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ABSTRACT

Shallow landslides are strongly controlled by near-surface lithological variability, yet conventional geological maps

are often too generalized to support accurate susceptibility assessment in complex terrains. This review synthesizes

recent advances in remote sensing–based lithological mapping and evaluates their integration into landslide susceptibility

modeling. Evidence from the literature indicates that remote sensing-derived lithological products, particularly those

incorporating mineralogical information and higher spatial resolution, consistently outperform traditional geological maps

in improving model accuracy and spatial detail, especially in heterogeneous environments. However, key challenges

remain, including scale mismatches between surface observations and subsurface controls, limited ground validation,

uncertainty propagation, and restricted model transferability across regions. The review identifies multi-sensor data fusion

and explainable machine learning as the most promising directions for advancing lithological discrimination and model

reliability. Future progress depends on integrating remote sensing with process-based understanding, improving validation

strategies, and standardizing uncertainty reporting. These developments are essential for enabling more robust, scalable,

and operationally relevant landslide susceptibility assessments in complex terrains. Lastly, we describe the directions

of research that focus on multi-sensor fusion, explainable machine learning, UAV (Unmanned Aerial Vehicle)-enabled

validation, and standardized uncertainty reporting that can help articulate landslide susceptibility assessment, making them
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even more robust and operationally significant.
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1. Introduction

The most common and destructive geomorphic hazards

that occur in mountainous and hilly areas around the world

are shallow landslides. Mostly occurring in soil or regolith

or highly weathered layers of the underlying rock, which can

have failure depths just a few meters, shallow landslides are

often caused by heavy or sustained rain, a sudden burst of

snow melting, or by seismic shaking. Their relatively small

individual volumes notwithstanding, there are often severe

effects on infrastructure, ecosystem and human safety due to

their large spatial density and rapid development, especially

in highly populated or topographically challenging environ-

ments. Enhancement of prediction and spatial evaluation of

shallow landslide susceptibility is therefore a critical issue

in the study of natural hazards and risk reduction [1].

The process of shallow landslides initiation and loca-

tion is regulated by a large variety of environmental factors,

such as topography, hydrology, land cover, soil properties,

and geological conditions. Of these, lithology plays one

of the fundamental roles since it controls the mechanical

strength, the weathering behavior, permeability, and the re-

golith development of slope materials. Variations in rock

type and extent of weathering have a great impact on the soil

thickness, the shear strength parameters, and the hydrologi-

cal pathways in the underworld, all of which directly impact

the slope stability during a triggering condition. As a result,

lithology is always cited as one of the most significant pre-

dictors in landslide susceptibility models in different climatic

and tectonic conditions [2–4].

Nevertheless, the lithological variability in complex

terrains is a long-standing problem that is difficult to deter-

mine. Traditional lithological maps are usually based on

field survey and manual interpretation and, therefore, time-

consuming, costly, and in many cases limited by access.

Consequently, the geological maps available might be old,

generalized, or of unequal size and classification, especially

in distant or quickly changing topography. These restric-

tions inject a lot of uncertainty into landslide susceptibility

modeling, where the spatial and thematic quality of litho-

logical inputs can have a very strong impact on the final

results of the modeling. These issues are also intensified by

the intricate landscapes, which are typified by high levels

of lithological heterogeneity, steep relief, thick vegetation

cover and dynamic processes on the surface [5].

The progress in remote sensing in the last few decades

has revolutionized the manner in which lithological data can

be obtained, mapped and updated over vast regions [6]. Hy-

perspectral and multispectral satellite sensors facilitate the

identification of surface materials in terms of their spectral

reflectance properties and this has been useful in the determi-

nation of mineralogical composition and weather conditions.

Thermal infrared information can be used to provide further

information associated with emissivity and surface tempera-

ture differences, whereas radar systems provide sensitivity to

surface roughness, structure, and moisture conditions. The

growing access to high-resolution satellite imagery, coupled

with enhanced radiometric quality and coverage of the entire

earth, has increased the potential of remote sensing-based

lithological mapping dramatically, especially in areas where

conventional field mapping is constrained [7–9].

In addition to the sensor abilities of individuals, multi-

source remote sensing images added value to lithological

discrimination in heterogeneous settings. Combinations of

optical, thermal, and radar data that can be used in data fu-

sion can exploit the physical complementary characteristics

of surface materials and enhance the robustness of the classi-

fication, as well as minimize the problems of ambiguity due

to vegetation cover or illumination conditions. Meanwhile,

the recent methodological progress in machine learning and

pattern recognition has made it possible to extract more litho-

logical features using high-dimensional remote sensing data.

All these changes have brought lithological mapping towards

a more automated, quantitative, and reproducible process,

rather than a manual and qualitative approach, which was

the main approach in the past [10].

A new research direction that has promising research

potential is the introduction of remote sensing-obtained litho-

logical data into landslide susceptibility modeling. It has

been established in many studies that landslide-prone mod-
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els that use lithological variables derived from satellite data

can be more effective than those that use conventional ge-

ological maps. Enhanced lithological products based on

remote sensing are frequently of finer spatial resolution, in-

creased thematic consistency, and more flexible to local cir-

cumstances, all of which are beneficial to modeling shallow

landslides that are very responsive to small-scale changes in

the properties of materials. Moreover, remote sensing pro-

vides the opportunity to analyze the same area many times,

and lithological conditions could be re-evaluated after signif-

icant disturbances, like earthquakes, fires, or excessive rains,

which can change the surface material properties [3,11].

In spite of these developments, there are still some prob-

lems with the complete use of lithological mapping of remote

sensing to predict shallow landslides. Mapping can be lim-

ited by spectral similarity of various rock types, masking

of vegetation and soil cover, and scale differences between

products of remote sensing and landslides. Propagation of

lithological classification to susceptibility models is usually

under-quantified, making it difficult to interpret and com-

pare models. In addition, the applicability of remote sensing-

based lithological models to other geological and climatic

environments is a question to be answered, especially in

areas that have minimal ground truth data [2,3].

The need for a synthesis of existing knowledge is timely,

considering the fast rate at which technological development

takes place and the increasing number of published case

studies. Although the role of remote sensing in landslide

susceptibility modeling or remote sensing implementation in

landslides has been covered in past reviews, a dedicated anal-

ysis as to how remote sensing-enhanced lithological mapping

plays out in shallow landslide susceptibility assessment in

high-terrain complex environments has not been performed

hitherto. Such a review is necessary to understand the trends

in methodologies, to determine the usual limitations, and

to point out the gaps in the research that need to be filled

to enable an increase in the predictability of the research

studies [12–14].

The aim of the review is thus to critically discuss the

role of remote sensing-based lithological mapping in shallow

landslide susceptibility prediction in complex terrains [15].

The review adds up-to-date insights on lithological deter-

minants of shallow landslides, weighs significant distant

identification methodologies utilized in lithological differ-

entiation, and evaluates the uses of lithological information

from remote sensing in the models of susceptibility. The spe-

cific focus is placed on the methodological issues, sources

of uncertainty, and future research directions, such as high-

resolution information, sophisticated machine learning al-

gorithms, and multi-sensor data fusion. This review will

attempt to offer directions for future studies and ensure that

more powerful and systematic landslide susceptibility evalu-

ations are developed by combining knowledge in different

fields [16,17].

2. Lithological Controls on Shallow

Landslide Susceptibility

The first-order control exerted by lithology in the ini-

tiation and spatially distributed occurrence of shallow land-

slides is by regulating the properties of slope materials of a

physical, mechanical, and hydrological nature. Within com-

plicated terrains, where there is strong relief, coupled with

heterogeneous geology and active processes on the surface,

lithological variability is usually involved in interaction with

topography and climate to create very localized patterns of

instability. Lithological factors in the process of shallow

landslides are thus critical in the assessment of susceptibility,

as well as understanding remotely sensed products [18].

2.1. Influence of Lithology onMechanical Prop-

erties of Slopes

The slope materials are highly influenced by the un-

derlying lithology, as well as the level of weathering, in the

determination of their mechanical behavior [19]. The various

types of rocks have different strengths, fracture density, and

failure modes, and thus they determine the stability of the

overlying soils and regolith. Those that are highly fractured,

metamorphic, and volcanic formations, which are especially

weakly cemented, are highly susceptible to shallow failures,

since they tend to form thick regolith beds with low shear

strength. Massive and comparatively fresh igneous rocks,

conversely, can produce thinner soil mantles and less pro-

nounced forms of landslides, notwithstanding that structural

discontinuities may focus failure [20].

The lithology has an effect on the spatial variability of

geotechnical parameters, including cohesion, internal fric-

tion angle, and bulk density. The parameters are usually

253



Journal of Environmental & Earth Sciences | Volume 08 | Issue 03 | March 2026

supposed to be homogeneous in the mapping units in suscep-

tibility models, but in practice, they can vary considerably

inside a single lithological type because of variations in min-

eral composition, alteration, and weathering intensity. Such

variation may lead to high contrasts of slope stability over

a limited distance in complex terrains, where lithological

boundaries can be sharp and irregular. It is therefore impor-

tant to capture the mechanical controls on shallow landslide

initiation through proper lithological characterization [21].

2.2. Weathering Processes and Regolith Devel-

opment

Weathering processes give a major connection between

lithology and shallow regolith-prone zones by moderating

regolith thickness, structure, and material characteristics.

Chemical weathering changes mineral structure and weakens

rocks, whereas physical weathering encourages fissuring and

fracturing. Weathering rate and fashion are highly lithology-

dependent, with mafic and volcanic rocks, such as those in

quartz-rich lithologies, usually weathering faster than quartz-

rich lithologies with similar climatic conditions [22].

The deeper landslides are favored at the contact be-

tween less weathered bedrock and the regolith that is under-

going weathering in most mountainous areas. This interface

depth and continuity are strongly related to lithology and

structural characteristics, e.g., bedding planes, foliation, or

sets of joints. Deep and homogenous weathering lithologies

are more likely to create thick soil layers, making available

more potentially unstable material and making these layers

more vulnerable to failures caused by rainfall. On the other

hand, more localized and discontinuous landslides can be

observed in lithologies with thin or patchy regolith. These

associations have demonstrated the significance of lithology

in the formation of conditions in the subsurface that cannot

be easily seen but are significant to the shallow processes of

landslides [20].

2.3. Hydrological Behavior and Lithological

Controls

The hydrological processes are key in the initiation

of shallow landslides, especially in humid and monsoon-

dominated areas, and lithology is very important in control-

ling water movement beneath the soil. The permeability,

porosity, and connectivity of the fractures are diverse across

lithological units, which influence the degree of infiltration,

storage of groundwater, and formation of pore pressure dur-

ing rainfall events. Low-permeability lithologies or where

the layers have a high textural contrast allow positive pore wa-

ter pressure to accumulate rapidly, reducing effective stress

and slope stability [23].

Lithological heterogeneity in complex terrains will tend

to favor preferential flow paths and localized zones of satu-

ration, which will serve as a source of shallow failures. The

existence of impervious bedrock under permeable soils is

also an efficient arrangement in most weathered landscapes,

which increases the chances of landsliding due to poor verti-

cal drainage. The hydrological impacts in most cases are not

consistent at the traditional geological map scales, and thus

lithological data with enough spatial character are needed to

be able to undertake the susceptibility modeling [24].

2.4. Interaction with Topography and Other

Environmental Factors

Lithology does not work on its own but it interacts with

topography, land cover, as well as external triggering factors

in controlling shallow landslide susceptibility. In the steep

slopes that occur on weak or highly weathered lithologies,

failures tend to occur more and in the same case, steep slopes

that occur on competent rock may be subject to similar con-

ditions. The vegetation is capable of reducing lithological

weaknesses through strengthening the soils and increasing

evapotranspiration but with less effect on the lithologies

that can tolerate rapid saturation or shallow soil failure. As

demonstrated in Table 1, lithological characteristics, such as

rock type, weathering degree, and permeability, play critical

roles in shaping the stability of slopes and the susceptibility

to shallow landslides [25,26].

Landslide patterns are also complicated in tectonically

active areas, where structural controls related to lithology,

e.g., faults and shear zones, induce areas of high fractur-

ing and non-uniform material properties. Such interactions

lead to the high spatial variability of the shallow landslides

in complex terrains and create serious challenges to assess-

ing the susceptibility on a regional scale. Lithological con-

trol captures at relevant spatial and thematic resolutions are

thus necessary to enhance predictive performance, especially

when susceptibility models are used outside of local areas of
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intense study. Figure 1 illustrates the complex interactions

between lithology and surface processes in driving shallow

landslide susceptibility. As the figure shows, lithology di-

rectly influences soil strength, weathering rates, and pore

pressure dynamics, all of which are essential in determining

landslide occurrence [27,28].

Table 1. Relationships between lithological characteristics and shallow landslide controlling factors.

Lithological Characteristic Dominant Physical Property Influence on Slope Stability Relevance to Shallow Landslides

Rock type and mineral

composition

Strength and weathering

resistance

Controls regolith formation and

shear strength

Determines susceptibility to

rainfall-induced failure

Degree of weathering
Material cohesion and friction

angle
Weakens near-surface layers Promotes shallow slip surfaces

Structural features (bedding,

joints, foliation)
Discontinuity density Localizes stress and failure planes

Governs landslide geometry and

depth

Permeability and porosity Hydrological response
Regulates infiltration and pore

pressure buildup

Critical for triggering during intense

precipitation

Soil–bedrock interface Mechanical contrast Acts as preferential failure horizon
Common location of shallow

landslide initiation

Figure 1. Conceptual framework illustrating how lithology influences shallow landslide susceptibility through interactions with surface

processes and external triggers.

3. Remote Sensing Techniques for

Lithological Mapping

Remote sensing has been a very useful instrument in

mapping, especially the lithological mapping in complex

terrain areas, where field-related studies have been restricted

in terms of accessibility, scale, and cost. Remote sensing

data can give indirect, spatially continuous, lithological vari-

ability information primarily through the capture of surface

properties of mineral composition, texture, structure, and

moisture conditions. The success of the remote sensing in

the lithological mapping process is a result of the sensor prop-

erties, the data processing policies, and the extent to which

surface manifestations depict the underlying geology [29,30].

3.1. Optical Multispectral Remote Sensing

The extended temporal history, expansive spatial scale,

and comparatively simplified process of processing Multi-

spectral optical remote sensing have been extensively applied

in lithological mapping. Visual, near-infrared and shortwave

infrared sensors monitor the difference in surface reflectance

that is directly associated with mineralogical composition

andweathering conditions. These diagnostic absorption prop-

erties in the shortwave infrared region can be used to dif-

ferentiate between lithological units of many rock-forming
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minerals in the case of adequate surface exposure condi-

tions [8].

Multispectral data are also especially applicable in com-

plex terrains for regional-scale lithological characterization,

where regional contrasts between major rock types can be

determined. The small number of spectral bands, however,

restricts the success of the spectral bands in resolving sub-

tle mineralogical variations, particularly where lithological

units are compositionally analogous. Steeper topography

also creates effects of light; also, vegetation cover and soil

formation add more complexity to spectral interpretation.

Consequently, closely preselected multispectral methods can,

in general, be understood as demanding topographical cor-

rection and vegetation masking to enhance lithological dis-

crimination [31].

3.2. Hyperspectral Remote Sensing for Miner-

alogical Discrimination

Hyperspectral remote sensing is a significant improve-

ment in lithological mapping in that hundreds of adjacent

spectral bands are available, allowing amore detailed descrip-

tion of the surface mineralogy. The spectral resolution of the

high resolution enables the recognition of specific absorption

characteristics related to the clay minerals, carbonates, iron

oxides, and alteration products that are normally important

indicators of the weathering and mechanical weakness when

it comes to shallow landslides.

Hyperspectral data find specific use in complex terrain

environments to differentiate between lithologies that can-

not be easily differentiated through the use of multispectral

imagery. They also allow mapping of weathering zones and

the modified materials that might not necessarily reflect the

traditional lithological boundaries. In spite of these benefits,

the use of hyperspectral data is still limited due to the avail-

ability of data, the cost of data acquisition, and sensitivity

to weather. Moreover, hyperspectral data is highly dimen-

sional and therefore, involves complex processing and high

validation, which may be difficult in regions where ground

reference data is scarce [9].

3.3. Thermal Infrared Remote Sensing

Complementary information to lithological mapping is

provided by thermal infrared remote sensing, which takes

advantage of the variations in surface emissivity and thermal

inertia. Mineral composition, grain size, and roughness on

the surface of these properties are known to affect them, and

this enables some lithological units to be identified in terms

of their thermal behavior. The thermal data are also appli-

cable in the mapping of silicate and carbonate rocks, and in

determining the surface materials that have dissimilar heat

retention properties.

In the complicated terrains, thermal infrared products

can be used to complement the optical data in lithological

interpretation, particularly in areas that have low vegetation

density. Nevertheless, the thermal signals are highly influ-

enced by the variations of the day temperatures, moisture

on the surface, and atmospheric conditions, and thus may

create uncertainty during lithological classification. This

means that thermal infrared data should be applied as an

integrated and multi-sensor solution compared to an isolated

solution [32].

3.4. Radar Remote Sensing and Structural In-

formation

Synthetic aperture radar, which is part of radar remote

sensing, provides special lithological mapping opportuni-

ties because it is sensitive to the surface roughness, struc-

ture, and moisture content, and can even be used without

daylight or cloud cover. The radar backscatter behaviors

may indicate the differences between the lithological units

that have various surface textures or cracks that are fre-

quently associated with the geological structure below. The

diverse range of remote sensing techniques available for

lithological mapping is summarized inTable 2, highlighting

the strengths and limitations of each sensor type in complex

terrains [7,33].

Radar data would be of great use in intricate terrain

to detect lineaments, faults, and areas of heavy fracturing

that would otherwise be hard to detect with optical imagery.

Such structural features often tend to overlap with litholog-

ical boundaries or mechanically weak areas, which affect

shallow landslides. The interpretation of radar, however, is

indirect and usually ambiguous due to the effects of sensor

geometry, surface moisture, and vegetation structure. As a

result, radar-based lithological mapping is normally based

on the combination with optical or thermal data in order to

enhance interpretability.
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Table 2. Summary of remote sensing techniques used for lithological mapping in complex terrains.

Remote Sensing Type
Key Spectral or Physical

Sensitivity
Typical Spatial Scale Main Advantages Key Limitations

Multispectral optical
Broad mineralogical

contrasts
Regional to local

Long-term data

availability; wide coverage

Limited spectral resolution;

vegetation masking

Hyperspectral
Diagnostic mineral

absorption features
Local to regional

Detailed mineralogical

discrimination

Data availability; atmospheric

sensitivity

Thermal infrared
Emissivity and thermal

inertia
Regional

Complementary

lithological information

Influenced by moisture and

diurnal effects

Synthetic Aperture Radar

(SAR)

Surface roughness and

structure
Local to regional

Cloud- and

illumination-independent

Indirect lithological

interpretation

Multi-sensor fusion
Combined surface

properties
Flexible

Improved classification

robustness

Increased processing

complexity

3.5. Multi-Sensor Data Integration and Ad-

vanced Classification Methods

Multi-sensor data combining strategies to map lithol-

ogy have been motivated by the constraints of the lithological

information of the individual remote sensing sensors. The

optical, hyperspectral, thermal, and radar data, frequently

used together by researchers, allow them to leverage comple-

mentary surface characteristics and minimize the ambiguities

that the single-sensor methods have. This kind of integra-

tion is useful, especially in complicated terrains, where the

expression of lithology is different based on the slope ori-

entation, vegetation cover, and the degree of weathering

experienced [7].

The latest developments in machine learning have also

promoted the possibilities of lithological mapping based on

remote sensing. Multi-source datasets, classifying litholog-

ical units using algorithms that can process nonlinear rela-

tionships and high-dimensional data, have been increasingly

used to classify the lithological units. These methods have

been revealed to have better classification and strength, par-

ticularly in comparison to conventional pixel-based methods

or rule-based methods. However, their functioning is largely

dependent on the quality and representativeness of training

data, and the interpretation of their results might not easily

be made geologically. It is a significant problem to ensure

that the classification products are geologically useful and

can be used across regions [34].

Comprehensively, remote sensing methods are potent

instruments of lithological mapping in complex topographies,

which provide depth in space and coverage that can scarcely

be accomplished by the use of traditional techniques. The

benefits and constraints of various sensors and integration

plans must be known in order to effectively consider remote

sensing-based lithological data in the process of shallow land-

slide susceptibility modeling. Figure 2 presents a typical

workflow for processing remote sensing data into lithological

maps, demonstrating how multi-sensor integration and ma-

chine learning techniques enhance lithological classification

accuracy [35].

Figure 2. Generalized workflow for generating remote sensing-based lithological maps.
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4. Integration of Remote Sensing-

Derived Lithology in Landslide

Susceptibility Modeling

Incorporation of lithological information derived by

remote sensing into landslide susceptibility models has be-

come more popular with the development of sensor tech-

nology and data processing, as the quality and accessibility

of lithological products have become better. In complex

terrains with shallow landslides, where failure processes are

extremely dependent on near-surface material properties,

how lithological information is modeled and how this is

included in susceptibility models can have a powerful im-

pact on predictive behavior. The use of remote sensing to

improve the lithology has the potential to address some of

the limitations that are present with the typical geological

maps, and also gives rise to new methodological issues that

should be handled with caution. As summarized in Table

3, several integration strategies exist for incorporating re-

mote sensing–derived lithology into landslide susceptibility

models, ranging from statistical methods to more complex

hybrid approaches. Each method offers distinct advantages

and challenges, depending on the modeling framework and

the quality of lithological data [4,36].

Table 3. Approaches for incorporating remote sensing-derived lithological information into landslide susceptibility modeling.

Modeling Framework Lithological Input Type Typical Integration Strategy Strengths Limitations

Statistical models
Categorical lithology

classes
Predictor variable encoding

Simplicity;

interpretability
Sensitive to map accuracy

Machine learning models Classes or spectral proxies Nonlinear feature learning
High predictive

power
Reduced transparency

Physically based models Parameter constraints Material property assignment Process realism High data demand

Hybrid models
Combined proxies and

parameters
Data–process integration

Balanced

performance
Calibration complexity

4.1. Representation of Lithological Informa-

tion in Susceptibility Frameworks

Landslide susceptibility models are usually based on a

combination of conditioning factors explaining terrain con-

ditions, environmental conditions, and geological conditions.

Lithology is normally presented as a categorical variable

when describing discrete units of rock or as a collection of

continuous variables based on the material properties. Litho-

logical mapping. Remote sensing is an expansion of these

representations by giving them spatially detailed classifica-

tions, mineralogical indices, or proxy variables pertaining to

weathering or surface composition.

In complex terrains, due to the increased spatial reso-

lution of lithology derived by remote sensing, susceptibility

models are able to resolve fine-scale heterogeneity that is

commonly diffused in conventional maps. This is especially

applicable to shallow landslides, which often occur in very

thin areas of weak or modified material. The categorical

nature of most lithological products, however, makes statis-

tical modeling difficult, either where the boundaries of the

classes are unclear or where there are rare lithological units

underrepresented. Lithological variables should be carefully

coded, and scale effects must be taken into account, to make

sure that the information derived by remote sensing has a

contribution to make in the susceptibility assessment [37].

4.2. Statistical and Machine Learning Ap-

proaches

The most popular techniques to model landslide sus-

ceptibility are statistical and machine learning because they

can account for numerous conditioning variables and non-

linear and complicated relationships. Lithological variables

obtained using remote sensing are also being integrated into

these models directly as the form of classified lithological

units or indirectly using spectral or textural characteristics.

Many studies have indicated that remote sensing lithology

should be incorporated so as to enhance the performance met-

rics of the models, including prediction accuracy and spatial

consistency, as opposed to models using only the traditional

geological data.

Machine learning methods work especially well in com-

plicated landscapes to make use of the highly spatialized

information that is offered by remote sensing. Algorithms

that are able to learn hierarchical or nonlinear patterns can

encompass subtle interactions between lithology, topography,

and hydrology factors that hold such significance in shallow
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landslides initiation. However, these models are also prone

to the quality of training data and can overfit lithological pe-

culiarities of the region, which restricts their transferability.

The relative significance of lithological variables in com-

plex models is also difficult to interpret, as certain modeling

strategies require explanation and transparency [38–40].

4.3. Physically Based and HybridModelingAp-

proaches

Physical-based models provide a different paradigm

of integrating lithological information in which explicit rep-

resentation is given of the processes that determine slope

stability, e.g., soil strength, hydrology, and pore pressure.

The lithology plays a role in the susceptibility of these mod-

els based on the depth of the soil, its hydraulic conductivity,

and shear strength, among which can be estimated or con-

strained based on remote sensing-derived lithological and

mineralogical data. Remote sensing can complement field

measurements to provide spatially continuous inputs that

cannot be easily obtained by field measurements alone, es-

pecially in inaccessible or heterogeneous terrain [41].

A promising direction has also been in the Hybrid ap-

proaches that combine the concepts of physical basis with

data-driven approaches. When this is implemented, lithology

is determined by remote sensing and used to parameterize

the model or place restrictions on model structure; statistical

or machine learning elements are used to take into consider-

ation uncertainties and intricate interactions. These methods

can be better interpreted physically, but would need strict cal-

ibration and validation of the sensor, which in turn validates

that remote sensing proxies would be true representatives of

the conditions in the subsurface that are important to shallow

landslides [42].

4.4. Comparison with Conventional Geological

Mapping

The recurrent similarity in the literature is that sus-

ceptibility models that use traditional geological maps are

compared with the susceptibility models that use remote sens-

ing to derive lithological information. In most instances, the

models with remote sensing prove to be better in spatial reso-

lution and predictability, especially in areas where the current

geological maps are crude or old-fashioned. The possibility

of updating lithological data after significant disturbances

in the environment only helps to increase the importance of

remote sensing in terms of dynamic susceptibility.

Nevertheless, lithological products based on remote

sensing do not always substitute the traditional geological

maps, but can also be used as an extension of them. Geo-

logical maps are useful in giving contextual information on

stratigraphy, structure, and underground relationships, which

might not be easily observed with the remote sensing data.

A combination of the two sources of data can thus be able to

give a stronger susceptibility model as long as the differences

in scale, classification, and uncertainty are controlled [43].

4.5. Uncertainty and Model Performance Eval-

uation

Lithological inputs are a sensitive yet frequently under-

researched factor of landslide susceptibility modeling due

to the levels of uncertainty involved. The lithological clas-

sification by remote sensing is prone to error, which can

be transmitted in the susceptibility models, which alters the

predictions and interpretation of the models. The quantifica-

tion and communication of these uncertainties are especially

hard in complex terrains where ground truth data are only

sparse [44,45].

Performance evaluation of models should therefore be

done on a basis that not only is the performance of the model

in question accurate but sensitive to the lithological input

of susceptibility. Multiple lithological datasets can also be

used to provide comparative analyses that can give useful

information on the robustness of the models and these can

also be validated in various temporal and spatial settings.

Uncertainty in remote sensing-based lithology integration

is a critical issue to be considered in order to promote the

validity and real-world implementation of shallow landslide

susceptibility models.

5. Current Challenges and Future Re-

search Directions

Although much has been done so far towards remote

sensing-enhanced lithological mapping and its use with re-

gard to shallow landslide susceptibility prediction, various

issues still restrain its wider and dependable application in

intricate landscapes. These problems are caused by the con-
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straints on the data, uncertainty in the methodology and the

fundamental complexity of geological and geomorphologi-

cal processes. These are critical problems to be addressed in

order to improve the scientific knowledge and the practical

application of remote sensing-based methods [46].

5.1. Scale, Resolution, and Terrain Complexity

The disconnect between the available data and the ap-

propriate scale at which landslide processes occur is one of

the key problems of transferring the lithological information

obtained with the help of remote sensing to shallow landslide

susceptibility modelling. Small-scale changes in the material

properties and the ground conditions usually control shal-

low landslides, and most of the products of remote sensing

and geological datasets are created at regional or national

scales. Difficult terrains, steep slopes, changing illumination,

and patchy land cover also make the extraction of credible

lithological information at the fine spatial scales even more

complicated [2].

Satellite and airborne data have high spatial resolu-

tion; however, they have restricted coverage or availability

in order to conduct large area assessments. Furthermore,

the enhancement of spatial resolution does not always corre-

spond to the enhancement of lithological accuracy in the case

of weak or covered by vegetation and soil surface expres-

sions. The next step in research should thus be to determine

the most effective scales for lithological mapping to strike

the right balance between the spatial and the thematic re-

liability, especially when using the scales in susceptibility

modeling [2].

5.2. Surface–Subsurface Decoupling and Vali-

dation Constraints

Surface features are mostly recorded in remote sens-

ing, but shallow landslide origin is more often governed

by the conditions in the lower layers, including the thick-

ness of the regolith, the weathering of the bedrock, and the

boundaries between the soil and the bedrock. This type of

surface–subsurface decoupling is a fundamental constraint

of lithological mapping with remote sensing data only. Sur-

face materials used in most landscapes can be misleading

about the mechanical or hydrological properties of deeper

materials used in the mechanism of failure.

Even though field validation is still necessary to deter-

mine the reliability of remote sensing-produced lithological

products, the field data are rather sparse or distributed un-

evenly over complex landscapes. This can impact the ac-

curacy of lithological classification as well as calibration

of susceptibility models. The emergence of ways to com-

bine field observations that are limited with remote sensing

and the study of indirect means to understand the state of the

underground will be a significant avenue in future studies [36].

5.3. Uncertainty Propagation andModel Trans-

ferability

The uncertainty in the lithological mapping and the

susceptibility modelling is a natural feature of hazard assess-

ment, which is rarely quantified or reported. The suscepti-

bility models can spread the errors of remote sensing-based

lithological classification in both nonlinear and spatially in-

homogeneous manner, especially where the lithology has

a strong impact on the model. These uncertainties can be

enhanced by topographic, hydrologic, and land cover inter-

actions in complex terrains [47–49].

The other important issue is the applicability of the

models based on the lithological information obtained by

remote sensing. Models that are tuned in one geological or

climatic environment can be ineffective in a different loca-

tion, despite the fact that similar remote sensing information

is employed. Such a limitation is an expression of the varia-

tions in lithological expression and weathering regimes, and

landslide processes, which cannot be adequately described

by surface measurements. Future research must place more

focus on cross-regional validation and come up with more

generalized modeling frameworks [6,50].

5.4. Emerging Technologies and Methodologi-

cal Advances

The emergence of high-speed technological advance-

ments provides an opportunity to overcome some of the

weaknesses that come along with remote sensing-based litho-

logical mapping. Ultra-high-resolution imaging Unmanned

Aerial Vehicles offer very fine-scale lithological and struc-

tural details, especially in small study regions. The subse-

quent development of hyperspectral sensor technology and

the availability of data will only enhance the mineralogical
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discrimination, even in the problematic setting [51].

Deep learning methods have already demonstrated po-

tential at the methodological level in deriving multi-source

remote sensing datasets with complex patterns. The methods

are potentially useful in increasing the accuracy of litho-

logical classification and making the extraction of features

automated; however, their use must be very attentive to train-

ing data, interpretability, and computational requirements.

Cloud-based processing platforms are also useful in the pro-

cessing of large datasets to provide a more consistent and

reproducible lithological mapping at the regional to global

scale. Table 4 outlines the key challenges in remote sensing–

enhanced lithological mapping and proposes potential re-

search avenues to overcome them, particularly in the context

of scale mismatches, classification uncertainty, and model

transferability [2,3,52].

Table 4. Challenges and research priorities for remote sensing-enhanced lithological mapping in shallow landslide susceptibility

assessment.

Challenge Underlying Cause Implications for Modeling Future Research Direction

Scale mismatch Process vs. data resolution Reduced predictive reliability Multi-scale analysis frameworks

Surface–subsurface decoupling Limited subsurface observability Parameter uncertainty Proxy-based subsurface inference

Classification uncertainty Sensor and algorithm limits Error propagation Explicit uncertainty quantification

Limited transferability Geological and climatic variability Poor model generalization Cross-regional validation

Data and validation gaps Sparse field observations Reduced confidence UAV and targeted field integration

5.5. Toward Integrated and Interdisciplinary

Frameworks

A stronger interconnection between remote sensing,

geology, geomorphology, and geotechnical engineering will

be required in the future to make predictions of shallow

landslides in complex terrains. The information obtained by

remote sensing to determine lithology must be considered

as a part of a more complex framework of a model, which

encompasses the field observations, process knowledge, and

analysis of uncertainties. Interdisciplinary cooperation is es-

pecially necessary in the process of making sure that remote

sensing products are geologically significant and applicable

to the slope stability processes [36].

Standardization of methods of lithological mapping,

model integration, and performance evaluation would fur-

ther improve the inter-study comparability and facilitate the

operations. In future scenarios with the further development

of remote sensing data and analytical tools, their success-

ful application in landslide potential assessment has great

promise, considering the better prediction of hazards and risk

management, as long as the existing challenges are addressed

in a systematic way. Figure 3 provides a visual summary

of the key challenges and future research priorities for im-

proving remote sensing-enhanced lithological mapping in

landslide susceptibility assessments. These priorities high-

light the need for multi-scale approaches and integration with

emerging technologies [2–4,53–56].

Figure 3. Summary of current research gaps and future research directions in remote sensing–based lithological mapping for shallow

landslide susceptibility.
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6. Conclusion

This review has considered the use of remote sensing-

enhanced lithological mapping to predict shallow landslide

susceptibility in complicated landscapes, and how the lithol-

ogy contributes to slope instability, and how methodological

developments are helping to demonstrate the lithology to

work in susceptibility models. Lithology, in essence, dom-

inates the mechanical, hydrological and weathering nature

of materials in the near-surface region and, through this, is

at the core of determining the spatial distribution and occur-

rence of shallow landslides. To support a sound susceptibility

outlook, the desire to capture this lithological variability at

the correct spatial and thematic resolutions is an important

need in heterogeneous, topographically complex landscapes.

The recent developments in remote sensing technolo-

gies have increased the possibilities of mapping the litholog-

ical conditions of large and frequently inaccessible environ-

ments significantly. Multispectral, hyperspectral, thermal

infrared, and radar data give complementary data on sur-

face composition, structure, and moisture-related properties,

whereas data integration by multisensors and sophisticated

classification methods has enhanced lithological discrimina-

tion in harsh conditions. Remote sensing-based lithological

products can be more spatially detailed, more consistent,

and updated in response to environmental change than are

conventional geological maps. They are especially useful in

shallow landslide research.

The inclusion of remote sensing-derived lithological

data in landslide susceptibility models has been shown to

have apparent potential to improve predictive capability in

diverse statistical, machine learning, and physically-based

models. These models provide a more effective represen-

tation of the circumstances contributing to shallow slope

failures because of improved representation of the fine-scale

material heterogeneity and lithology-related processes. Si-

multaneously, the review points out that the lithology ob-

tained with the use of remote sensing is to be considered

as a supplement to conventional knowledge in geology, in

particular, in the context in which it is necessary to be aware

of the conditions inherent in the subsurface and the structural

controls.

In light of these developments, there are still many chal-

lenges that restrict the use of the remote sensing-improved

lithological mapping in determining the level of suscepti-

bility of the landslides. Among the important challenges

are scale anomalies between the data and the process, the

indirect correlation between the surface observations and the

mechanisms behind the subsurface failures, the uncertainty

of the data that is propagated in the model about lithologi-

cal classification, and the inability of the models to transfer

across various geological and climate environments. To over-

come these challenges, there is a need to enhance validation

schemes, clear representation of uncertainty, and closer uni-

fication between remote sensing measurements and process

insight.

Utilize multispectral satellite data combined with sta-

tistical or conventional machine learning models to generate

broad lithological classifications and susceptibility maps,

suitable for large-area screening and hazard zoning. Inte-

grate high-resolution multisource data, including hyperspec-

tral imagery, UAV observations, and radar products, with

advanced machine learning or hybrid models to capture fine-

scale lithological heterogeneity, supported by targeted field

validation. Couple remote sensing-derived lithological prox-

ies with physically based or hybrid models to explicitly rep-

resent subsurface processes, uncertainty propagation, and

hydromechanical controls on slope stability. Across all tiers,

standardized uncertainty quantification, cross-regional val-

idation, and integration with geological knowledge are es-

sential. This tiered approach provides a scalable pathway

for improving the robustness, transferability, and operational

applicability of shallow landslide susceptibility assessments

in complex terrains.

In the future, a variety of new technologies, including

high-resolution airborne platforms, enhanced hyperspectral

sensors, deep learning approaches, and cloud-based analy-

sis environments, will become available and enhance the

ability of lithological mapping. These tools will require in-

terdisciplinary cooperation and the creation of transparent

and standardized methodologies to make sure that they have

relevance and reproducibility in geology. This review can

be used to support further research on remote sensing-based

lithology mapping as an effective part of shallow landslide

susceptibility mapping in complex landscapes by synthesiz-

ing existing knowledge and highlighting the main research

directions, which in turn will result in more valid hazard

prediction and risk management.

262



Journal of Environmental & Earth Sciences | Volume 08 | Issue 03 | March 2026

Funding

This work received no external funding.

Institutional Review Board Statement

Not applicable.

Informed Consent Statement

Not applicable.

Data Availability Statement

No new data were created or generated in this study. As

this is a review, it is based on data and information from pre-

viously published sources, which are cited in the reference

list.

Conflicts of Interest

The author declares no conflict of interest.

References

[1] Shrestha, M., Sharma, S., Pradhan Shrestha, R., 2025.

Landslides in the Himalayas: A Comprehensive Re-

view of Hazards, Impacts, and Adaptive Strategies.

Rural and Regional Development. 3(2), 10002. DOI:

https://doi.org/10.70322/rrd.2025.10002

[2] Zhong, C., Liu, Y., Gao, P., et al., 2020. Landslide Map-

ping with Remote Sensing: Challenges and Opportu-

nities. International Journal of Remote Sensing. 41(4),

1555–1581. DOI: https://doi.org/10.1080/01431161.

2019.1672904

[3] Yu, X., Zhang, K., Song, Y., et al., 2021. Study on

Landslide Susceptibility Mapping Based on Rock–Soil

Characteristics. Scientific Reports. 11, 15476. DOI:

https://doi.org/10.1038/s41598-021-94936-5

[4] Ullah, I., Aslam, B., Shah, S.H.I.A., et al., 2022. An

Integrated Approach of Machine Learning, Remote

Sensing, and GIS Data for the Landslide Susceptibility

Mapping. Land. 11(8), 1265. DOI: https://doi.org/10.

3390/land11081265

[5] Svalova, V., Zaalishvili, V.B., Ganapathy, G.P., et al.,

2019. Landslide Risk in Mountain Areas. Geology of

the South of Russia. 9(2), 109–127.

[6] Wang, Z., Zuo, R., 2025. Intelligent Lithological Map-

ping: Challenges and Future Prospective. Natural Re-

sources Research. 35, 279–312. DOI: https://doi.org/

10.1007/s11053-025-10563-1

[7] Chen, Y., Wang, Y., Zhang, F., et al., 2023. Remote

Sensing for Lithology Mapping in Vegetation-Covered

Regions: Methods, Challenges, and Opportunities.

Minerals. 13(9), 1153. DOI: https://doi.org/10.3390/

min13091153

[8] Rajan Girija, R., Mayappan, S., 2019. Mapping of

Mineral Resources and Lithological Units: A Review

of Remote Sensing Techniques. International Jour-

nal of Image and Data Fusion. 10(2), 79–106. DOI:

https://doi.org/10.1080/19479832.2019.1589585

[9] Peyghambari, S., Zhang, Y., 2021. Hyperspectral Re-

mote Sensing in Lithological Mapping, Mineral Ex-

ploration, and Environmental Geology: An Updated

Review. Journal of Applied Remote Sensing. 15(3),

031501. DOI: https://doi.org/10.1117/1.JRS.15.

031501

[10] Zhang, T., Zhao, Z., Dong, P., et al., 2024. Rapid Litho-

logical Mapping Using Multi-Source Remote Sens-

ing Data Fusion and Automatic Sample Generation

Strategy. International Journal of Digital Earth. 17(1),

2420824. DOI: https://doi.org/10.1080/17538947.

2024.2420824

[11] Lu, J., Li, L., Wang, J., et al., 2025. MSIMRS: Multi-

Scale Superpixel Segmentation Integrating Multi-

Source Remote Sensing Data for Lithology Identifi-

cation in Semi-Arid Area. Remote Sensing. 17(3), 387.

DOI: https://doi.org/10.3390/rs17030387

[12] Khangura, S., Polisena, J., Clifford, T.J., et al., 2014.

Rapid Review: An Emerging Approach to Evidence

Synthesis in Health Technology Assessment. Interna-

tional Journal of Technology Assessment in Health

Care. 30(1), 20–27. DOI: https://doi.org/10.1017/

S0266462313000664

[13] Ellwood, P., Grimshaw, P., Pandza, K., 2017. Accel-

erating the Innovation Process: A Systematic Review

and Realist Synthesis of the Research Literature. In-

ternational Journal of Management Reviews. 19(4),

510–530. DOI: https://doi.org/10.1111/ijmr.12108

[14] Khangura, S., Konnyu, K., Cushman, R., et al., 2012.

Evidence Summaries: The Evolution of a Rapid Re-

viewApproach. Systematic Reviews. 1(1), 10. DOI:

https://doi.org/10.1186/2046-4053-1-10

[15] Mohan, A., Singh, A.K., Kumar, B., et al., 2021. Re-

view on Remote Sensing Methods for Landslide Detec-

tion Using Machine and Deep Learning. Transactions

on Emerging Telecommunications Technologies. 32(7),

e3998. DOI: https://doi.org/10.1002/ett.3998

[16] Pawar, N.S., Sharma, K.V., 2025. Comprehensive Re-

view of Remote Sensing Integration with Deep Learn-

ing in Landslide Forecasting and Future Directions.

Natural Hazards. 121, 23687–23721. DOI: https:

//doi.org/10.1007/s11069-025-07171-w

[17] Hussain, M.A., Chen, Z., Zheng, Y., et al., 2023. Deep

Learning and Machine Learning Models for Land-

263

https://doi.org/10.70322/rrd.2025.10002
https://doi.org/10.70322/rrd.2025.10002
https://doi.org/10.1080/01431161.2019.1672904
https://doi.org/10.1080/01431161.2019.1672904
https://doi.org/10.1038/s41598-021-94936-5
https://doi.org/10.1038/s41598-021-94936-5
https://doi.org/10.3390/land11081265
https://doi.org/10.3390/land11081265
https://doi.org/10.1007/s11053-025-10563-1
https://doi.org/10.1007/s11053-025-10563-1
https://doi.org/10.3390/min13091153
https://doi.org/10.3390/min13091153
https://doi.org/10.1080/19479832.2019.1589585
https://doi.org/10.1117/1.JRS.15.031501
https://doi.org/10.1117/1.JRS.15.031501
https://doi.org/10.1080/17538947.2024.2420824
https://doi.org/10.1080/17538947.2024.2420824
https://doi.org/10.3390/rs17030387
https://doi.org/10.1017/S0266462313000664
https://doi.org/10.1017/S0266462313000664
https://doi.org/10.1111/ijmr.12108
https://doi.org/10.1186/2046-4053-1-10
https://doi.org/10.1186/2046-4053-1-10
https://doi.org/10.1002/ett.3998
https://doi.org/10.1007/s11069-025-07171-w
https://doi.org/10.1007/s11069-025-07171-w


Journal of Environmental & Earth Sciences | Volume 08 | Issue 03 | March 2026

slide Susceptibility Mapping with Remote Sensing

Data. Remote Sensing. 15(19), 4703. DOI: https:

//doi.org/10.3390/rs15194703

[18] Li, S., Xu, Q., Tang, M., et al., 2019. Characterizing

the Spatial Distribution and Fundamental Controls of

Landslides in the Three Gorges Reservoir Area, China.

Bulletin of Engineering Geology and the Environment.

78(6), 4275–4290. DOI: https://doi.org/10.1007/

s10064-018-1404-5

[19] Miščević, P., Vlastelica, G., 2014. Impact of Weather-

ing on Slope Stability in Soft Rock Mass. Journal of

Rock Mechanics and Geotechnical Engineering. 6(3),

240–250. DOI: https://doi.org/10.1016/j.jrmge.2014.

03.006

[20] Baldermann, A., Dietzel, M., Reinprecht, V., 2021.

Chemical Weathering and Progressing Alteration as

Possible Controlling Factors for Creeping Landslides.

Science of the Total Environment. 778, 146300. DOI:

https://doi.org/10.1016/j.scitotenv.2021.146300

[21] Galeandro, A., Doglioni, A., Simeone, V., 2017. Statis-

tical Analyses of Inherent Variability of Soil Strength

and Effects on Engineering Geology Design. Bul-

letin of Engineering Geology and the Environment.

76(2), 587–600. DOI: https://doi.org/10.1007/

s10064-016-0859-5

[22] Strømsøe, J.R., Paasche, Ø., 2011. Weathering Pat-

terns in High-Latitude Regolith. Journal of Geophys-

ical Research: Earth Surface. 116(F3). DOI: https:

//doi.org/10.1029/2010JF001954

[23] Kashyap, A., Behera, M.D., 2024. The Influence

of Landslide Morphology on Erosion Rate Variabil-

ity across Western Himalayan Catchments: Role of

Westerlies and Summer Monsoon Interaction in the

Landscape Characterization. Geological Journal. 59(3),

1112–1125. DOI: https://doi.org/10.1002/gj.4913

[24] Hencher, S., 2010. Preferential Flow Paths through

Soil and Rock and Their Association with Landslides.

Hydrological Processes. 24(12), 1610–1630. DOI:

https://doi.org/10.1002/hyp.7721

[25] Conforti, M., Ietto, F., 2021. Modeling Shallow Land-

slide Susceptibility and Assessment of the Relative Im-

portance of Predisposing Factors, through a GIS-Based

Statistical Analysis. Geosciences. 11(8), 333. DOI:

https://doi.org/10.3390/geosciences11080333

[26] Henriques, C., Zêzere, J.L., Marques, F., 2015. The

Role of the Lithological Setting on the Landslide

Pattern and Distribution. Engineering Geology. 189,

17–31. DOI: https://doi.org/10.1016/j.enggeo.2015.

01.025

[27] Jaafari, A., 2024. An Overview of Triggering and Caus-

ing Factors of Landslides. In: Chatterjee, U., Lalmal-

sawmzauva, K., Biswas, B., et al. (Eds.). Landslides in

the Himalayan Region: Risk Assessment and Mitiga-

tion Strategy for Sustainable Management. Springer:

Singapore. pp. 25–45. DOI: https://doi.org/10.1007/

978-981-97-4680-4_2

[28] Wang, Y., Nanehkaran, Y.A., 2024. GIS-Based Fuzzy

Logic Technique for Mapping Landslide Susceptibility

Analyzing in a Coastal Soft Rock Zone. Natural Haz-

ards. 120(12), 10889–10921. DOI: https://doi.org/10.

1007/s11069-024-06649-3

[29] Jackisch, R., Madriz, Y., Zimmermann, R., et al., 2019.

Drone-Borne Hyperspectral and Magnetic Data Inte-

gration: Otanmäki Fe-Ti-VDeposit in Finland. Remote

Sensing. 11(18), 2084. DOI: https://doi.org/10.3390/

rs11182084

[30] Garg, P.K., Garg, R.D., Shukla, G., et al., 2020. Digi-

tal Mapping of Soil Landscape Parameters. Springer:

Singapore.

[31] Parmar, T., Beed, R.S., 2025. Application of Machine

Learning Techniques for Remote Sensing in Litholog-

ical Mapping: A Review. In: Goswami, S., Saha, S.,

Basu, K., et al. (Eds.). DataManagement,Analytics and

Innovation. Springer: Singapore. pp. 319–344. DOI:

https://doi.org/10.1007/978-981-96-6534-1_19

[32] Wei, J., Liu, X., Ding, C., et al., 2017. Developing a

Thermal Characteristic Index for Lithology Identifi-

cation Using Thermal Infrared Remote Sensing Data.

Advances in Space Research. 59(1), 74–87. DOI:

https://doi.org/10.1016/j.asr.2016.09.005

[33] Meng, L., Yan, C., Lv, S., et al., 2024. Synthetic Aper-

ture Radar for Geosciences. Reviews of Geophysics.

62(3), e2023RG000821. DOI: https://doi.org/10.1029/

2023RG000821

[34] Shirmard, H., Farahbakhsh, E., Heidari, E., et al., 2022.

A Comparative Study of Convolutional Neural Net-

works and Conventional Machine Learning Models

for Lithological Mapping Using Remote Sensing Data.

Remote Sensing. 14(4), 819. DOI: https://doi.org/10.

3390/rs14040819

[35] Zhang, J., Wu, C., Wang, L., 2016. A Conceptual

Framework for the Automated Generalization of Geo-

logical Maps Based on Multiple Agents and Workflow.

IEEEAccess. 4, 6374–6385. DOI: https://doi.org/10.

1109/ACCESS.2016.2594259

[36] Scaioni, M., Longoni, L., Melillo, V., et al., 2014.

Remote Sensing for Landslide Investigations: An

Overview of Recent Achievements and Perspectives.

Remote Sensing. 6(10), 9600–9652. DOI: https://doi.

org/10.3390/rs6109600

[37] Pacheco Quevedo, R., Velastegui-Montoya, A.,

Montalván-Burbano, N., et al., 2023. LandUse and Land

Cover as a Conditioning Factor in Landslide Suscepti-

bility: A Literature Review. Landslides. 20(5), 967–982.

DOI: https://doi.org/10.1007/s10346-022-02020-4

[38] Goetz, J., Brenning, A., Petschko, H., et al., 2015.

Evaluating Machine Learning and Statistical Predic-

tion Techniques for Landslide Susceptibility Model-

ing. Computers & Geosciences. 81, 1–11. DOI: https:

//doi.org/10.1016/j.cageo.2015.04.007

264

https://doi.org/10.3390/rs15194703
https://doi.org/10.3390/rs15194703
https://doi.org/10.1007/s10064-018-1404-5
https://doi.org/10.1007/s10064-018-1404-5
https://doi.org/10.1016/j.jrmge.2014.03.006
https://doi.org/10.1016/j.jrmge.2014.03.006
https://doi.org/10.1016/j.scitotenv.2021.146300
https://doi.org/10.1016/j.scitotenv.2021.146300
https://doi.org/10.1007/s10064-016-0859-5
https://doi.org/10.1007/s10064-016-0859-5
https://doi.org/10.1029/2010JF001954
https://doi.org/10.1029/2010JF001954
https://doi.org/10.1002/gj.4913
https://doi.org/10.1002/hyp.7721
https://doi.org/10.1002/hyp.7721
https://doi.org/10.3390/geosciences11080333
https://doi.org/10.3390/geosciences11080333
https://doi.org/10.1016/j.enggeo.2015.01.025
https://doi.org/10.1016/j.enggeo.2015.01.025
https://doi.org/10.1007/978-981-97-4680-4_2
https://doi.org/10.1007/978-981-97-4680-4_2
https://doi.org/10.1007/s11069-024-06649-3
https://doi.org/10.1007/s11069-024-06649-3
https://doi.org/10.3390/rs11182084
https://doi.org/10.3390/rs11182084
https://doi.org/10.1007/978-981-96-6534-1_19
https://doi.org/10.1007/978-981-96-6534-1_19
https://doi.org/10.1016/j.asr.2016.09.005
https://doi.org/10.1016/j.asr.2016.09.005
https://doi.org/10.1029/2023RG000821
https://doi.org/10.1029/2023RG000821
https://doi.org/10.3390/rs14040819
https://doi.org/10.3390/rs14040819
https://doi.org/10.1109/ACCESS.2016.2594259
https://doi.org/10.1109/ACCESS.2016.2594259
https://doi.org/10.3390/rs6109600
https://doi.org/10.3390/rs6109600
https://doi.org/10.1007/s10346-022-02020-4
https://doi.org/10.1016/j.cageo.2015.04.007
https://doi.org/10.1016/j.cageo.2015.04.007


Journal of Environmental & Earth Sciences | Volume 08 | Issue 03 | March 2026

[39] Liu, S., Wang, L., Zhang, W., et al., 2023. A Compre-

hensive Review of Machine Learning-Based Methods

in Landslide Susceptibility Mapping. Geological Jour-

nal. 58(6), 2283–2301. DOI: https://doi.org/10.1002/

gj.4666

[40] Chen, C., Fan, L., 2025. Selection of Contributing

Factors for Predicting Landslide Susceptibility Us-

ing Machine Learning and Deep Learning Models.

Stochastic Environmental Research and Risk Assess-

ment. 39(10), 4169–4194. DOI: https://doi.org/10.

1007/s00477-023-02556-4

[41] Micol, F., 2025. Rainfall-Dependent Susceptibility

Mapping for Shallow Landslides: Data-Driven and

Physically-Based Modelling under Climate Change

[PhD Thesis]. Università degli Studi di Milano-

Bicocca: Milan, Italy.

[42] Champaney, V., Chinesta, F., Cueto, E., 2022. Engineer-

ing Empowered by Physics-Based and Data-Driven

Hybrid Models: AMethodological Overview. Interna-

tional Journal of Material Forming. 15(3), 31. DOI:

https://doi.org/10.1007/s12289-022-01678-4

[43] Chang, Z., Du, Z., Zhang, F., et al., 2020. Landslide

Susceptibility Prediction Based on Remote Sensing

Images and GIS: Comparisons of Supervised and Un-

supervisedMachine LearningModels. Remote Sensing.

12(3), 502. DOI: https://doi.org/10.3390/rs12030502

[44] Ye, C., Wu, H., Oguchi, T., et al., 2025. Physically

Based and Data-Driven Models for Landslide Sus-

ceptibility Assessment: Principles, Applications, and

Challenges. Remote Sensing. 17(13), 2280. DOI:

https://doi.org/10.3390/rs17132280

[45] Jacobs, L., Dewitte, O., Poesen, J., et al., 2018. Field-

Based Landslide Susceptibility Assessment in a Data-

Scarce Environment: The PopulatedAreas of the Rwen-

zori Mountains. Natural Hazards and Earth System Sci-

ences. 18(1), 105–124. DOI: https://doi.org/10.5194/

nhess-18-105-2018

[46] Lyons, C.E., Stedman, D.H., 1991. Remote Sensing En-

hanced Motor Vehicle Emissions Control for Pollution

Reduction in the Chicago Metropolitan Area: Siting

and Issue Analysis. Illinois Department of Energy and

Natural Resources: Springfield, IL, USA.

[47] Jena, R., Pradhan, B., Beydoun, G., et al., 2020. Seis-

mic Hazard and Risk Assessment: A Review of State-

of-the-Art Traditional andGISModels.Arabian Journal

of Geosciences. 13(2), 50. DOI: https://doi.org/10.

1007/s12517-019-5012-x

[48] Wang, J., Zuo, R., 2024. Uncertainty Quantification in

Geochemical Mapping: A Review and Recommenda-

tions. Geochemistry, Geophysics, Geosystems. 25(3),

e2023GC011301. DOI: https://doi.org/10.1029/2023G

C011301

[49] Roccati, A., Paliaga, G., Luino, F., et al., 2021. GIS-

Based Landslide Susceptibility Mapping for Land Use

Planning and Risk Assessment. Land. 10(2), 162. DOI:

https://doi.org/10.3390/land10020162

[50] Remondo, J., Bonachea, J., Cendrero, A., 2005. A Sta-

tistical Approach to Landslide Risk Modelling at Basin

Scale: From Landslide Susceptibility to Quantitative

Risk Assessment. Landslides. 2(4), 321–328. DOI:

https://doi.org/10.1007/s10346-005-0016-x

[51] Ramakrishnan, D., Bharti, R., 2015. Hyperspectral Re-

mote Sensing and Geological Applications. Current

Science. 108(5), 879–891.

[52] Lu, Z., Liu, G., Song, Z., et al., 2024. Advancements in

Technologies and Methodologies of Machine Learning

in Landslide Susceptibility Research: Current Trends

and Future Directions. Applied Sciences. 14(21), 9639.

DOI: https://doi.org/10.3390/app14219639

[53] Huang, Y., Xu, C., Shao, X., et al., 2026. Landslide

Assessment Research in the Three Gorges Reservoir

Area: A Review of Methodological Advances and Fu-

ture Directions. Bulletin of Engineering Geology and

the Environment. 85(2), 94. DOI: https://doi.org/10.

1007/s10064-025-04733-x

[54] Batar, A.K., Watanabe, T., 2021. Landslide Suscep-

tibility Mapping and Assessment Using Geospatial

Platforms and Weights of Evidence (WoE) Method

in the Indian Himalayan Region: Recent Develop-

ments, Gaps, and Future Directions. ISPRS Interna-

tional Journal of Geo-Information. 10(3), 114. DOI:

https://doi.org/10.3390/ijgi10030114

[55] Sharma, A., Sajjad, H., Roshani, et al., 2024. A Sys-

tematic Review for Assessing the Impact of Climate

Change on Landslides: Research Gaps and Directions

for Future Research. Spatial Information Research.

32(2), 165–185. DOI: https://doi.org/10.1007/

s41324-023-00551-z

[56] Hussain, Y., Schlögel, R., Innocenti, A., et al., 2022.

Review on the Geophysical and UAV-Based Methods

Applied to Landslides. Remote Sensing. 14(18), 4564.

DOI: https://doi.org/10.3390/rs14184564

265

https://doi.org/10.1002/gj.4666
https://doi.org/10.1002/gj.4666
https://doi.org/10.1007/s00477-023-02556-4
https://doi.org/10.1007/s00477-023-02556-4
https://doi.org/10.1007/s12289-022-01678-4
https://doi.org/10.1007/s12289-022-01678-4
https://doi.org/10.3390/rs12030502
https://doi.org/10.3390/rs17132280
https://doi.org/10.3390/rs17132280
https://doi.org/10.5194/nhess-18-105-2018
https://doi.org/10.5194/nhess-18-105-2018
https://doi.org/10.1007/s12517-019-5012-x
https://doi.org/10.1007/s12517-019-5012-x
https://doi.org/10.1029/2023GC011301
https://doi.org/10.1029/2023GC011301
https://doi.org/10.3390/land10020162
https://doi.org/10.1007/s10346-005-0016-x
https://doi.org/10.1007/s10346-005-0016-x
https://doi.org/10.3390/app14219639
https://doi.org/10.1007/s10064-025-04733-x
https://doi.org/10.1007/s10064-025-04733-x
https://doi.org/10.3390/ijgi10030114
https://doi.org/10.3390/ijgi10030114
https://doi.org/10.1007/s41324-023-00551-z
https://doi.org/10.1007/s41324-023-00551-z
https://doi.org/10.3390/rs14184564

	Introduction
	Lithological Controls on Shallow Landslide Susceptibility
	Influence of Lithology on Mechanical Properties of Slopes
	Weathering Processes and Regolith Development
	Hydrological Behavior and Lithological Controls
	Interaction with Topography and Other Environmental Factors

	Remote Sensing Techniques for Lithological Mapping
	Optical Multispectral Remote Sensing
	Hyperspectral Remote Sensing for Mineralogical Discrimination
	Thermal Infrared Remote Sensing
	Radar Remote Sensing and Structural Information
	Multi-Sensor Data Integration and Advanced Classification Methods

	Integration of Remote Sensing-Derived Lithology in Landslide Susceptibility Modeling
	Representation of Lithological Information in Susceptibility Frameworks
	Statistical and Machine Learning Approaches
	Physically Based and Hybrid Modeling Approaches
	Comparison with Conventional Geological Mapping
	Uncertainty and Model Performance Evaluation

	Current Challenges and Future Research Directions
	Scale, Resolution, and Terrain Complexity
	Surface–Subsurface Decoupling and Validation Constraints
	Uncertainty Propagation and Model Transferability
	Emerging Technologies and Methodological Advances
	Toward Integrated and Interdisciplinary Frameworks

	Conclusion

