMC) were not considered (Table 1). Therefore,
52 reference data were identified: 28 data include areas where landslides were detected
(YL) and 24 include areas where landslides were not detected (NL, Table 1).

These reference data were used to evaluate the capability of the proposed methodology
to detect shallow landslides characterized by a size comparable to or smaller than the pixel
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size of Sentinel-2 images. Since the Sentinel-2 sensors have three different spatial resolutions
(Table 3), it is not easy to identify sizes that are comparable to spatial resolution of the
sensors. Therefore, landslide sizes characterized by an LP area of 3600 m2 (i.e., the area
covered by one 60 m pixel or by a 3 × 3 pixel square of 20 m) and a minimum landslide
width of 20 m were defined as comparable to the spatial resolution of Sentinel-2 data.
Table 5 shows the 24 selected landslides in descending order of size. The fifth column of
the Table 5 indicates how we labeled the landslide size with respect to the spatial resolution
of Sentinel-2 images: GT denotes a size that is larger than spatial resolution; CO denotes
a size that is comparable to spatial resolution; and LT denotes a size that is smaller than
spatial resolution.

Table 5. The list in descending order of the landslide sizes detected on the GE images.

Landslide ID Ge image Acquisition Dates LPs Area (m2) Minimum Landslide Width (m) Called Landslide Size

11 30 May 2023 6250 70 GT
11 8 April 2021 6250 70 GT
14 8 April 2021 2250 25 CO
4 8 October 2019 1925 15 LT
4 8 April 2021 1925 15 LT
3 25 April 2018 1625 10 LT
3 8 October 2019 1625 10 LT
3 8 April 2021 1625 10 LT
3 30 May 2023 1625 10 LT
2 8 April 2021 1275 30 LT
20 8 April 2021 1125 15 LT
19 8 October 2019 975 15 LT
19 8 April 2021 975 15 LT
15 8 April 2021 975 15 LT
6 23 March 2022 725 15 LT
6 8 April 2021 725 15 LT
20 23 March 2022 725 15 LT
22 8 April 2021 675 5 LT
22 30 May 2023 675 5 LT
9 8 April 2021 675 5 LT
21 8 April 2021 575 10 LT
19 23 March 2022 550 15 LT
21 25 April 2018 475 10 LT
15 30 May 2023 475 5 LT
5 8 April 2021 425 10 LT

5bis 8 April 2021 400 10 LT
6 8 October 2019 350 15 LT
4 25 April 2018 300 15 LT

Only the Landslide ID 11 is larger than the spatial resolution of the sensors (GT), and
only the Landslide ID 14 has a size that can be considered comparable (CO), whereas all
the other 25 landslides have smaller sizes.

Figure 5 shows the methodology performed to detect the Landslide ID 11 (its location
is shown in Figure 1). The size of this landslide is greater than the spatial resolution of
the Sentinel-2 images (third column of Table 5): the minimum landslide width is 70 m; the
LPs (yellow in the third row of the Figure 5) cover an area of 6250 m2 and the SPs (blue
in the third row of the Figure 5) cover an area of 10,975 m2. This shallow landslide was
characterized by the largest area (i.e., 6250 m2, Table 5).
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Figure 5. Methodology for monitoring Landslide ID 11. The first row (a–d) shows the GE images.
The second row (e–h) shows the reference data where red circle shows the landslide. In the third row
(i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid over
Sentinel-2 images. In the second and third rows, the green frames highlight the absence of landslide
evidence in the image and the red frames highlight the presence of landslide evidence in the image.
Image coordinates were expressed in decimal degrees.

Figure 6 shows the methodology performed to detect the Landslide ID 14 (the location
is shown in Figure 1). The size of this landslide can be considered comparable to the spatial
resolution of the Sentinel-2 images (third column of Table 5): the minimum landslide width
is 25 m; the LPs (yellow polygons in the third row of Figure 6) cover an area of 2250 m2 and
the SPs (blue polygons in the third row of Figure 6) cover an area of 6150 m2.

In Figures 5 and 6, the results in the columns are sorted based on image acquisition
dates, and the results in the rows obtained are sorted with respect to the steps of the
first procedure. According to image acquisition dates, the first, and second rows show GE
images and LMs superimposed on GE images, and the third row shows ROIs superimposed
on the Sentinel-2 images. In other words, in the same column, GE images and LMs
derived from these were compared with Sentinel-2 images acquired immediately or nearly
simultaneously with the first ones. The details of the GE images associated with the
landslide are shown in the first rows of Figures 5 and 6. The second rows of Figures 5 and 6
display the details of LMs. The third rows of Figures 5 and 6 show LPs and SPs, which
were marked out on the Sentinel-2 images, and display information about their size. In
the second and third rows, red frames show the areas where the landslides were detected
(YL in the Table 1), whereas green frames highlight the areas where the landslides were
not detected (NL in the Table 1). As mentioned above, in the Sentinel-2 images where no
landslides were detected, we utilized the ROIs that were identified in the next or previous
image where a landslide was detected. For instance, as regarding the Landslide ID 11, ROIs
identified on the Sentinel-2 image acquired on 8 April 2021 were used to analyze Sentinel-2
images acquired on 21 April 2018 and 8 October 2019 (Figure 5).
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The second row (e–h) shows the reference data where red circle shows the landslide. In the third row
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After the first procedure was completed, selected remote sensing indices were retrieved
from Sentinel-2 images, and then, KGE values were calculated for each ROI and each image.
Figure 7a,b show 160 values of KGE obtained to detect Landslide IDs 11 and 14, respectively.
Different colored columns show the twenty KGE values obtained from the four images: the
red, green, yellow, and blue bars show the KGE values obtained from Sentinel-2 images
acquired on 30 May 2023, 8 April 2021, 8 October 2019, and 21 April 2018.

These KGE values quantified the ability of each remote sensing indices to detect these
two landslides: one with the sizes greater than the spatial resolution of Sentinel-2 images
(Landside ID 11) and the other with the sizes comparable to the spatial resolution of images
(Landside ID 14). GDVI and NMDI are two indices that most emphasized Landslide ID 11
on the Sentinel-2 images acquired on 8 April 2021 and 30 May 2023, respectively. The KGE
values are equal to −0.80 and −0.62, respectively (Figure 7a). EVI is the index that most
emphasized Landslide ID 14 on the Sentinel-2 images acquired on 8 April 2021. The KGE
value is equal to −1.16 (Figure 7b).

Figures 8 and 9 compared three different index zooms portraying the Landslides IDs
11 and 14, respectively: one index obtained the minimum value (Figures 8c–f and 9c–f),
one obtained a value close to zero (Figures 8b–e and 9b–e), and one index obtained a value
greater than zero (Figures 8a–d and 9a–d). The purpose of these figures is to identify KGE
values that detect shallow landslides (i.e., KGE ≤ 0) and KGE values that do not detect
landslides (i.e., KGE > 0).
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Regarding the Landslide ID 11, Figure 8 show three indices that were obtained from 
the images acquired on 30 May 2023: EVI with KGE value of 0.88, IPVI with KGE value of 
−0.05, and NMDI with KGE value of −0.62. Regarding the Landslide ID 14, Figure 9 shows 
three indices that were obtained from the images acquired on 8 April 2021: Iron Oxide 
with KGE value of 0.5, ARVI with KGE value of −0.19, and EVI with KGE value of −1.16. 

The comparison of the indices confirms that where KGE values are greater than zero, 
the landslide is undetectable (Figures 8a,d and 9a,d), whereas where KGE values are less 
than zero landslide is detectable (Figures 8b,c,e,f and 9b,c,e,f). It is important to highlight 
that Figures 8b,e and 9b,e show that the landslide is detectable not only where KGE values 
are less than zero, but also where KGE values are close to zero. In addition, a decrease in 
KGE value allows the landslide to be more detectable. 

Figure 8. KGE values obtained from indices that were retrieved from Sentinel-2 image of 30 May 2023
for Landslide ID 11: (a) EVI; (b) IPVI; (c) NMDI; (d) the edges of LPs (yellow) SPs (blue) superimposed
on EVI; (e) the edges superimposed on IPVI; (f) the edges superimposed on NMDI. Image coordinates
were expressed in decimal degrees.
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Regarding the Landslide ID 11, Figure 8 show three indices that were obtained from
the images acquired on 30 May 2023: EVI with KGE value of 0.88, IPVI with KGE value of
−0.05, and NMDI with KGE value of −0.62. Regarding the Landslide ID 14, Figure 9 shows
three indices that were obtained from the images acquired on 8 April 2021: Iron Oxide with
KGE value of 0.5, ARVI with KGE value of −0.19, and EVI with KGE value of −1.16.

The comparison of the indices confirms that where KGE values are greater than zero,
the landslide is undetectable (Figure 8a,d and Figure 9a,d), whereas where KGE values are
less than zero landslide is detectable (Figure 8b,c,e,f and Figure 9b,c,e,f). It is important to
highlight that Figure 8b,e and Figure 9b,e show that the landslide is detectable not only
where KGE values are less than zero, but also where KGE values are close to zero. In
addition, a decrease in KGE value allows the landslide to be more detectable.

We considered “true positive” the landslide case in which the index confirms the
presence of the landslide (YL) and “true negative” the case in which the index confirms the
absence of the landslide (NL). On the other hand, we considered “false negative” the case
in which the index does not confirm the presence of the landslide and “false positive” the
case in which the index does not confirm the absence of the landslide.

Regarding the Landslide ID 11, seventeen values of KGE less than zero were obtained
from the images acquired on 8 April 2021 and 30 May 2023 (17 true positive of 20). Re-
garding the image acquired on 8 April 2021, Iron Oxide, NMDI, and PSRI are the indices
that obtained the “false negative” with respect to reference maps where landslides were
detected (i.e., 0.4, 0.3, and 0.0, respectively, Figure 7a). Regarding the image acquired on
30 May 2023, ARVI, EVI, and PSRI are the indices that obtained the “false negative” (i.e., 0.8,
0.9, and 0.3, respectively). Regarding the Landslide ID 14, eighteen values of KGE less
than zero were obtained from the image acquired on 8 April 2021 (18 true positive of 20).
Iron Oxide, and PSRI are the indices that obtained the “false negative” (i.e., 0.5, and 0.3,
respectively, Figure 7b). On the other hand, each KGE value in images where landslides
were not detected is greater than zero (20 true negative of 20). No landslide was detected
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from the indices obtained from images corresponding to reference maps where no landslide
was detected.

Figure 10 shows the methodology performed and the results obtained to monitor the
Landslide ID 4. The size of the Landslide ID 4, which was detected on the image acquired
on 25 April 2018, was the smallest of those analyzed (Table 5).
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Figure 10. Methodology for monitoring Landslide ID 4. The first row (a–d) shows the GE images.
The second row (e–h) shows the reference data where red circle shows the landslide. In the third row
(i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid over
Sentinel-2 images. In the second and third rows, the green frames highlight the absence of landslide
evidence in the image and the red frames highlight the presence of landslide evidence in the image
The last row summarizes the KGE values obtained for each image. Image coordinates were expressed
in decimal degrees.

Also in Figure 10, the horizontal rows subdivide the results obtained with respect to
the steps of the first procedure, whereas the columns sort the results obtained with respect
to the sensor acquisition dates. The first row shows the details of GE images related to the
landslide; the second row displays the details of LMs overlaid on GE images. The third
row shows LPs and SPs, which were marked out on the Sentinel-2 images, and display
information about their size. In the second and third rows, red frames highlight the areas
where the landslides were detected, whereas green frames highlight the areas where the
landslides were not detected. The fourth row summarizes the results obtained from the
four Sentinel-2 images showing negative value of KGEs. These results also highlighted that
most of the KGE values are negative in images corresponding to reference maps where
the landslides were detected (YL). Sixteen negative values of KGE (16 true negative) were
obtained from the Sentinel-2 images acquired on 8 April 2021, and four false negatives were
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obtained (see Figure A14 in Appendix B). Eleven values of KGE minor than zero (11 true
negative) were obtained from the images acquired on 21 April 2018, and 8 October 2019,
and nine false negatives were obtained (see Figure A14 in Appendix B).

On the other hand, most of KGE values are greater than zero from images correspond-
ing to reference maps where no landslides were detected (NL). Three false positives were
obtained from the images acquired on 30 May 2023 (Figure A14 in Appendix B). Figure 11
summarizes the numbers of true positive and true negative that were obtained for each
landslide.
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Figure 11. Green cell means NL and the figures are the number of indices that confirmed no landslide
presence (i.e., true negative). Red cell means YL and the figures are the number of indices that
confirmed landslide presence (i.e., true positive). NA: image not available. NMC: LPs and SPs
characterized by the different land cover in that image.

In conclusion, most indices yield true positives (70%) and true negatives (94%).
In Appendix A, the Figures A1–A11 show the methodology performed to monitor the

other landslides and, in Appendix B, Figures A12–A23 show the KGE values obtained.
The overall accuracy of each index, calculated to distinguish areas where shallow

landslides are present from those where they are absent, was given as follows [75]:

Overall Accuracy =
TP + TN

TP + FP + TN + FN
(2)

where TP is equal to true positive, FP is equal to false positive, FN is equal to false negative,
and FP is equal to false positive. Moreover, to validate the performance of the indices, the
precision was calculated using Sørensen–Dice index (SDI) according to [76,77]:

SDI =
2TP

2TP + FP + FN
(3)

Table 6 lists the indices according to their values of overall accuracy and precision that
are shown in the second and third columns, respectively.
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Table 6. The overall accuracy and precision values of selected indices.

Index Overall
Accuracy

Precision
SDI

True Positive
of 28 YL

Mean Value
of KGE

Minimum
Value of

KGE

True
Negative of

24 NL

Band Spatial
Resolutions

(Tables 3 and 4)

SAVI 1.00 1.00 28 −0.47 −0.92 24 10–20 m
RDVI 1.00 1.00 28 −0.37 −0.79 24 10–20 m
GRVI 0.98 0.98 27 −0.34 −1.06 24 10–20 m
NDVI 0.98 0.98 27 −0.49 −1.68 24 10 m
SIPI 0.94 0.95 28 −0.48 −1.88 21 10–60 m

GNDVI 0.94 0.95 26 −0.36 −0.78 23 10–20 m
DVI 0.94 0.94 25 −0.53 −1.17 24 10 m
SR 0.94 0.94 25 −0.41 −0.82 24 10–20 m

mNDVI 0.88 0.89 25 −0.57 −1.44 21 10–60 m
GDVI 0.88 0.88 23 −0.39 −1.07 23 10–20 m
EVI 0.85 0.85 23 −0.51 −1.16 21 10 m

VOG1 0.79 0.76 17 −0.23 −0.60 24 20 m
NMDI 0.75 0.70 16 −0.36 −1.00 22 10–20–60 m

Ferrous Minerals
Ratio * 0.73 0.70 15 −0.22 −0.59 24 20–60 m

IPVI 0.73 0.67 14 −0.28 −0.65 24 10–20 m
mNDVI 705 0.71 0.65 14 −0.26 −0.55 23 20 m
Clay Mineral

Ratio * 0.69 0.62 13 −0.34 −1.44 23 20–60 m

Iron Oxide * 0.67 0.56 11 −0.32 −1.21 24 20–60 m
PSRI 0.62 0.47 9 −0.22 −0.57 23 10–20 m
ARVI 0.56 0.38 7 −0.24 −0.63 22 10 m

* Soil index.

The first column of Table 6 shows the acronym of the index and the eighth column
shows the spatial resolution of the bands used to calculate it. The fourth column shows the
number of the true positive. The seventh column shows the number of the true negative.
The fifth and sixth columns show the average value and the minimum value of the KGE
obtained.

The overall accuracy and precision analysis highlighted that only SAVI, and RDVI
obtained a value equal to 1, followed by GRVI and NDVI which obtained values equal to
0.98, whereas ARVI obtained an accuracy equal to 0.56 and SDI value equal to 0.38.

Regarding the number of the true positive (i.e., the ability to detect the landslides), the
third column of Table 6 shows that SAVI, RDVI, and SIPI detected 100% of the landslides
followed by GRDVI and NDVI which detected 96% of the shallow landslides, whereas
ARVI detected 24% of the shallow landslides. Analyzing these values also shows that every
index detected an average of 69% of landslides (i.e., about 19 landslides out of 28).

Regarding the mean values of KGE, the fourth column displays that the lowest mean
value (i.e., −0.57) was retrieved from mNDVI index, following by the mean values obtained
from DVI, EVI and NDVI (about −0.50); the highest mean value (i.e., −0.22) was retrieved
from PSRI and the ferrous minerals ratio. Concerning the minimum values of KGE, the
fifth column shows that the lowest minimum values were retrieved from SIPI and NDVI
(i.e., −1.88 and −1.68, respectively), followed by the minimum values obtained from
mMDVI, and clay mineral ratio (i.e., −1,44); the highest minimum value was retrieved
from PSRI index (i.e., −0.57). Regarding true negatives (i.e., the ability to monitor the
landslides), all indices do not identify landslides where they are not present, resulting in
94% true negatives.

4. Discussion and Conclusions

To detect shallow landslides in agricultural environments in the remote images, this
research exploited some characteristics that the shallow landslides shared with buried
archaeological remains. Both landslides and buried structures alter the flow of surface
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water, creating anomalies in soil moisture content [20,21,23]. In remote images, this results
in a difference in the spectral features of landslide pixels (LPs) or OBARPs (in the case of
buried structures) and non-landslide pixels (SPs) or SBARPs (in the case of buried structures).
However, the sizes of the shallow landslides are often comparable to or smaller than the
spatial resolution of remote images, whereas the sizes of buried archaeological remains are
often comparable to or greater than the spatial resolution of remote images. Additionally,
landslides change over time due to factors such as rainfall and human activity, which alter
their presence, shape, and size. Therefore, to enhance the detection and monitoring of
shallow landslides, this research proposes an update of the methodology that was previ-
ously tested and validated for detecting numerous buried archaeological remains [26,30].
Remote sensing is widely used to monitor most environmental parameters and phenomena
(e.g., [78,79]). Identifying shallow landslides is crucial in rural areas, where records of such
events are sparse. Small-scale events are most often restored and cleared by farmers to
make the land usable again. It is noteworthy that not only the scientific community, but
also the policy-making community, recognize the importance of monitoring phenomena
and processes [80]. Additionally, many papers monitoring environmental phenomena and
parameters have utilized the Sentinel-2 sensors [78–80].

To detect known shallow landslides over time, this paper introduces an updated
methodology that assesses not only areas where shallow landslides are present, but also
areas where shallow landslides are not present. The large percentages of true positives
(70%) and true negatives (94%) highlight the robustness of the methodology in monitoring
landslides over time.

In previous studies on shallow landslides, authors detected them using photo-interpretation
of images and/or NDVI [2,3] and developed semi-automatic methods based on change
detection approaches in events where landslides with long-runout completely modified
land cover (e.g., from vegetation to bare ground) [2,4,17].

The shallow landslides in agricultural environments analyzed are characterized by
short-runout and low mobilization rate [20]. Therefore, the spectral characteristics of the
LPs are comparable to those of SPs. This work does not rely on change detection, which
takes advantage of the difference in pixel values in the images pre and post landslide, but
it compares pixel values inside and outside the landslide boundary in the same image.

The results show that the proposed methodology successfully allows for monitoring of
known shallow landslides, which have dimensions comparable to or smaller than the pixel
size of Sentinel-2 images (Table 5). The percentages of true positives and true negatives
that were obtained for landslides characterized by sizes smaller than the spatial resolution
of Sentinel-2 images are equal to 68% and 93%, respectively.

The methodology was validated using 52 reference data related to 14 shallow land-
slides monitored over time for a total of 28 landslide cases (YL) and 24 no landslide cases
(NL, Table 1). In accordance with the validation requirements, the reference data were
obtained from the GE images that have a higher spatial resolution than Sentinel-2 images
and GE images were acquired simultaneously or nearly simultaneously with the Sentinel-
2 images [43,44]. Moreover, photo-interpretation of the GE images was carried out by
experienced photo-interpreters.

To test the methodology, 20 remote sensing indices were selected (Table 6). To rank
the detection capability of the indices, the methodology calculated the parameter (i.e., the
KGE value) independent of the photo-interpreter’s skill. The KGE values revealed that
landslides are visible when the KGE value is equal to or less than zero, confirming previous
literature findings [73,74,81]. In evaluating the capability of each index, overall accuracy
and precision [75–77] were assessed. The analysis of overall accuracy values shows that
two indices reveal an accuracy equal to 1 (i.e., SAVI and RDVI) and six obtained the values
greater than 0.90 (i.e., GRVI, NDVI, SIPI, GNDVI, DVI, and SR), whereas ARVI reveals the
accuracy value equal to 0.56.

The analysis of precision values shows that two indices reveal a precision equal to
1 (i.e., SAVI and RDVI) and six obtained values greater than 0.90 (i.e., GRVI, NDVI, SIPI,
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GNDVI, DVI, and SR), whereas PSRI and ARVI reveal values less than 0.5. These values
highlight that not only the NDVI, but also other indices, are able to detect shallow landslides
and that all contribute to monitoring them over time.

The studies conducted on the detection of buried archeological remains highlighted
that not all image processing products can be successfully applied to all case studies, since
the capability to detect them on image depends on many factors [26,30]. Therefore, the
likelihood of detecting buried archaeological remains increases with the number of image
processing products evaluated. These studies confirm the findings that emerged from the
detection of shallow landslides and emphasizes the importance of analyzing many image
processing products for successful detection and monitoring of shallow landslides.

Among the indices selected and used, seventeen are vegetation indices and three
are soil indices. Vegetation indices were more able to distinguish landslide areas from
non-landslide areas (mean overall accuracy is equal to 0.85 and mean precision is equal
to 0.82) than soil indices (mean overall accuracy is equal to 0.70 and mean precision is
equal to 0.63). In this study, the overall accuracy and the precision are also influenced
by the resolution of the bands used. Specifically, soil indices use bands with resolutions
of 20–60 m, whereas vegetation indices mainly use bands with resolutions of 10–20 m.
Notably, the soil indices can detect landslides larger than 60 m resolution (Landslide ID 11)
but they failed for landslides smaller than 3600 m2.

This methodology can work on other environments, as long as each LP and SP pair is
characterized by the same land cover and land use.

The following strengths were identified using the suggested methodology: (i) the use
of free satellite images, such as Sentinel-2 images that are available under credentials at
the platform https://www.sentinel-hub.com/ (accessed on 19 April 2022), a resource for
monitoring events over time; (ii) using reference data as a starting point; (iii) the calculation
of many indices allowing for the identification of shallow landslides whose dimensions
are smaller than the spatial resolution of the images; (iv) the calculation of many indices
allowing for the identification of landslides that did not produce changes in land cover;
(v) the use of the KGE parameter allowing for the ranking of index ability on landslide
detection. However, additional research is needed to develop an automated procedure to
improve the continuous monitoring of known landslides after triggering events.

The quantitative results of the presented work show the proposed methodology’s
success in its intended objective. It also revealed the capability of many indices to identify
small and shallow landslides in agricultural environments where their detection is difficult
due to intermittent landslides caused by ploughing activity. In this way, the results extend
the use of remote sensing indices not only where the signal caused by a landslide is evident
and results in a change in land cover, but also when the marks are very subtle or almost
absent.

These findings support ongoing research, with the intention to assess the methodology
in different study areas and with different image processing products. Efforts are underway
to develop a semi-automated approach integrating the time-consuming tasks of image
acquisition, processing, index computation, and KGE analysis.
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Appendix A

The Figures A1–A11 show the methodology performed and results obtained to detect
the landslides that were marked with the numbers 2, 3, 5, 5bis, 6, 9, 15, 19, 20, 21, and 22 in
Figure 1, except for Landslides ID 4, 11, and 14, which are shown in Figures 5, 6 and 10.
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Figure A1. Methodology for monitoring Landslide ID 2. The first row (a–d) shows the GE images. 
The second row (e–h) shows the reference data where red circle shows the landslide. In the third 
row (i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid 
over Sentinel-2 images. In the second and third rows, the green frames highlight the absence of 
landslide evidence in the image and the red frames highlight the presence of landslide evidence in 

Figure A1. Methodology for monitoring Landslide ID 2. The first row (a–d) shows the GE images.
The second row (e–h) shows the reference data where red circle shows the landslide. In the third row
(i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid over
Sentinel-2 images. In the second and third rows, the green frames highlight the absence of landslide
evidence in the image and the red frames highlight the presence of landslide evidence in the image.
The last row summarizes the KGE values obtained for each image. Image coordinates were expressed
in decimal degrees.
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Figure A2. Methodology for monitoring Landslide ID 3. The first row (a–d) shows the GE images. 
The second row (e–h) shows the reference data where red circle shows the landslide. In the third 
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Figure A2. Methodology for monitoring Landslide ID 3. The first row (a–d) shows the GE images.
The second row (e–h) shows the reference data where red circle shows the landslide. In the third row
(i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid over
Sentinel-2 images. In the second and third rows, the green frames highlight the absence of landslide
evidence in the image and the red frames highlight the presence of landslide evidence in the image..
The last row summarizes the KGE values obtained for each image. Image coordinates were expressed
in decimal degrees.
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Figure A3. Methodology for monitoring Landslide ID 5. The first row (a–d) shows the GE images. 
The second row (e–h) shows the reference data where red circle shows the landslide. In the third 
row (i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid 
over Sentinel-2 images. In the second and third rows, the green frames highlight the absence of 
landslide evidence in the image and the red frames highlight the presence of landslide evidence in 
the image. The last row summarizes the KGE values obtained for each image. Image coordinates 
were expressed in decimal degrees. 

Figure A3. Methodology for monitoring Landslide ID 5. The first row (a–d) shows the GE images.
The second row (e–h) shows the reference data where red circle shows the landslide. In the third row
(i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid over
Sentinel-2 images. In the second and third rows, the green frames highlight the absence of landslide
evidence in the image and the red frames highlight the presence of landslide evidence in the image.
The last row summarizes the KGE values obtained for each image. Image coordinates were expressed
in decimal degrees.
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Figure A4. Methodology for monitoring Landslide ID 5 bis. The first row (a–c) shows the GE images. 
The second row (d–f) shows the reference data where red circle shows the landslide. In the third 
row (g–i), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were 
laid over Sentinel-2 images. In the second and third rows, the green frames highlight the absence of 
landslide evidence in the image and the red frames highlight the presence of landslide evidence in 
the image. Green frames highlight the absence of landslide evidence and the red frames highlight 
the presence of landslide evidence in the image. The last row summarizes the KGE values obtained 
for each image. Image coordinates were expressed in decimal degrees. 

Figure A4. Methodology for monitoring Landslide ID 5 bis. The first row (a–c) shows the GE images.
The second row (d–f) shows the reference data where red circle shows the landslide. In the third row
(g–i), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid over
Sentinel-2 images. In the second and third rows, the green frames highlight the absence of landslide
evidence in the image and the red frames highlight the presence of landslide evidence in the image.
Green frames highlight the absence of landslide evidence and the red frames highlight the presence
of landslide evidence in the image. The last row summarizes the KGE values obtained for each image.
Image coordinates were expressed in decimal degrees.
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row (i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid 
over Sentinel-2 images. In the second and third rows, the green frames highlight the absence of 
landslide evidence in the image and the red frames highlight the presence of landslide evidence in 
the image. The last row summarizes the KGE values obtained for each image. Image coordinates 
were expressed in decimal degrees. 

Figure A5. Methodology for monitoring Landslide ID 6. The first row (a–d) shows the GE images.
The second row (e–h) shows the reference data where red circle shows the landslide. In the third row
(i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid over
Sentinel-2 images. In the second and third rows, the green frames highlight the absence of landslide
evidence in the image and the red frames highlight the presence of landslide evidence in the image.
The last row summarizes the KGE values obtained for each image. Image coordinates were expressed
in decimal degrees.
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Figure A6. Methodology for monitoring Landslide ID 9. The first row (a–c) shows the GE images. 
The second row (d–f) shows the reference data where red circle shows the landslide. In the third 
row (g–i), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were 
laid over Sentinel-2 images. In the second and third rows, the green frames highlight the absence of 
landslide evidence in the image and the red frames highlight the presence of landslide evidence in 
the image The last row summarizes the KGE values obtained for each image. Image coordinates 
were expressed in decimal degrees. 

Figure A6. Methodology for monitoring Landslide ID 9. The first row (a–c) shows the GE images.
The second row (d–f) shows the reference data where red circle shows the landslide. In the third row
(g–i), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid over
Sentinel-2 images. In the second and third rows, the green frames highlight the absence of landslide
evidence in the image and the red frames highlight the presence of landslide evidence in the image
The last row summarizes the KGE values obtained for each image. Image coordinates were expressed
in decimal degrees.
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Figure A7. Methodology for monitoring Landslide ID 15. The first row (a–d) shows the GE images. 
The second row (e–h) shows the reference data where red circle shows the landslide. In the third 
row (i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid 
over Sentinel-2 images. In the second and third rows, the green frames highlight the absence of 
landslide evidence in the image and the red frames highlight the presence of landslide evidence in 
the image. The last row summarizes the KGE values obtained for each image. Image coordinates 
were expressed in decimal degrees. 

Figure A7. Methodology for monitoring Landslide ID 15. The first row (a–d) shows the GE images.
The second row (e–h) shows the reference data where red circle shows the landslide. In the third row
(i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid over
Sentinel-2 images. In the second and third rows, the green frames highlight the absence of landslide
evidence in the image and the red frames highlight the presence of landslide evidence in the image.
The last row summarizes the KGE values obtained for each image. Image coordinates were expressed
in decimal degrees.
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Figure A8. Methodology for monitoring Landslide ID 19. The first row (a–c) shows the GE images. 
The second row (d–f) shows the reference data where red circle shows the landslide. In the third 
row (g–i), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were 
laid over Sentinel-2 images. In the second and third rows, the green frames highlight the absence of 
landslide evidence in the image and the red frames highlight the presence of landslide evidence in 
the image. The last row summarizes the KGE values obtained for each image. Image coordinates 
were expressed in decimal degrees. 

Figure A8. Methodology for monitoring Landslide ID 19. The first row (a–c) shows the GE images.
The second row (d–f) shows the reference data where red circle shows the landslide. In the third row
(g–i), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid over
Sentinel-2 images. In the second and third rows, the green frames highlight the absence of landslide
evidence in the image and the red frames highlight the presence of landslide evidence in the image.
The last row summarizes the KGE values obtained for each image. Image coordinates were expressed
in decimal degrees.
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Figure A9. Methodology for monitoring Landslide ID 20. The first row (a–d) shows the GE images. 
The second row (e–h) shows the reference data where red circle shows the landslide. In the third 
row (i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid 
over Sentinel-2 images. In the second and third rows, the green frames highlight the absence of 
landslide evidence in the image and the red frames highlight the presence of landslide evidence in 
the image. The last row summarizes the KGE values obtained for each image. Image coordinates 
were expressed in decimal degrees. 

Figure A9. Methodology for monitoring Landslide ID 20. The first row (a–d) shows the GE images.
The second row (e–h) shows the reference data where red circle shows the landslide. In the third row
(i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid over
Sentinel-2 images. In the second and third rows, the green frames highlight the absence of landslide
evidence in the image and the red frames highlight the presence of landslide evidence in the image.
The last row summarizes the KGE values obtained for each image. Image coordinates were expressed
in decimal degrees.
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Figure A10. Methodology for monitoring Landslide ID 21. The first row (a–c) shows the GE images. 
The second row (d–f) shows the reference data where red circle shows the landslide. In the third 
row (g–i), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were 
laid over Sentinel-2 images. In the second and third rows, the green frames highlight the absence of 
landslide evidence in the image and the red frames highlight the presence of landslide evidence in 
the image. The last row summarizes the KGE values obtained for each image. Image coordinates 
were expressed in decimal degrees. 

Figure A10. Methodology for monitoring Landslide ID 21. The first row (a–c) shows the GE images.
The second row (d–f) shows the reference data where red circle shows the landslide. In the third row
(g–i), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid over
Sentinel-2 images. In the second and third rows, the green frames highlight the absence of landslide
evidence in the image and the red frames highlight the presence of landslide evidence in the image.
The last row summarizes the KGE values obtained for each image. Image coordinates were expressed
in decimal degrees.



Remote Sens. 2024, 16, 2286 32 of 41
Remote Sens. 2024, 16, 2286 32 of 41 
 

 

 
Figure A11. Methodology for monitoring Landslide ID 22. The first row (a–d) shows the GE images. 
The second row (e–h) shows the reference data where red circle shows the landslide. In the third 
row (i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid 
over Sentinel-2 images. In the second and third rows, the green frames highlight the absence of 
landslide evidence in the image and the red frames highlight the presence of landslide evidence in 
the image. The last row summarizes the KGE values obtained for each image. Image coordinates 
were expressed in decimal degrees. 
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The KGE values obtained to detect and monitor the landslides that were marked with 

the 2, 3, 4, 5, 5bis, 6, 9, 15, 19, 20, 21, and 22 numbers in Figure 1, except for the Landslides 
ID 11 and 14 that are shown in Figure 7a,b. 

Figure A11. Methodology for monitoring Landslide ID 22. The first row (a–d) shows the GE images.
The second row (e–h) shows the reference data where red circle shows the landslide. In the third row
(i–l), the yellow polygons indicate the LPs and the blue polygons indicate the SPs that were laid over
Sentinel-2 images. In the second and third rows, the green frames highlight the absence of landslide
evidence in the image and the red frames highlight the presence of landslide evidence in the image.
The last row summarizes the KGE values obtained for each image. Image coordinates were expressed
in decimal degrees.

Appendix B

The KGE values obtained to detect and monitor the landslides that were marked with
the 2, 3, 4, 5, 5bis, 6, 9, 15, 19, 20, 21, and 22 numbers in Figure 1, except for the Landslides
ID 11 and 14 that are shown in Figure 7a,b.
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Figure A12. KGE values calculated from the indices to monitor the Landslide ID 2. Values of KGE, 
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which 
were highlighted on the y-axis. The lowest value of KGE was highlighted. 

 
Figure A13. KGE values calculated from the indices to monitor the Landslide ID 3. Values of KGE, 
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which 
were highlighted on the y-axis. The lowest values of KGE were highlighted. 

Figure A12. KGE values calculated from the indices to monitor the Landslide ID 2. Values of KGE,
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which
were highlighted on the y-axis. The lowest value of KGE was highlighted.

Remote Sens. 2024, 16, 2286 33 of 41 
 

 

 
Figure A12. KGE values calculated from the indices to monitor the Landslide ID 2. Values of KGE, 
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which 
were highlighted on the y-axis. The lowest value of KGE was highlighted. 
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Figure A13. KGE values calculated from the indices to monitor the Landslide ID 3. Values of KGE,
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which
were highlighted on the y-axis. The lowest values of KGE were highlighted.
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Figure A14. KGE values calculated from the indices to monitor the Landslide ID 4. Values of KGE, 
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which 
were highlighted on the y-axis. The lowest values of KGE were highlighted. 

 

Figure A15. KGE values calculated from the indices to monitor the Landslide ID 5. Values of KGE, 
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which 
were highlighted on the y-axis. The lowest value of KGE was highlighted. 

Figure A14. KGE values calculated from the indices to monitor the Landslide ID 4. Values of KGE,
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which
were highlighted on the y-axis. The lowest values of KGE were highlighted.
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Figure A15. KGE values calculated from the indices to monitor the Landslide ID 5. Values of KGE, 
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which 
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Figure A15. KGE values calculated from the indices to monitor the Landslide ID 5. Values of KGE,
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which
were highlighted on the y-axis. The lowest value of KGE was highlighted.
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Figure A16. KGE values calculated from the indices to monitor the Landslide ID 5bis. Values of KGE, 
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which 
were highlighted on the y-axis. The lowest values of KGE were highlighted. 

 
Figure A17. KGE values calculated from the indices to monitor the Landslide ID 6. Values of KGE, 
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which 
were highlighted on the y-axis. The lowest values of KGE were highlighted. 

Figure A16. KGE values calculated from the indices to monitor the Landslide ID 5bis. Values of KGE,
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which
were highlighted on the y-axis. The lowest values of KGE were highlighted.
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Figure A17. KGE values calculated from the indices to monitor the Landslide ID 6. Values of KGE,
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which
were highlighted on the y-axis. The lowest values of KGE were highlighted.
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Figure A18. KGE values calculated from the indices to monitor the Landslide ID 9. Values of KGE, 
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which 
were highlighted on the y-axis. The lowest value of KGE was highlighted. 

 
Figure A19. KGE values calculated from the indices to monitor the Landslide ID 15. Values of KGE, 
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which 
were highlighted on the y-axis. The lowest values of KGE were highlighted. 

Figure A18. KGE values calculated from the indices to monitor the Landslide ID 9. Values of KGE,
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which
were highlighted on the y-axis. The lowest value of KGE was highlighted.
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Figure A19. KGE values calculated from the indices to monitor the Landslide ID 15. Values of KGE,
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which
were highlighted on the y-axis. The lowest values of KGE were highlighted.
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Figure A20. KGE values calculated from the indices to monitor the Landslide ID 19. Values of KGE, 
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which 
were highlighted on the y-axis. The lowest values of KGE were highlighted. 

 
Figure A21. KGE values calculated from the indices to monitor the Landslide ID 20. Values of KGE, 
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which 
were highlighted on the y-axis. The lowest values of KGE were highlighted. 

Figure A20. KGE values calculated from the indices to monitor the Landslide ID 19. Values of KGE,
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which
were highlighted on the y-axis. The lowest values of KGE were highlighted.
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Figure A21. KGE values calculated from the indices to monitor the Landslide ID 20. Values of KGE,
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which
were highlighted on the y-axis. The lowest values of KGE were highlighted.
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Figure A22. KGE values calculated from the indices to monitor the Landslide ID 21. Values of KGE, 
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which 
were highlighted on the y-axis. The lowest values of KGE were highlighted. 

 
Figure A23. KGE values calculated from the indices to monitor the Landslide ID 22. Values of KGE, 
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which 
were highlighted on the y-axis. The lowest values of KGE were highlighted. 

Figure A22. KGE values calculated from the indices to monitor the Landslide ID 21. Values of KGE,
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which
were highlighted on the y-axis. The lowest values of KGE were highlighted.
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Figure A23. KGE values calculated from the indices to monitor the Landslide ID 22. Values of KGE,
shown on the x-axis, calculated from remote sensing indices obtained from Sentinel-2 images, which
were highlighted on the y-axis. The lowest values of KGE were highlighted.
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