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Abstract


Landslides are a critical environmental hazard in mountainous regions like eastern Uganda, posing serious threats to lives, infrastructure, and ecosystems. While recent advances in geospatial technology have improved hazard assessment, existing research often lacks high-resolution, cloud-based analysis for dynamic landscapes such as the Mount Elgon region. This study addresses that gap by developing a landslide susceptibility map (LSM) using Google Earth Engine (GEE), which integrates remote sensing and geospatial data for scalable analysis. The main objective is to identify landslide-prone zones by analyzing eight conditioning factors, namely slope, elevation, vegetation cover, rainfall, land use land cover, soil type, soil moisture, and groundwater levels using the weighted overlay method (WOM). The methodology produced a classified LSM with zones of high (37.7%), moderate (58%), low (2%), and very low (2.3%) susceptibility, with validation via historical landslide data and ROC analysis yielding an AUC of 0.76, confirming strong predictive performance. The study underscores the value of GEE in hazard modeling and provides actionable insights for targeted risk mitigation, sustainable land use planning, and early warning system development in landslide-prone areas.
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1. Introduction


Landslides are among the most destructive natural hazards, resulting in extensive economic damage, loss of life, and disruption to livelihoods and ecosystems. Globally, the annual cost of landslides exceeds USD 20 billion [1]. Between 2004 and 2010 alone, 2620 non-seismically triggered landslides caused over 32,000 fatalities worldwide, with Asia bearing the highest toll, particularly along the Himalayan Arc and in China [2]. In Europe, 476 fatal landslides were recorded between 1995 and 2014, resulting in 1370 deaths and approximately EUR 4.7 billion in economic losses annually [3]. Similarly, Turkey experienced 389 fatal landslides between 1929 and 2018, while China’s historical losses exceed 250,000 deaths and half a billion dollars annually [4]. Even in countries like Canada, where fatalities are relatively low, landslides continue to cause major economic and infrastructural disruptions [5]. These examples highlight the widespread and multifaceted impacts of landslides, affecting both high-income and low-income regions alike.



Globally, landslide occurrences are rising, driven by a combination of natural and anthropogenic factors. Between 1900 and 2024, 543 significant landslides were reported worldwide, with Asia accounting for the majority (399), followed by the Americas (207) and Africa (78), including 12 in Uganda alone [6]. Intensified rainfall from climate change has heightened slope instability, while deforestation, unplanned urbanization, and land use changes have further increased vulnerability, particularly in densely populated, mountainous regions like those in Asia [7]. These trends highlight the need for data-driven tools to support early warning systems, real-time monitoring, and resilient land use planning.



Landslide susceptibility is rising across Africa due to the combined effects of rugged terrain, intense rainfall, deforestation, and unplanned development. A continental-scale study [8] identified the Horn of Africa, Eastern, and Southern regions as most at risk, expanding on [9] earlier Africa-wide susceptibility mapping. Research in Rwanda, Tanzania, Malawi, and the DRC confirms rainfall and land use change as key drivers [10,11]. The 2024 Gofa Zone disaster in Ethiopia, which killed 257 people, highlights the deadly consequences of climate extremes and weak governance [12]. In East Africa, Uganda is particularly vulnerable, with Mount Elgon consistently identified as a national hotspot, having experienced 41 of the country’s 98 major landslides and displacing over 129,000 people since 2010 [6]. The 2024 dam-triggered landslide, which left 141 dead, reflects a troubling increase in disaster severity [9]. Such recurring disasters emphasize the urgency of scalable and evidence-based solutions to improve preparedness and reduce risk.



While existing landslide susceptibility mapping (LSM) efforts in East Africa have yielded useful insights, most are constrained by static, desktop-based GIS workflows that lack scalability and real-time responsiveness [9,13]. The emergence of cloud-based geospatial platforms like Google Earth Engine (GEE) offers a transformative alternative, overcoming barriers related to data access, processing capacity, and infrastructure limitations [14]. When integrated with the weighted overlay method (WOM), GEE allows for automated, multi-criteria analysis that incorporates key conditioning factors such as slope, rainfall, soil, and land cover [15]. However, the application of GEE-WOM combinations remains rare in East African settings, particularly in Mount Elgon, where evidence-based, scalable tools for disaster preparedness are urgently needed.



This study aims to develop a high-resolution landslide susceptibility map for the Mount Elgon districts in eastern Uganda by integrating Google Earth Engine with the weighted overlay method. Using remotely sensed and geospatial data, the study generates a dynamic susceptibility index that accounts for both environmental and anthropogenic risk factors. By advancing a replicable and cloud-native methodology, it addresses the limitations of conventional GIS-based approaches and contributes a practical decision support tool for local planners, disaster managers, and policymakers. The outcome enhances the region’s capacity for early warning, land use planning, and resilience-building, offering a scalable model for other landslide-prone regions in sub-Saharan Africa.




2. Materials and Methods


2.1. Study Area


The study area, located in eastern Uganda between latitudes 0.75° N–1.60° N and longitudes 34.1° E–34.8° E, spans approximately 4223 km2 (Figure 1). It features varied topography ranging from 1044 to 4188 m above sea level, with slopes from 0° to 76° [16], contributing to diverse land use and susceptibility to landslides. The region receives about 1442 mm of annual rainfall, with temperatures ranging from 13.3 °C to 26.2 °C [17]. Dominant soils are primarily clay (92%) [18], and land cover is mainly forest (29%), shrubland (26%), grassland (24%), and cropland (18%), with minimal built-up areas, wetlands, bare land, and water bodies [19].




2.2. Dataset Description and Sources


The dataset used in this study was constructed using eight key landslide conditioning factors (LCFs) derived from multiple remote sensing and geospatial sources. To evaluate the proposed method, we used the global landslide dataset available from the NASA satellite repository [20]. Table 1 summarizes these datasets.




2.3. Landslide Conditioning Factor Preparation


Landslide conditioning factors were standardized to a 30 m resolution (EPSG:4326) and clipped to the study area. Key variables including rainfall, elevation, slope, groundwater, and soil moisture were classified into five natural break categories. Soil texture, LULC and the NDVI were reclassified into meaningful classes, ensuring consistency and thematic relevance for susceptibility mapping.




2.4. Weighted Overlay Approach


The weighted overlay method (WOM) is a widely applied knowledge-based empirical technique for landslide susceptibility mapping (LSM) [25]. Numerous studies have employed this approach to produce LSMs [26]. In this method, raster layers representing various landslide conditioning factors are overlaid to generate the susceptibility map. Each factor is reclassified and assigned a weight based on expert judgment and local knowledge, with the total weight summing to 100 [27]. All layers are then integrated using the weighted overlay formula, as outlined in Equation (1).


LSI = ∑ Wi × Sij/∑ Wi



(1)







It can be defined where LSM is a spatial unit of the final map, Wi is the weight of the ith factor, and Sij is a subclass weight of the jth factor. Upon the completion of this, LSM was the final product.




2.5. Validation of Landslide Susceptibility Maps


To evaluate model accuracy, two validation techniques were applied, namely landslide density analysis (LDA) and the receiver operating characteristic–area under the curve (ROC-AUC). The comparison of susceptibility map classes and the density of landslides in each of these classes was the first method. To examine the correlation between susceptibility zones and past events of landslides determined spatially, the Tabulate Area tool part of ArcGIS 10.7.1 was also used. A high density of landslides in high- and very high-susceptible areas shows a more authentic and precise model [26].



Also, the RC-AUC approach of comparing the model performance on a graph of sensitivity and specificity was carried out in Scikit-learn in accordance with the methods presented in [28,29]. The AUC value, having a range between 0.5 and 1, is a quantitative measure of predictive power of the model. A score that is close to 1 indicates a high rate of accuracy and reliability of predictions, and a value that is close to or lower than 0.5 shows that the model does not make any better predictions than the simple strategy of guessing [28,30].





3. Results


3.1. Landslide Conditioning Factors


The results indicate that landslides predominantly occurred on moderately sloped areas (Figure 2, Figure 3 and Figure 4), while very steep slopes experienced fewer events. Elevation was also a significant factor, with most landslides (20 cases) occurring between 1500 and 2500 m above sea level (m.a.s.l.).



Rainfall emerges as a key triggering factor, as 30 landslides occurred in regions with annual precipitation between 1500 and 2000 mm. Interestingly, areas receiving over 2000 mm of rainfall saw fewer landslides (four cases). Vegetation cover, assessed using the NDVI, further affects susceptibility. Most landslides (34) were found in areas with NDVI values below 0.2, indicating sparse vegetation.



Landslides were most frequently observed in forested (18 cases) and shrubland (12 cases) regions, which are typically marked by steep slopes. In contrast, only three inci-dents occurred in urban areas. Soil composition also played a significant role, with clay-rich soils known for their high-water retention linked to the majority of events (23 cases), followed by clay loam soils (12 cases). High groundwater levels were another critical factor, as all 35 landslides took place in zones with elevated groundwater presence.




3.2. Landslide Susceptibility Mapping


The study area was classified into four landslide susceptibility classes (Figure 5), and their respective percentage area coverages are summarized in Table 2. The results show that high-risk zones are mainly concentrated in the central and southern regions, while low-risk zones are located in the northern and northwestern parts.



The findings show that the region is largely characterized by high- and moderate-landslide-susceptibility zones, underscoring the need for focused mitigation measures in these areas. Conversely, zones with low and very low susceptibility occupy a relatively minor portion of the landscape, indicating limited landslide risk. Notably, no part of the region falls under the very high-susceptibility category, suggesting an absence of extreme landslide threat. These results offer important guidance for hazard management, enabling more effective and targeted strategies to reduce landslide risks and improve disaster readiness.




3.3. Validation of LSM Results


The validation procedure started with an evaluation of the distribution pattern between susceptibility zones and landslide concentration areas. About 97% of all mapped landslides appeared within areas designated as high-susceptibility zones according to the analysis results (Figure 5 and Table 3). The reliability of the generated map emerges through the strong relation between susceptibility classification areas and the occurrences of actual landslide events.



ROC curve analysis served to evaluate the accuracy of the LSM. The purpose of the accuracy assessment was to establish consistent LSM predictions through the separation of locations prone to landslides from those without any landslide risks. Figure 6 shows the ROC curve analysis, where evaluation through the AUC produced an outcome of 0.76 (76%). The predictive accuracy of identifying landslide susceptibility reaches high levels, because the model obtained an AUC score of 0.76 (76%).





4. Discussion


The findings indicate that landslide susceptibility is influenced by a combination of natural and human-induced factors, including slope, elevation, rainfall, vegetation cover, soil type, and groundwater levels. The LSM achieved successful classification of the study area into high-, moderate-, and low- and very low-susceptibility zones, where high and moderate areas represent the largest parts. The model exhibited high predictive accuracy based on landslide density distribution analysis and ROC curve validation.



Landslide occurrence presents its highest frequency on slopes with moderate angles between 5 and 15° according to study results which support earlier research findings about steep slopes having reduced susceptibility due to less human activity and stabilizing vegetation [31,32,33]. Most landslides occurred between 1500 and 2500 m. a.s.l, and this data matches findings from previous research according to [34]. The middle-elevation areas show higher rates of landslides, since they receive more rainfall while supporting increased soil moisture and human agricultural practices.



The study establishes rainfall as a major trigger of landslides, because the majority of recorded landslides occurred in areas that experience between 1500 and 2000 mm in annual rainfall. The occurrence of landslides becomes less frequent in locations receiving more than 2000 mm of rainfall, since dense vegetation minimizes slope instability. A study [28,35] confirms that vegetation is vital in stopping slope failures. The study data confirmed the connection between higher groundwater levels, because all observed landslides occurred in zones with high groundwater pressure [36].



Soil class and LULC proved to be another critical factor. Clayey soils displayed the most landslide occurrences because they are known to retain high levels of water [37]. The combination of steep slopes in forest and shrubland areas triggered higher landslide numbers than urban areas because forest and shrubland zones possess natural terrain instability, yet urban areas receive benefits from engineered stabilization practices [32]. The analysis demonstrates that various environmental elements work together in landslide susceptibility; thus, it becomes essential to develop specific remediation approaches.



The findings validate previous research about landslide susceptibility together with new specific observations. Soil types and groundwater levels have proven to be more influential for landslide risks than previously established factors of rainfall and slope angle according to [32]. This research backs up [37,38] the theory that long-term saturated soil causes slope fragility, which results in slope instability.



The main innovation within this model relies on the incorporation of GEE for landslide mapping, providing improved precision and data accessibility. GEE demonstrates superior performance compared to standard GIS-based methods because it enables swift data processing during real-time operations, which leads to faster landslide susceptibility evaluations. The model shows reliable performance because its validation accuracy measure (AUC = 76%) matches similar research that used ROC curve analysis findings [26,27]. The use of weighted overlay analysis with remote sensing data produces successful results in identifying landslide-prone areas.



The investigation produces critical findings which affect how natural disasters are managed, as well as how urban areas should be designed and how environmental protection should be pursued. Landslide prevention measures starting with high- and moderate-risk zones require land conservation efforts alongside slope protection through engineered techniques along with controlled land management. The project planning of urban areas and infrastructure development should include geotechnical assessments along with drainage systems, as these areas mainly experience landslides within forested and shrubland territories. Regarding agricultural practices, mid-elevation areas, where most landslides occur, require sustainable land management strategies to prevent further slope degradation. Additionally, the integration of real-time satellite data and machine learning models could enhance early warning systems, helping communities prepare for potential landslide hazards.



This study has several limitations. The analysis relies on the weighted overlay method, which may not fully capture complex landslide patterns. Additionally, key variables such as geology were excluded due to data limitations. Uncertainties in landslide data and biases in remote sensing products (e.g., rainfall and soil moisture) were also not addressed, impacting accuracy. Future research should explore hybrid models combining geospatial analysis, artificial intelligence, and in situ measurements to create more accurate and adaptive landslide susceptibility models.



This study successfully applied GEE-based spatial analysis to map landslide susceptibility in the Mount Elgon region, providing high-accuracy predictive insights (AUC = 76%). The results underscore the critical role of slope, rainfall, soil type, vegetation, and groundwater levels in landslide occurrence. The developed LSM serves as a valuable tool for hazard mitigation, land use planning, and early warning systems. However, addressing model limitations through machine learning integration, geological data incorporation, and improved landslide inventories will be essential for enhancing future landslide risk assessments. By leveraging advanced geospatial tools and data-driven approaches, this research contributes to a more effective and accessible landslide risk assessment framework, ultimately supporting sustainable disaster resilience and environmental management in landslide-prone regions.




5. Conclusions


This study successfully employed Google Earth Engine (GEE) and a weighted overlay method (WOM) to enhance landslide susceptibility mapping in the Mount Elgon districts of eastern Uganda. The analysis carried out the identification of major environmental conditions that contribute to the risk of landslides, and these conditions are the angle of slope, elevation, plant cover, precipitation, land use land cover, soil type, soil moisture, and the level of groundwater. Moderate-sloping terrain (5–15), mid-range altitude (1500–2500 m), low vegetative cover (NDVI < 0.2), high precipitation (1500–2000 mm), soils enriched in clay, and areas with a high-water table were proven to be the most vulnerable to landslides.



The susceptibility mapping identified four different risks zones, namely very low, low, moderate, and high in the region. Areas of high and moderate susceptibility were more concentrated in the central and southern areas of the research region, whereas the susceptible areas were predominantly in the north and northwest of the study area. This accuracy of the model was checked by ROC analysis, which revealed an AUC value of 0.76, implying strong conformity between the mapped high-risk areas and the observed landslides.



These findings provide critical input for risk-informed land use planning, early warning systems, and targeted interventions. Immediate priorities include slope stabilization, improved drainage systems, and reforestation in high- and moderate-risk zones. The study underscores the importance of integrating geospatial tools into disaster risk management to deliver efficient, data-driven solutions.



Finally, enhancing public awareness through the education, evacuation drills, and capacity-building of local authorities is essential to increase community resilience. Future research should explore climate change impacts in high-rainfall zones and encourage collaboration among government agencies, researchers, and communities to strengthen preparedness and response strategies for landslide hazards.
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Figure 1. Geographical location of the study area. 
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Figure 2. Landslide distribution across different conditioning factors. 






Figure 2. Landslide distribution across different conditioning factors.



[image: Geohazards 07 00050 g002]







[image: Geohazards 07 00050 g003] 





Figure 3. LCFs used for LSM. (A) Slope. (B) Elevation. (C) NDVI. (D) Rainfall. 
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Figure 4. LCFs used for LSM. (A) LULC. (B) Soil. (C) Groundwater storage. (D) Soil moisture. 
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Figure 5. Landslide susceptibility map (LSM). 
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Figure 6. Receiver operating characteristic (ROC) curve for landslide susceptibility assessment. 
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Table 1. Description of landslide conditioning factors and data sources.






Table 1. Description of landslide conditioning factors and data sources.





	Condition Factor
	Source
	Resolution
	Dataset Name/Platform
	Derived From
	Notes/Purpose





	Elevation
	[16]
	30 m
	SRTM (USGS/SRTMGL1_003)
	-
	Topographic factor for slope and TPI derivation



	Slope
	Derived from DEM (SRTM)
	30 m
	-
	DEM (SRTM)
	Indicates terrain steepness, a key landslide driver



	Soil Texture
	[18]
	250 m
	OpenLandMap/SOL/SOL_TEXTURE …
	-
	Affects infiltration and slope stability



	Groundwater
	[21]
	25 km
	NASA/GLDAS/V022/CLSM/G025/DA1D
	-
	Indicates subsurface water presence



	Soil Moisture
	[22]
	10 km
	NASA/FLDAS/NOAH01/C/GL/M/V001
	-
	Used to evaluate water saturation in soil



	Land Use Land Cover
	[19]
	10 m
	ESA WorldCover 2020
	-
	Shows anthropogenic vs. natural coverage



	NDVI
	[23]
	30 m
	Landsat 8 (LC08/C02/T2_L2)
	Landsat imagery
	Proxy for vegetation cover and root cohesion



	Rainfall
	[24]
	5 km
	CHIRPS (UCSB-CHG/CHIRPS/PENTAD)
	-
	Major trigger for rainfall-induced landslides










 





Table 2. Landslide susceptibility classification by area and percentage.
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	Landslide Susceptibility Class
	Area (Sq. km)
	Percentage (%)





	Very High Risk
	0
	0



	High Risk
	1590
	37.7



	Moderate Risk
	2453
	58



	Low Risk
	85
	2



	Very Low Risk
	95
	2.3



	Total
	4223
	100%










 





Table 3. Landslide susceptibility level of map and observed landslides.






Table 3. Landslide susceptibility level of map and observed landslides.





	Landslide Susceptibility Class
	Landslides





	Very High Risk
	0



	High Risk
	34



	Moderate Risk
	1



	Low Risk
	0



	Very Low Risk
	0



	Total
	35
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2026 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license.



























media/file4.png
Elevation

2500-3500 m

1500-2500 m 20

1000-1500 m

20
Rainfall
>2000 mm -
1500-2000 mm 30
1000-1500 mm 1
5 10 15 20 25 30 35
Groundwater

High Groundwater

40
Urban Areas
Grassland
Shrubland
Forest 18
0:0 2:5 5.I0 7.I5 10I.0 12'.5 15'.0 17'.5 ZC:.O

Slope
>45°
15°-35°
5°-15°
0°-5°
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17:5
Soil Texture
Clay 23
Clay Loam
0 5 10 15 20 25

Soil Moisture

Low Moisture

NDVI

<0.2 34
0.2-0.4 1

o -
w
]
o

15 20 25 30 35





nav.xhtml


  geohazards-07-00050


  
    		
      geohazards-07-00050
    


  




  





media/file2.png
N

1N

1*5

28 E 9 E 0" E 51'E 32E 33'E M'E 35'E 36" E
L LB T T T 1 T L) L]
Main Study Area
iro
r Elgon Districts §
Par Eldor et
Matonal @ a
) X ,Kakamega
Butembo
bl Nakuru
Lok D
Cdw
Legend
[ : Mount Elgon Districts
: L ake
__Par Bukoba Victona [:l Uganda_adm 1 Boundeny
130 R de f Musoma

Souwces  Esri, HERE, Garmin, Intermen, incement P Corp., BEBCO, USGS, FAD, NPS, NRCAN, GeoBase,

M atic d s IGN, Kadas ter NL. Ordnance Survey, Esri Japan, MET], Esri Chin®\jHong Kong), (¢} CpenSiresiiiap
1 1 ¢ - o 1 S merd 1 contribulors, nr'ﬂllhl:GIS User chnfm.r'if': 1 1
2B'E 0 E 30*E 31'E 32*E 33*E ME a5t E 35'E

N

N






media/file13.png





media/file5.jpg





media/file3.jpg





media/file1.jpg





media/file7.jpg





media/file10.png
2°N

1"N

34°E 34" E 35" E

Landslide Suscptability Map

it
0 5 10 20 30 40
.| Kilometers

Legend

L nasa_landslide_reports

- Low Suscptability

[:l Moderate Suscptability

I High Suscptability

- Very High Suscptability

34° E 34° E F5™E

1"N






media/file12.png
True Positive Rate

Receiver Operating Characteristic (ROC) Curve

1.0 >
”
F
”
”
”
”
7”7
”
”
0.8 . /,
”
”
”
”
”
”
”
//
0.6 - ”
”
”
”
”
”
”
”
”
”
0.4 =T
”
”
”
”
”
”
”
//
0.2 - ”
”
= ROC Curve (AUC = 0.76)
0.0 | I L] L
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate





media/file9.jpg
»n

x

o

o

o

Landslide Suscptability Map

Legend

® o tandside_roports

I Low Suscptabiny

Moderate Suscptabity

I ioh Suscptabilty

I ey Hioh Suscprabiy

)

v

o

o

o






media/file8.png
(A) LULC

Legend
# nasa_Land Siide_repors

[

I shrubland

- Graseland

- Croplang

I G ue

[ ] Baretand

- Winter body

[ wiestiana

(B) Soil Class

Legend

# nasa_land Slide_reports

- Clay

- Sandy Clay
B cevLoam
- Sandy Clay Loam
B e

- Sandy Loam

(C) Ground Water
Storage (mm)

egend

- nasa_Land Slide_reports
groundWater

- EERET

B svo- 200

- 1,300 - 1,300

B <00 1700

| RELIERE:

L4
( D) Soil Moisture
{0-10 cm)

Legend
# nasa_Land Slide_reparts

soiMoisture

| EERE

B o:i-022

[ 03¢-035

B 02e-037

B oz=-02s






media/file11.jpg
True Positive Rate

10

Receiver Operating Characteristic (ROC) Curve

— RoC curve (AUC = 0.76)

02

o4 o6
‘Tolos oultive fats

o8 10





media/file6.png
(A) Slope

Legend

' nasa_Land Skde_reports
slope (degree)
R
i

az-14
15.22

.35

3E-83

]

(B} Elevation (m.a.s.l)

Legend

# nasa_lLand Shde_reports

I 000 - 1,300
B 1.400 - 1,800
B 1200 - 2,400
B 2500 - 3.200
B :.:00- 4,300

(C) NDVI

egend

. nasa_Land Slide_reports
ndvi

| ELEEREE

B 00210087

] 0.088-0.1e

I o.17- 026

Bl cz-0s0

(D) Rainfall {mm)

Legend
# nasa_Land Slide_reports
rainfall {mm)
B o200
B 1 200- 7400
B 1500 - 1200
I 700 - 1200
B =00 z2m






