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Abstract. Remote sensing methods enable the rapid study of large, hard-to-reach areas prone to hazardous gravi-
tational geological processes (landslides, rockfalls). Regional mapping of high-risk landslide areas based on satellite
remote sensing data is already well-developed. In recent decades, the theory and practice of using unmanned aerial
vehicle (UAV) technologies for remote sensing have rapidly evolved. In both cases, multispectral survey data and dig-
ital elevation models are used to analyze geological risks. The purpose of the presented research is to compare the
results of landslide susceptibility mapping based on available satellite data and unmanned aerial vehicles data and
to identify the advantages and limitations of both methods. The key predictors for satellite data (slope angles, profile
curvature, normalized difference vegetation index, wetness index and length-slope factor) were derived from ALOS
AW3D30 digital evaluation models and Sentinel-2 data. Unmanned aerial vehicle data were obtained using a photo-
grammetric method with multispectral cameras. To determine the weights of factors, the analytical hierarchy process
was used through pairwise comparisons. Landslide susceptibility maps were generated for the same area using QGIS.
The comparative analysis has clearly demonstrated how differences in input data resolution and survey methodology
impact the predictive value of the results. The major finding is that due to resolution generalization (in the case of
satellite imagery) small, unstable rock blocks can artificially increase the vulnerability of adjacent slopes, on the other
hand, some small, but hazardous rocks can remain completely unnoticed. At the same time, it is shown that high-reso-
lution data from unmanned aerial vehicles do not replace satellite remote sensing data, but rather complement it. The
methods serve different spatial scales and research objectives. The results confirm that satellite data and data from
unmanned aerial vehicles should be complementary. Satellite data are suitable for regional landslide susceptibility
mapping, while data from unmanned aerial vehicles are essential for detailed studies of individual areas identified
using satellite data. Therefore, a hybrid methodology is recommended: satellite data for the initial zoning of hazardous
areas, and data from unmanned aerial vehicles for the detailed study of hazardous areas.
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CpaBHUTeNbHasA oueHKa MH(POPMATUBHOCTU CMYTHUKOBbIX
AaHHbIX U AaHHbIX ¢ 6eCNUNOTHbIX NeTaTeNbHbIX annapaToB
Npu pelleHUn 3aga4 KapTUPOBaHUSI ONONI3HEBOW OMACHOCTHU
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Pe3rome. cnonb3oBaHne MeTodoB AWCTAHLMOHHOIO 30HAMPOBAHWUSA 3emnivM No3BOnsieT ObICTPO u3dyyatb Gonbluve
no nnowaamn n TPYAHOO4OCTYMHbIE TEPPUTOPUN, B Npeaenax KoTopbiX MOryT NPOMCXOANTb ONacHbI€ rpaBUTALMOHHbIE
reonorvyeckne npoueccol (onon3Hu, kamHenaabl). KapTuposaHue onons3HeBbIX 30H HA OCHOBE CMYTHUKOBbLIX JAHHbIX
B pernoHansHoM maclitabe Ha CErofHsILLHUI AEHb YXe XOPOLLO pa3BUTO Ha npakTuke. B nocnegHue gecatunetus
CTPEMUTENBHO Pa3BUBAKOTCHA TEOPUSA U MPaAKTMKA NMPUMEHEHUA TEXHOMOrnn 6ecnunoTHbLIX NneTaTeNbHbIX annapaTos
Onst AUCTaHUMOHHOIO 30HAMpoBaHusa 3emnu. B oboux crnyyasax ans aHanmsa reopuckoB UCMOSNb3YHTCA MYNbTUCMNEK-
TpanbHble AaHHble U uudpoBble mogenu penbeda. Lienblo gaHHOro nccrnefoBaHus sSIBNAETCA CPaBHUTENbHbIM aHa-
N3 pes3ynbTaToB KapTMPOBaHUSA OMOM3HEBOW OMACHOCTW, MOMYYEHHbIX HAa OCHOBE OOLEAOCTYMHbIX CMYTHUKOBbIX
JaHHbIX U OaHHbIX ¢ 6ecnunoTHbLIX NeTaTenbHbIX annapatoB, W BbISIBIIEHWE NPEUMYLLECTB U OrpaHnvyeHuin obemnx
meToauk. Knouesble npeamkTopbl (Yribl YKIOHA CKITOHOB, NPOMUbHAs KpUBM3HA, HOPMArM30BaHHbIN OTHOCUTENb-
HbI MHAEKC PacTUTENbHOCTU, UHOEKC BNAXHOCTU U KOIPMDULMEHT ANMHBI-YKIOHA) ANs1 CMYTHUKOBBLIX AaHHbIX Oblnn
nony4yeHbl 13 umMdpoBbix Mmogenen penbeda ALOS AW3D30 1 gaHHbix Sentinel-2. [JaHHble ¢ 6eCnMNOTHbLIX NeTaTenb-
HbIX annapaToB ObINKM Nony4YeHbl POTOrpaMMeTPUYECKMM METOLOM C MOMOLLbI0 MYNBTUCNEKTParnbHbIX oToKamep.
[nsa onpeneneHvs BeCoB (hakTOPOB MPUMEHSNCA METOA aHanuMTUYEeCcKOW Mepapxum Yyepes3 nonapHble CPaBHEHWUS.
CpenctBamum QGIS nocTpoeHbl kKapTbl PUCKOB OMOM3HEBbLIX MPOLECCOB AJ19 OAHOrO M TOrO Xe yvacTka TeppuTopun.
CpaBHUTENbBHBLIN aHanM3 HarnsagHo nokasasn, Kak pasnuvyne B paspelleHUn BXOAHbIX AaHHbIX U METOAMKE CbeMOK
BMMSIET Ha MPOTrHOCTMYECKYI0 LeHHOCTb pedynbratoB. OCHOBHOWM BbIBOA: M3-3a reHepanuaauum no paspelueHuio (B
crny4ae CnyTHUKOBbIX CbeMOK) HebormnbLLMe HeYCTONYMBbLIE CKarbHble Brioku MOryT NMbo MCKYCCTBEHHO YBENU4YMBaTb
YSI3BUMOCTb NpUnerawLmnx cKIoHoB, MO0 ocTaBaTbCs MOMHOCTLI HE3aMeyeHHbIMU. B To ke Bpems nokasaHo, 4YTo
[JaHHble BbICOKOrO paspelleHuss ¢ 6ecnnnoTHbIX NneTaTtenbHbIX annapaToB HE 3aMEeHSAT AaHHble CMYTHUKOBbLIX AUC-
TaHUMOHHbIX 30HAMPOBaHMI 3eMnu, a JOMOMHSAKT UX, METOAbI Cry>aT pasHbiM NPOCTPaHCTBEHHbIM MacluTabam pa-
60T 1 nccrnepgoBaTenbCckMM 3agadvam. PesynbraTel NOATBEPXKAAOT, YTO CMYTHMKOBbIE AaHHbIE U AaHHble ¢ 6ecnunoT-
HbIX NeTaTenbHbIX annapaToB AOMKHbI ObITb KOMMeMeHTapHbl. CNyTHUKOBbIE AaHHbIE MOAXOAAT ANSA PErMoHanbsHOro
KapTMpoBaHus moaenu nosepxHoctu 3emnu (Landslide Susceptibility Mapping), a AaHHble ¢ 6ecnMnoTHLIX NneTaTenb-
HbIX annapaToB HeobxoAuMbl AN AeTanbHbIX UCCMEeAOBaHUIA OTAENbHbIX YY4aCTKOB, BblAEMEHHbIX MO CMYTHUKOBbLIM
OaHHbIM. PekomeHayeTcsa rubprvaHas MeToaonorns: KoCMuiyeckue gaHHble — AN NepBUYHOrO 30HMPOBAHNSA OMACHbIX
30H, a 6ecnunoTHble neTaTenbHble annapartbl — AN AeTanbHOro U3yYeHWsi ONacHbIX y4acTKOB.

Knroueenle croea: KapTMpoBaHWE OMON3HEBOW OMAaCHOCTM, CMYTHUKOBOE AMCTaHLIMOHHOE 30HAMpoBaHe 3emnu, 6ecnu-
NOTHbIN NeTaTenbHbIii annapart, ANCTaHUMOHHOe 30HAMPOBaHMeE 3emMnu

Ans yumupoearus: NaHTumypoBa C.A., MapwuH A.B., XyaH I, In L., L3uH L., 3anyukuin B.T. CpaBHUTENbHAsA OLEHKa
WMH(OPMATMBHOCTY CMYTHUKOBBIX AAHHbIX U AaHHbIX ¢ 6ECNMNOTHBLIX NeTaTesbHbIX annapaToB Npy peLleHnn 3aaad Kap-
TMPOBaHUS ononsHeBomn onacHocTtu // Hayku o 3emne n Hegpononb3oBaHue. 2026. T. 49. Ne 1. C. 96—-110. https://doi.org/
10.21285/2686-9993-2026-49-1-8.

Introduction age. Inventory and mapping of landslides on

Landslides are exogenous geological pro-
cesses that pose a serious danger to infrastruc-
ture and human health. Rockfalls, scree and
landslides occurring in populated and built-up
areas can lead to considerable financial dam-

different scales is an important direction of
fundamental and applied research. Landslide
susceptibility mapping (LSM) is a valuable tech-
nique for delineation of landslide-prone areas,
which is based on a factor analysis considering
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the contribution of topographic, geological, hy-
drological and land cover conditions [1, 2]. The
output maps allow development of proactive
mitigation strategies to prevent or minimize eco-
nomic losses and threats to human life.

The primary data sources for LSM include
landslide inventory data, conditioning factor
data (environmental and topographic variables),
and triggering factor data (precipitation, seis-
mic activity etc.). These data can be obtained
through field surveys, existing geospatial data-
bases or remote sensing.

Traditional landslide susceptibility mapping
relies primarily on direct observation and manual
interpretation of terrain features. Field mapping
involves direct examination of landslide mor-
phology, lithology, and structural discontinuities,
providing high accuracy at a local scale but lim-
ited spatial coverage, especially in hard-to-reach
areas [3].

The use of remote sensing methods to de-
tect unstable slopes has several advantages
over field surveys [3-5]. Satellite data for LSM
are widely used. It has a great coverage, multi-
temporal images and data up to 10 m reso-
lution are free-access and covered globally.
Sentinel-2 multispectral imagery is utilized in
numerous scientific studies [6—9]. Global digital
elevation models (DEMs) are in high demand as
a product for research in geomorphology and
geology due to its availability. Among the most
frequently used spaceborne DEMs are ASTER
and SRTM [10]. Although landform changes oc-
cur slowly, studying exogenous geological pro-
cesses, which can happen rapidly, requires up-
to-date data. AW3D30 data set is a global DEM
with a horizontal resolution of 30 metres. It is
provided by the Panchromatic Remote-Sensing
Instrument for Stereo Mapping (PRISM), an op-
tical sensor aboard the Advanced Land Observ-
ing Satellite (ALOS), which is available for use
free of charge [10, 11]. Issues with timely data
acquisition and interference from atmospheric
conditions are some limitations of spaceborne
data [12].

Multispectral and radar satellite remote sens-
ing data are often used to study hazardous slope
gravity processes at the regional level, since the
advantage of satellite data is the accessibility of
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any territory. However, low-resolution maps can
underestimate the risk in potentially unstable
areas. Therefore, more sophisticated predictive
modelling and validation tools are needed to
improve the reliability of maps and minimize
future impacts. There is plenty of commercially
available high-resolution satellite imagery that
provides the necessary spatial detail. Although,
significant problem with using high-resolution
commercial satellite imagery (0.3—0.5 m) is the
so-called “overhead of unnecessary territory”.
Such data is distributed not as individual points,
but in minimal scenes — for example, 25 or even
100 km?2. As a result, if the zone of interest is
a linear feature (such as a landslide slope or a
slide furrow) measuring only 0.5 km?, payment
is still required for the entire scene, regardless
of the actual area of interest. This results in the
cost of useful data being artificially inflated by
50-200 times compared to the actual survey
area [13]. This creates a significant disadvan-
tage over UAV surveys, where the operator in-
curs costs only for a precisely defined area of
interest.

In recent years, the rapid development of
low-cost and small-sized unmanned aerial ve-
hicles (UAV), coupled with improvements in the
cost and size of traditional sensors, has led to
the emergence of innovative and promising ar-
eas in the field of environmental remote sensing,
surface modelling and monitoring [4]. Remote
sensing using UAVs offers several advantages,
including real-time application, flexible survey
planning, high resolution, and the capability to
gather information in hazardous conditions with-
out posing a risk to the environment [5]. UAVs
are effective for conducting detailed studies of
small areas, but unsuitable for regional map-
ping. However, for linear objects such as pipe-
lines, roads or coastal lines, UAVs can be an a
highly suitable and effective tool for monitoring
and inspection.

Both sources of land surface data have a
number of advantages and limitations. The
choice depends on many factors and research
objectives. Although many studies address data
quality and intercomparisons of space-based
systems (e.g., ASTER, SRTM, ALOS AW3D30),
the overwhelming maijority focus on medium- or
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high-resolution satellite imagery [10, 11]. Far
less attention has been paid to comparing sat-
ellite data with high-resolution UAV data, and
studies that do so within a single methodologi-
cal pipeline for landslide susceptibility mapping
remain exceptionally rare.

Given research aimed to compare the use
of accessible low-resolution satellite data and
high-resolution UAV data for LSM, explore the
advantages and limitations in a specific case,
examine practical applicability. Landslides as a
geological hazard: need for accurate suscep-
tibility maps.

Materials and methods

Study area. The Circum-Baikal Railway
is located in the Irkutsk region of Russia; its
construction began in the late 19th century.
Currently, it is used primarily for tourism. The
railway tracks are located on a bluff surround-
ed on one side by the shoreline of Lake Baikal
and on the other by steep cliffs reaching an
angle of 80 degrees. During the construction of
the Circum-Baikal Railway, blasting operations
were used, which disrupted the natural terrain
and increased the likelihood of rock slides and
avalanches.

The Baikal region is characterized by com-
plex engineering and geological conditions. The
Irkutsk block of the Sharyzhalgay indentation of
the Siberian Platform is located along the shores
of Lake Baikal, on an 80-kilometer section of
the Circum-Baikal Railway. It is composed of
metamorphosed igneous and sedimentary rocks:
gneisses, metabasites, schists, marbles, and
quartzites. The degree of metamorphism varies
from amphibolite to granulite facies. The age
of Archean rocks is 3.9-2.9 billion years, and
that of Paleoproterozoic rocks is 3.1-2.4 billion
years. The region is characterized by the poly-
cyclic development of endogenous processes.
The Baikal region is located in the permafrost
zone (the frozen ground thickness on the coast
is up to 10 meters). The relief is erosional and
denudational, with narrow valleys and gorges,
and the coast is structurally abrasive. Danger-
ous geomorphological processes are actively
developing here: linear erosion and gravitational
slope phenomena.
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The climate is temperate, sharply conti-
nental: winters are cold and long (6—7 months,
with an average January temperature of
-25...-30°C, and an absolute minimum of -61°C),
while summers are warm but short (15 to 20°C).
The transitional seasons are short. Spring and
early summer are dry, with most precipitation
falling in the second half of summer (2-3 times
more in summer than in winter). There are many
sunny days. Snow cover by early March does
not exceed 20 cm, with more than 50 cm on
leeward slopes.

Soils are varied: permafrost-taiga and moun-
tain podzolic soils predominate, while rocky al-
pine tundra soils are found in the upper moun-
tains. Vegetation consists primarily of coniferous
and small-leaved forests (larch, pine, cedar,
spruce, fir, and birch).

Mapping of modern landslide processes in
the study area was conducted primarily at a
small scale. A map of hazardous landslide pro-
cesses was created at a scale of 1:200,000,
based on topographic and geological maps,
as well as interpretation of 30-meter-resolution
Landsat images [14]. This level of mapping detail
may be sufficient for regional planning purpos-
es. However, to study small hazardous areas
and accurately map the spatial distribution of
landslides, larger-scale studies are necessary.

Satellite data. The research utilized up-to-
date spaceborne data, which were available at
no cost. Morphometric data for region of interest
were obtained from the AW3D30 (DEM) with a
resolution of 30 m, generated from stereo im-
agery collected by the Panchromatic Remote-
Sensing Instrument for Stereo Mapping (PRISM)
aboard the Advanced Land Observing Satel-
lite (ALOS) (Fig. 1). Additionally, 10 m resolution
Sentinel-2 imagery, encompassing red, blue,
green, and near-infrared bands, was employed
for the calculation of spectral indices and for the
visual interpretation of the study area (Fig. 2).

Unmanned aerial vehicle data. To obtain the
geospatial data necessary for creating a DEM
and calculating parameters related to the risk
of landslides, a hexacopter with a mounted
multispectral camera MAPPIR2 was used. The
shooting was carried out at a height of 125 m
above the ground, shooting from two camera an-

|99


www.nznj.ru

Earth sciences and subsoil use / ISSN 2686-9993 (print), 2686-7931 (online) &

2026;49(1):96-110 I

gles of 45 and 90 (nadir) degrees. The resulting
images have the resolution of 10 cm per pixel.
The survey followed a network of parallel routes,
achieving a longitudinal overlap of 70-80% and
a transverse overlap of 60-70% between frames.
This approach facilitates the 3D reconstruction of
the terrain using image-matching algorithms. Af-
ter the initial processing of the UAV survey data,
photogrammetric processing of the obtained im-
ages was carried out using the Structure from
Motion algorithm. The obtained results include:
DEM (Fig. 3), orthomosaic (Fig. 4), point cloud,
textured model (Fig. 5).

Methods. Landslide Susceptibility Map-
ping (LSM) using the Analytical Hierarchy
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103°55’ 103°55

103°55’
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Process (AHP) became a popular and reliable
GIS-based, multi-criteria decision-making
method used to identify areas vulnerable to
landslides [3, 15-18]. AHP methos determines
relative weights for causative factors through
pairwise comparisons. Typical variables for LSM
models are elevation, slope angle, aspect, cur-
vature, lithology, distance to roads, distance
to rivers, and land use/land cover [19]. In or-
der to implement LSM five conditioning factors
were derived from spaceborne and UAV data
in QGIS (Fig. 6, 7):

1. Slope angle is directly influences gravita-
tional shear stress, runoff velocity, and soil/rock
stability [17]. The occurrence of rockfalls and

Elevation, m

900

400

103°56’ 103°56’

Fig. 1. Digital elevation model of the study area based on AW3D30 data
Puc. 1. Quegppoeasi modesnb penbegha y4acmka rno 0aHHbim AW3D30

51°45’

51°44’

103°55’

103°55

103°55’

103°56 103°56’

Fig. 2. RGB composite based on Sentinel-2 satellite system data
Puc. 2. RGB-komno3um no daHHbIM crlymHukoeol cucmemsbi Sentinel-2
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Fig. 3. Digital elevation model derived from unmanned aerial vehicle imagery
Puc. 3. Qugppoeasi Modernb penbegha no 0aHHbIM CbeMKU ¢ 6ecnusiomHo20 JlemamesibHO20 annapama

A

51°45’

51°45’

51°44’ -

103°55’ 103°55’ 103°55’ 103°55’ 103°55’
Fig. 4. Orthomosaic (derived from unmanned aerial vehicle imagery)
Puc. 4. OpmoghomonsaH (Mo daHHbIM CbeMKU ¢ 6ecrusiomHo20 JlemamesibHO20 annapama)

0 200 400 m

Fig. 5. Front view of the textured site model (derived from unmanned aerial vehicle imagery)
Puc. 5. Bud cnepedu Ha mekcmypuposgaHHyt Modesb y4yacmka pabom
(no daHHbIM cbeMKu ¢ 6ecrnusomHo20 JlemamesibHO20 annapama)
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landslides is directly related to slope steepness,
so slope angle is a key factor in modeling. As
the slope angle gets steeper, the gravitational
force acting on the rocks also increases, which
raises the likelihood of a collapse.

2. Profile curvature is negative for slope
increasing downhill (convex flow profile, typ-
ical of upper slopes) and positive for slope
decreasing downhill (concave, typical of lower
slopes). Research indicates that while concave
slopes can be areas of lower instability, rock-
falls are more common on convex slopes. For
convex-shaped slopes, a turning corner usually
has negative effects on stability, especially
when the corner is relatively small and the
thinner exposed slope mass greatly reduced
the slope stability [20].

3. LSF (Length-Slope Factor) represents the
power of overland flow and the influence of to-
pography on soil erosion risk. It is usually used
in soil erosion assessment models (e.g., USLE
and RUSLE). The longer and steeper the slope,
the higher the velocity and volume of surface
runoff, and the more soil is lost [21].

4. WI (Wetness Index) serves as an indi-
cator of soil saturation; the Wl is calculated as

B <10
110-20
[7 20-30
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e —
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B >40 51°44"
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the natural logarithm of the ratio between the
drainage area and the slope. A higher index
value correlates with increased soil moisture
content. Furthermore, the WI highlights drain-
age directions that align with preferred paths
for landslides [3].

5. NDVI (Normalized Difference Vegetation
Index) is a popular vegetation index, that was
adopted to identify areas covered by vegetation
and bare soil. Land cover factor is significant
to consider, as soil strength is enhanced by the
presence of roots and the binding of soil layers.
Thus, surfaces not covered by vegetation are
more susceptible to landslides [22].

Authors used the same AHP models for sat-
ellite based and UAV bases data analysis. For
determination how much more important one
factor is than another pairwise comparison was
carried out (Table 1).

The factors involved have different scales
and prior to weighed sum calculation, it is es-
sential to normalize the values. To accomplish
this, a reclassification was conducted in accor-
dance with Table 2.

The final calculation was carried out in QGIS
using the following equation:

Profile
curvature

= 0.02
-0.02

103°55 103°55’ 103°55’ 103°56° 103°56°

Wetness index

22.216228
-17.184662

103°55

103°55 103°55 103°56’ 103°56

Normalized difference
vegetation index

102

Fig. 6. Satellite-derived maps of environmental factors
Puc. 6. Kapmbi ¢ghakmopoe, enusiroujux Ha ycrioeusi okpyxaroujeli cpedbl,
rnoJsly4YeHHbIe Ha OCHO8€e CIMYMHUKO8bIX OaHHbIX
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Fig. 7. UAV-derived maps of flight environment factors

Puc. 7. Kapmsbi (bakmopoe, eJlusgrwux Ha ycsioeus nosiema, noJjiy4eHHble
Ha ocHoge OaHHbIX CbeMKU ¢ 6ecnusiomHo20 ilemameJsibHo20 annapama

Tabnuua 1. MaTpuua nonapHOro cpaBHeHUA U BecoBble Ko3dpuumneHTbl hakTopoB
Table 1. Pairwise comparison matrix and factor weighting coefficients

Normalized Wetness Profile Length-slope
Factor Slope difference ) g P Weight Ratio, %
L index curvature factor
vegetation index
Slope 1.00 3.00 4.00 5.00 6.00 0.48 48
Normalized
difference 0.33 1.00 2.00 3.00 4.00 0.21 21
vegetation index
Wetness index 0.25 0.50 1.00 2.00 3.00 0.13 13
Profile curvature 0.20 0.33 0.50 1.00 2.00 0.09 9
Length-slope | 47 0.25 0.33 0.50 1.00 0.06 6
factor
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Susceptibility Index =
= (Slopeyeign: * SIOPEregass) +
+ (LSFweignt * LSFrecrass) *
+ (Curvature ygn X Curvaturepyy.ss) +
+ (Wetness g X Wetnessg,as) +
+ (NDVlyeigne X NDVlgegpass).

Results and discussion
The thematic map of LS spatial distribution
was generated and then, it was categorized in
five classes (Fig. 8, 9).

Table 2. Principles of reclassification
Tabnuua 2. MpuHUMnbI nepeknaccudmrkaumm

Hayku o 3emne n Hegpononb3osaHue / ISSN 2686-9993 (print), 2686-7931 (online)

Upon visual inspection and superposition
of the two final maps, it was revealed that the
hazardous zones are spatially located similarly,
but the area of the zones differs. Obviously, the
reason of this mismatch is different resolution
of the DEMs. Spatial resolution limits satellite’s
ability to detect precise borders of high suscep-
tibility zones. Sharp topographic discontinuities
that usually signal unstable slope sections are
smoothed out by low-resolution DEMs since
they average variables across pixels.

Factor Class range Susceptibility score (1-5)
0-10° (flat) 1 (low risk)
10-20° 2
Slope 20-30° 3
30-40° 4
>40° (steep) 5 (high risk)

Normalized difference

High green (dense forest)

1 (low risk — protection)

vegetation index

Low/bare soil

5 (high risk)

Low (dry)

1 (low risk)

Wetness index

High (saturated)

5 (high risk — unstable)

Convex (diverging flow) 1
Profile
curvature Flat 3
Concave (converging flow/erosion) 5 (high risk)
Length-slope Low values (low energy) 1
factor High values (high energy) 5 (high risk)
51748 Landscape
susceptibility
- very low
|| moderate
[ high
B very high

103°55’

103°55’ 103°55’

103°55’

103°55’

Fig. 8. Satellite-derived landslide susceptibility map
Puc. 8. Kapma puckoe onosizHegol onacHocmu
Ha ocHo8e cnyMHUKO8bIX OaHHbIX
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Fig. 9. UAV-derived landslide susceptibility map
Puc. 9. Kapma puckoe onosni3Heeol onacHocmu
Ha ocHoge OaHHbIX ¢ 6ecrnusomHo20 JlemamesibHO20 annapama

A practical takeaway is that 30 m resolu-
tion DEM is sufficient for regional LSM, it avail-
able to correctly identify unstable slopes that
cover the area larger than pixel size. Due to
resolution-related generalization, small, unstable
rock blocks may increase the vulnerability of
the adjacent slope area or, conversely, remain
unnoticed.

The practical implications for landslide mit-
igation measures are significant. A 30-meter-
resolution DEM may be sufficient for deter-
mining slope instability, but it cannot serve as
the basis for engineering design. For exam-
ple, the effective placement of rock barriers
necessitates a detailed understanding of the
precise trajectories of falling blocks, which in
turn requires a DEM with a resolution of at least
0.5 meters. Similarly, estimating the volume of
warning cuts requires precise measurements
to avoid unnecessary costs. Acquisition oh
high-resolution UAV data is justified when it
is required not only determine susceptibility
level and spatial extent of at-risk areas, but
also provide comprehensive reliable data for
mitigation measures design.

One of the advantages of photogrammetry
is the ability to create a detailed 3D model of
the slope. Viewing the slope not only from the
nadir but also from other planes allows one to
identify unstable rock blocks, scree, and rock
debris at the foot of the slope, indicating past
rockfalls. A front view of the slope also allows
one to calculate rock fracturing, an important

WWW.Nznj.ru

indicator when assessing the instability of a
rocky slope [23]. Besides, when rock avalanch-
es potential trajectory is required to be identi-
fied, detailed and accurate model of the slope
is necessary. Thus, while satellite data serves
as a preliminary screening tool, UAV data is
essential for any subsequent phase of landslide
mitigation design.

Low-resolution satellite data and high-res-
olution UAV data are not mutually exclusive
but rather serve different spatial scales and
research questions. Satellite data excel at re-
gional studying and zonation, while UAV data
are beneficial for local-scale, detailed mapping.

Conclusion

This study compared low-resolution satellite
data (ALOS AW3D30, Sentinel-2) with high-res-
olution UAV data for LSM in a test area. The
key finding is that while both methods identi-
fy similar hazardous zones spatially, the area
and boundaries of these zones differ substan-
tially due to resolution-related generalization.
Specifically, 30 m resolution data overestimate
moderate susceptibility zones and miss small
hazardous areas that are clearly captured by
UAV surveys.

Spatial coverage and obtaining continuous
data, particularly in hard-to-reach areas and on
dangerous steep slopes, limits traditional field
mapping. Remote sensing offers significant ad-
vantages over field surveys, including wider cov-
erage and multi-temporal data. Freely available
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satellite data enables regional-scale LSM with
resolutions up to 10 m. However, low-resolution
maps might fail to accurately represent risks
in unstable areas. Commercial high-resolution
satellite imagery provides necessary detail but
is costly due to minimum scene sizes, it is es-
pecially noticeable when examining elongated
linear objects.

Haykun o 3emne u Heapononb3oBaHue / ISSN 2686-9993 (print), 2686-7931 (online)

As expected, the resolution of the data
influences the outcomes of LSM. Altogether,
obtained results support the view that satel-
lite and UAV data are complementary. Hybrid
approaches, in which spaceborne data are
used for primary zonation and UAV data are
employed for precise investigation of hotspots,
are therefore recommended.
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