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Abstract 9 

This review is necessary to provide a comprehensive evaluation of rainfall-induced 10 
landslide early warning systems (LEWS) through the lens of the United Nations ‘Early 11 
Warnings for All’ (EW4All) framework. This study integrates EW4All pillars, examines 12 
information sharing in academic publications and official websites/portals, and 13 
evaluates the global feasibility of implementing EW4All for LEWS. Of 45 rainfall-14 
induced systems, 27 (26 LEWS and one Forecasting-focused system) were found 15 
operational (benefiting 19 countries), meaning they were implemented and actively 16 
used for warning purposes when this paper was prepared. Some forecasting-focused 17 
systems were misleadingly described as early warning systems. Among Local, 18 
Regional, and National systems, Local systems were often less scalable and more 19 
resource-intensive. Operational systems were mainly National, followed by Regional. 20 
Most operational systems relied on rainfall thresholds. Some included susceptibility 21 
maps; risk maps were largely absent. Real-time sensor data were used in some 22 
systems; however, high maintenance costs limited scalability. Reliability was further 23 
constrained by data scarcity, limited forecast verification, and suboptimal use of 24 
Artificial Intelligence. Community engagement was infrequently documented in the 25 
reviewed systems. Although EW4All is transformative, implementing effective LEWS 26 
across rainfall-induced landslide-prone areas worldwide by 2027 remains impractical 27 
without localised approaches, sufficient funding, community engagement, and 28 
enhanced institutional capacity. 29 
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1 Introduction 37 

1.1 The early warnings for all (EW4All) framework 38 

Several initiatives have been undertaken since 1989 to develop effective early warning 39 
system(s) (EWS), with the aim of minimising human suffering and disruption (Fig. 1).  40 
The first global effort towards disaster risk reduction (DRR) began in 1989, when the 41 
United Nations (UN) declared the ‘International Decade for Natural Disaster Reduction’ 42 
(IDNDR) (1989–1999) to enhance DRR activities.  43 

 44 

Figure 1: A brief history of events, publications, announcements, and other milestones 45 
in the development of early warning systems from 1989 to the present day [Figure 46 
modified after UN (2023)]. 47 
 48 

During the IDNDR, the first landmark international guidance and framework for DRR, 49 
the ‘Yokohama Strategy and Plan of Action for a Safer World’ was launched in 1994. 50 
Under the principles of this framework, early warning (EW) was identified as a key 51 
factor in effective disaster prevention and preparedness activities (UNISDR, 1994). 52 
However, EW was still a nascent concept within this framework, which lacked a 53 
detailed and clearly defined mechanism for EWS implementation (UNISDR, 2005). 54 
The tragic catastrophe of the Indian Ocean tsunami in December 2004, which killed 55 
more than 230,000 people around the Indian Ocean (Lay, 2012), made the 56 
international DRR community realise that EWS could save thousands of lives 57 
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(UNISDR, 2006). Consequently, soon after the tsunami, the first global blueprint for 58 
DRR, the ‘Hyogo Framework for Action (HFA) 2005–2015’, was adopted in January 59 
2005 by the global DRR community.   60 

 61 

Figure 2: UN defined four pillars of the people-centred multi-hazards EW4All 62 
framework [Figure slightly modified after UN (2023)]. 63 
 64 

Among the five priorities for action, Priority two was ‘identify, assess and monitor 65 
disaster risks and enhance early warning’, with an emphasis on developing an EWS 66 
(UNISDR, 2005). However, several limitations were identified (UNISDR, 2015), such 67 
as the HFA emphasising the development of sector-specific (single-hazard) rather 68 
than integrated (multi-hazard) EWS. Furthermore, the engagement of all sectors (e.g., 69 
public, private, civil, academia, and scientific) was not ensured. Moreover, the HFA 70 
lacked a people-centred EWS. The HFA also treated the EWS as a siloed system 71 
(which was not explicitly incorporated into disaster risk management plans and 72 
policies) that limits its effectiveness in addressing the causal (e.g., climate change, 73 
and unplanned urbanisation) and compounding (e.g., demographic change, and poor 74 
institutional capacity) factors of disaster risk. Additionally, the small island developing 75 
countries (SIDs), least developed countries (LDCs), and landlocked developing 76 
countries (LLDCs) faced multifaceted challenges in securing financial, technical, and 77 
institutional resources. These limitations of the HFA led to the adoption of a more 78 
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comprehensive framework for DRR, the ‘Sendai Framework for Disaster Risk 79 
Reduction (2015–2030)’, in 2015 (UNISDR, 2015). While people-centred multi-hazard 80 
EWS (MHEWS) are emphasised in the Sendai Framework under Target G, the 81 
implementation of MHEWS has remained slow and uneven under this policy 82 
framework. In 2022, it was reported that fewer than half of the countries worldwide 83 
lacked MHEWS coverage (UNDRR and WMO, 2022). Therefore, a more targeted 84 
initiative to accelerate the operationalisation of the MHEWS in line with Target G was 85 
launched in 2022, known as Early Warnings for All (EW4All) (UN, 2023). 86 

EW4All is a groundbreaking initiative, and its main objective is to ensure that by the 87 
end of 2027, every human being on the planet is protected from hazardous weather, 88 
water, and climate events through timely warnings provided by EWS. 89 

The EW4All initiative has three main targets, as follows (UN, 2023):  90 

i. global coverage,  91 
ii. multi-hazard impact-based EWS, and  92 

iii. people-centred EWS.  93 

Although EWS exist in some parts of the world, global coverage of these systems has 94 
not yet been ensured (UN, 2023). Some parts of the world remain without adequate 95 
EWS coverage, particularly LDCs and SIDs, with the situation being most severe in 96 
Africa (Guterres, 2022). Fig. 2 portrays the UN-defined framework of people-centred 97 
multi-hazard early warning systems (MHEWS) for all (EW4All), comprising four pillars. 98 
Several organisations contribute to leading each pillar. EW4All has four pillars, as 99 
follows (UN, 2023): 100 

Pillar 1: Disaster risk knowledge: Systematically collect data and undertake risk 101 
assessments.  102 

Pillar 2: Detection, observation, monitoring, analysis, and forecasting: Develop hazard 103 
monitoring and early warning services. 104 

Pillar 3: Warning dissemination and communication: Communicate risk information 105 
and early warnings. 106 

Pillar 4: Preparedness and response capabilities: Build national and community 107 
response capabilities. 108 

1.2 The necessity of the early warning system  109 

Since the UN initiated systematic efforts towards DRR activities in 1989, significant 110 
progress has been made (UN, 2023).  However, increasing concentrations of human-111 
induced greenhouse gases in the atmosphere have disrupted climatic and 112 
meteorological processes, contributing to increases in the intensity and frequency of 113 
extreme climate-related events (e.g., floods, landslides, droughts, cyclones, 114 
heatwaves, and others), which are expected to intensify further (Lee et al., 2023). As 115 
the frequency of climatic extremes increases over time (Fig. 3), so does the number 116 
of people affected. Numerous adverse impacts, including death, injury, property 117 
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damage, and loss of livelihoods, are recorded every day. Moreover, the environment 118 
is severely affected, creating conditions that may further exacerbate the risks 119 
associated with subsequent hazards. These extreme events may be associated with 120 
single or multiple hazards, thereby creating multi-hazard risk. This means that two or 121 
more hazardous events may occur in an area simultaneously (e.g., flash floods and 122 
landslides), or cumulatively (e.g., recurrent flash flooding), or sequentially (e.g., 123 
tropical storms and landslides), resulting in disproportionately severe impacts on 124 
people and property (Lee et al., 2024).  125 

 

 

Figure 3: Temporal trends in the total number of natural disasters between 1900 and 126 
2024, a) cumulative trend across all continents, and b) continent-specific trends (Data 127 
source: EM-DAT). 128 
 129 

https://www.emdat.be/
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It is very challenging to reduce or avoid hazards completely; however, a recognised 130 
way to reduce their potential impacts is to ensure that people have access to EWS 131 
and, therefore, the opportunity to take appropriate anticipatory action before a 132 
hazardous event occurs. More specifically, an EWS is “an integrated system of hazard 133 
monitoring, forecasting, and prediction, disaster risk assessment, communication, and 134 
preparedness activities systems and processes that enables individuals, communities, 135 
governments, businesses, and others to take timely action to reduce disaster risks in 136 
advance of hazardous events” (UNDRR, 2017). Some affected people have access to 137 
timely warnings through EWS, allowing them to prepare for upcoming events. 138 

 

 
Figure 4: a) Temporal trends in the total number of climatological, hydrological, and 139 
meteorological disasters and b) individual disaster types between 1900 and 2024 140 
(Data source: EM-DAT). 141 
 142 

https://www.emdat.be/
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Moreover, rapid urbanisation has forced people in low- and middle-income countries 143 
to reside in vulnerable and hazardous areas, such as industrial areas, unstable slopes, 144 
and floodplains (Ozturk et al., 2022). These people are often economically 145 
marginalised and struggle to afford homes in safer and more stable areas due to higher 146 
land prices. As displacement increases, more and more people are migrating to urban 147 
areas, often settling in these vulnerable and hazardous locations. This contributes to 148 
a rapid increase in informal settlements characterised by low-quality housing materials, 149 
unstable political governance (Werthmann et al., 2024), inadequate road networks and 150 
drainage facilities, and other essential infrastructure. Therefore, during emergencies, 151 
people living in such areas are often unable to evacuate safely, increasing the potential 152 
for disastrous consequences. EWS are therefore particularly important for these 153 
communities to minimise potential loss and damage.  154 

However, one-third of the world’s population, especially those living in LDCs and SIDS, 155 
does not have access to timely and effective EWS that would enable them to prepare 156 
for upcoming hazardous events, resulting in increased loss and damage (UN, 2023). 157 
Hence, there is a need for EWS that can provide and disseminate timely warnings to 158 
all local communities, enabling them to take appropriate action to reduce the impacts. 159 

1.3 Why are rainfall-induced landslides a concern? 160 

A significant upward trend is observed in the occurrence of hydrological disasters (Fig. 161 
4a), and hydrological disasters account for about 90% globally (Perera et al., 2019). 162 
Among these, rainfall-induced landslides (mass movement - wet) are identified as the 163 
third most common hydrological disaster globally (Fig. 4b). Recent studies have shown 164 
that human activities such as construction, illegal hill cutting, and mining, largely 165 
associated with urbanisation, are increasingly contributing to fatal landslides 166 
(Alcántara-Ayala, 2025; Ozturk et al., 2022; Froude and Petley, 2018; Petley, 2009). 167 
Between 1998 and 2017, an estimated 4.8 million people were affected by landslides, 168 
resulting in more than 18,000 deaths (WHO, 2025). Therefore, the combined effects 169 
of climate change and rapid urban expansion are expected to increase landslide risk 170 
globally, leaving large numbers of people residing in informal settlements at higher risk 171 
(Werthmann et al., 2024; Ozturk et al., 2022). Despite their prevalence and significant 172 
social, economic, and environmental impacts, rainfall-induced landslides frequently 173 
receive less attention than more visibly catastrophic events such as floods, tsunamis, 174 
volcanic eruptions, and earthquakes (Guzzetti, 2021).  175 

According to Varnes (1978), ‘landslide is the downslope movement of soil, rock, and 176 
organic materials under the effects of gravity, which occurs when the gravitational 177 
driving forces exceed the frictional resistance of the material resisting on the slope’. 178 
Depending on the type of material involved in the movement, landslides are classified 179 
into six major categories as follows: flow, fall, topple, spread, slide, and complex 180 
(Varnes, 1978). Global inventories of fatal landslides covering 1995–2014 (Haque et 181 
al., 2019) and 2004–2016 (Froude and Petley, 2018) demonstrate a strong association 182 
between rainfall and fatal landslide occurrence. Froude and Petley (2018) reported 183 
that 79% of non-seismic fatal landslide events were triggered by rainfall, while Haque 184 
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et al. (2019) found that more than half of the recorded deadly landslide events occurred 185 
in areas exposed to extreme rainfall. The Intergovernmental Panel on Climate Change 186 
(IPCC) has reported that increased concentrations of greenhouse gases in the 187 
atmosphere are disrupting the global water cycle and, subsequently, intensifying 188 
extreme rainfall events that are unevenly distributed across the globe (Seneviratne et 189 
al., 2021). Extreme rainfall events cause slopes to become saturated with water, 190 
increasing pore water pressure and reducing slope stability, which may ultimately lead 191 
to slope failure. Landslides usually occur near weak points in slopes, such as joints, 192 
cracks, drainage channels, and fault lines of the slopes. Initial failures usually occur at 193 
these weak points, often triggered by factors such as rainfall and unplanned 194 
urbanisation, contributing to slope destabilisation. Such initial failures may further 195 
destabilise the slope, increasing its susceptibility to subsequent landslides. This 196 
process can create a feedback loop in which successive failures further weaken the 197 
slope and potentially contribute to additional and larger landslides in that area.  198 

Landslide risk is associated with the interaction between exposure, hazard, and 199 
vulnerability. When an external hazard factor, such as rainfall, is coupled with high 200 
exposure in vulnerable areas, it can result in landslides of varying severity. Therefore, 201 
the current expansion of urban areas into vulnerable locations amplifies landslide risk 202 
in the absence of an adequate EWS. Landslides are often associated with compound 203 
or cascading hazards involving floods and storms; they also present specific 204 
challenges, particularly in relation to uncertainties, forecasting, communication, and 205 
governance. These challenges are further complicated by the fact that ‘landslides’ is 206 
an umbrella term encompassing multiple landslide types, each posing its own 207 
challenges in the EW4All context. Although EWS have proven effective in reducing 208 
disaster impacts, the application of rainfall-induced landslide early warning system(s) 209 
(LEWS) remains geographically limited and fragmented (Guzzetti et al., 2020). 210 
Moreover, rainfall-induced LEWS are not always effective for several reasons, 211 
including the absence of risk-based mapping and community engagement, a lack of 212 
impact-based forecasting, and the absence of anticipatory action plans. Existing 213 
literature on LEWS provides information on rainfall thresholds, monitoring approaches, 214 
statistical modelling, and spatial scales. These contributions largely focus on 215 
forecasting. In particular, less attention has been given to operational and governance 216 
dimensions, including institutional responsibility, warning dissemination, community 217 
preparedness, response capacity, and implementation feasibility. Therefore, adopting 218 
the EW4All framework allows this review to reinterpret existing LEWS studies beyond 219 
technical performance and to assess the extent to which they address the wider 220 
requirements of effective early warning. An effective LEWS can contribute significantly 221 
to reducing potential loss and damage from rainfall-induced landslides; however, its 222 
effectiveness depends on wider risk reduction measures, including land-use planning, 223 
governance structures, exposure reduction, vulnerability reduction, and preparedness 224 
planning. 225 
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1.4 Novelty and originality 226 

This study advances research on rainfall-induced LEWS by explicitly reframing the 227 
field within the UN EW4All framework. Although previous reviews have compared 228 
LEWS across local, regional, and national scales, they have generally focused on 229 
specific technical dimensions, such as thresholds, scale, or modelling approaches 230 
(Piciullo et al., 2018; Guzzetti et al., 2020). The distinct contribution of this review lies 231 
in its integrative and evaluative perspective, which considers LEWS through the 232 
EW4All pillars and assesses their implications for implementation. Rather than merely 233 
compiling published LEWS studies, this review reinterprets them through the 234 
operational and governance dimensions of EW4All, including institutional 235 
responsibility, warning dissemination, preparedness, response capability, and 236 
implementation feasibility. In addition, this review examines the extent to which LEWS-237 
related information is shared in academic publications. Finally, it evaluates the 238 
feasibility of applying the EW4All framework, in its current form, to the development of 239 
LEWS  worldwide. The novelty does not lie in identifying each individual technical or 240 
operational limitation for the first time; rather, it lies in examining how these established 241 
limitations interact across the complete warning chain represented by the EW4All 242 
framework. 243 

Accordingly, the core objectives of this study are twofold: first, to identify the main 244 
challenges and areas requiring improvement in the development of rainfall-induced 245 
LEWS through the EW4All lens; and second, to assess the feasibility of applying the 246 
EW4All framework to the development of rainfall-induced LEWS globally by the end 247 
of 2027.  248 
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2 Selection process of the system for the systematic literature review 249 

 250 

Figure 5: In alignment with PRISMA 2020 methodology, the selection process was 251 
used to identify unique systems for inclusion in the literature review. 252 
 253 

This literature review was conducted systematically, following predefined selection 254 
criteria. As the PRISMA 2020 methodology provides a standardised framework for 255 
identifying, screening, and selecting relevant studies, it was adopted in this study to 256 
select relevant articles and websites (Fig. 5). Articles were retrieved from five 257 
databases: Scopus, Web of Science, ScienceDirect, GeoRef, and the Institute of 258 
Electrical and Electronics Engineers (IEEE) Xplore. The LandAware catalogue, 259 
together with official government and agency websites/portals, was used to 260 
supplement the literature records. This supplementary grey-literature search was 261 
conducted in a targeted manner. These sources were used to verify the operational 262 
status of each system, collect evidence to inform the assessment of Pillars 3 and 4, 263 
and identify operational LEWS that were not captured in the filtered literature. Only 264 
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publicly available supplementary information meeting the defined language (English) 265 
criteria was utilised. 266 

There is a clear distinction between ‘forecasting’ and an ‘early warning system’. 267 
Forecasting is an integral component of EWS. Forecasting is a definite statement or 268 
statistical estimate of the likely occurrence of a future event or conditions for a specific 269 
area (UNISDR, 2009). However, EWS is an integrated system of hazard monitoring, 270 
forecasting and prediction, disaster risk assessment, communication and 271 
preparedness activities, systems and processes that enables stakeholders to take 272 
timely action to reduce disaster risk before hazardous events occur (UNDRR, 2017). 273 
In the published literature, many authors have used the term ‘EWS’ to describe their 274 
work, although they discussed only the forecasting component. This review paper 275 
considers both articles in which  LEWS (all pillars of landslide EWS were present) and 276 
forecasting-focused systems (only those where the systems were described as LEWS)  277 
were discussed. Therefore, the term ‘system’ is used throughout this review to 278 
encompass records of both LEWS and forecasting-focused systems. A system 279 
classified as LEWS had evidence, from publications, official websites, portals, or blogs, 280 
of a complete EWS chain. A system classified as forecasting-focused lacked evidence 281 
of a complete EWS chain. 282 

The search term used to search for the potential records was ‘Rainfall-induced 283 
landslide early warning systems.’ Landslides can also be triggered by earthquakes. 284 
However, this review focused exclusively on rainfall-induced landslides. Therefore, 285 
systems addressing earthquake-induced landslides were excluded during the 286 
selection process. 287 

Systems discussed in articles published between 2015 and 2026 were considered for 288 
this study. Therefore, systems with no relevant publication during this period were not 289 
included in the main dataset. This may have excluded some older but still operational 290 
systems. This approach enabled the review to focus on current published evidence, 291 
recent methodological and operational challenges, and the gap between what is 292 
reported in recent literature and what is required for a complete EW4All-aligned LEWS. 293 
Next, the screening process was initiated. After applying all the criteria specified in Fig. 294 
5 and scrutinising the titles of the articles, documents, and websites, 57 records 295 
remained. Of these 57 records, six were subsequently excluded because they did not 296 
meet the main objective of this study. Finally, 51 system records were selected. 297 
Among these 51 records, multiple records describing the same system were merged. 298 
After this consolidation, a total of 45 unique systems were identified.  299 

For each unique system, a structured data-extraction protocol was used to extract 300 
information on country; locality; areal coverage; system scale (National, Regional, or 301 
Local); system type (LEWS or Forecasting-focused); operational evidence; strength of 302 
the evidence (High or Moderate); Pillar 1 (P1) assignment source, Pillar 2 (P2) 303 
assignment source, Pillar 3 (P3) assignment source, and Pillar 4 (P4) assignment 304 
source; source of the pillar assignments; and references (Appendix A1). ‘High’ 305 
strength was assigned where explicit information was provided in the relevant articles 306 
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or official websites/portals. ‘Moderate’ strength was assigned where explicit 307 
information was not found in the relevant articles or official websites/portals. 308 
‘Operational’ status was assigned to systems for which current routine warning 309 
dissemination was demonstrated, either in published literature or supplementary 310 
official blogs, portals, or websites. ‘Non-operational’ status was assigned to systems 311 
for which current routine warning dissemination was not demonstrated. This category 312 
included systems that were designed, prototyped, experimentally tested, validated, or 313 
recommended for future implementation. Systems designed to monitor and 314 
disseminate warnings for a specific slope, site, catchment, or settlement were defined 315 
as ‘Local’. Systems designed to monitor and disseminate warnings for a subnational 316 
area, such as a municipality, city, district, province, or region, were defined as 317 
‘Regional’. Systems designed to monitor and disseminate warnings for multiple 318 
landslide-prone regions or municipalities, or for an entire country, were defined as 319 
‘National’. 320 

In addition to technical and methodological considerations, LEWS development is 321 
strongly influenced by institutional ownership and operational responsibility. In many 322 
contexts, geological surveys or comparable technical agencies may lack either the 323 
continuous operational capacity required for warning services or the formal mandate 324 
to issue warnings. Consequently, LEWS may emerge through community-led 325 
initiatives or be developed by sector-specific actors, such as transport agencies, that 326 
face recurrent disruption from landslides. These forms of locally embedded practice 327 
are often insufficiently captured in academic publications. Yet, they are directly 328 
relevant to EW4All, whose implementation framework emphasises social inclusion, 329 
local engagement, and people-centred warning systems. 330 

3 Results and Discussion 331 

 332 
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Figure 6: Geographical distribution and type of system identified from the selected 333 
45 systems. 334 

The information on the 45 systems presented in this section was derived exclusively 335 
from the referenced publications, websites, portals, and official blogs. Only details 336 
explicitly reported and supported by evidence from these supplementary sources were 337 
included. Where relevant information was not found, it was treated as not reported for 338 
that system in this analysis. Furthermore, because the study selection process 339 
involved several filtering stages, some potentially relevant publications may have been 340 
excluded. As a result, the plots and associated discussion may reflect some degree of 341 
missing or incomplete information. This limitation highlights an important aspect of 342 
global comparison. Some studies described technical forecasting methods in detail, 343 
while others provided limited information on institutional mandates, warning 344 
dissemination, preparedness actions, operational status, or community engagement. 345 
For this reason, comparisons among systems developed across different countries 346 
and scales may partly reflect differences in reporting practices, rather than solely 347 
differences in the actual performance or maturity of the systems. 348 
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3.1 Pillar 1: Landslide risk knowledge 349 

 350 
Figure 7: Operational status of the reviewed systems by spatial scale. 351 

The 45 unique systems covered 23 countries worldwide (Fig. 6, Appendix A1). Of 352 
these 45 systems, 33 were classified as LEWS, while the remaining 12 were classified 353 
as forecasting-focused (Table 1). LEWS accounted for six (46.2%) of 13 Local 354 
systems, 12 (75.0%) of 16 Regional systems, and 15 (93.75%) of 16 National systems. 355 
Previous studies found that although there are operational National, Regional, or Local 356 
LEWS in some countries, many areas at very high risk of landslides, where loss and 357 
damage are substantial, remain uncovered by any of these LEWS (Guzzetti et al., 358 
2020; Froude and Petley, 2018). LEWS that remain at the non-operational stage have 359 
been recommended by their authors for operational implementation (Liu et al., 2024; 360 
Guo et al., 2019). In such cases, these LEWS may not have been operationally 361 
implemented because of the limitations in effective coordination and collaboration 362 
among the relevant departments, agencies, or authorities.  363 

Fig. 7 shows the operational status of the 45 reviewed systems according to their 364 
spatial scale. Among the 45 systems, 27 were identified as operational, while the 365 
remaining 18 were identified as non-operational. A relatively balanced distribution of 366 
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systems was observed across the three spatial scales: 16 National, 16 Regional, and 367 
13 Local. However, operational status differed markedly across spatial scales within 368 
this sample. Only 15.4% of Local systems were operational, compared with 56.25% 369 
of Regional systems and 100% of National systems. This distinction may indicate that 370 
most National systems benefit from established institutional mandates that support 371 
their operationalisation. Both National and Regional systems are comparatively more 372 
scalable and may be easier to sustain institutionally. Each slope is distinct because of 373 
its unique geological and geomorphological characteristics, which may require a 374 
tailored monitoring approach (Khan et al., 2021; Wieczorek and Snyder, 2009). Local 375 
LEWS are therefore often designed around site-specific monitoring strategies, with 376 
monitoring parameters and instruments selected according to the characteristics of 377 
the landslide being monitored (Pecoraro et al., 2019). Accordingly, some systems had 378 
been developed to focus on individual slopes; however, most remained at the non-379 
operational stage. This may be partly because implementing a Local LEWS for a single 380 
community on a specific slope is not always economically feasible, as cost–benefit 381 
analyses may indicate that the associated costs outweigh the potential benefits 382 
(Sapena et al., 2023). Local systems require slope-specific instruments to be installed, 383 
along with continuous monitoring, calibration, maintenance, technical expertise, and 384 
secure funding. Therefore, although Local systems may provide highly localised and 385 
relevant landslide warnings, ensuring their scalability is difficult (Sapena et al., 2023). 386 
This highlights a major gap in the transition from the development of prototype systems 387 
to operational implementation. The scale comparison therefore reveals an operational 388 
trade-off between local accuracy and wider transferability rather than a simple 389 
hierarchy of system quality. Several systems (12) were developed primarily to 390 
demonstrate rainfall thresholds, monitoring approaches, or forecasting methods. For 391 
instance, only one forecasting-focused system, which operated at the National scale, 392 
was identified as operational. Local systems had a comparatively higher number of 393 
forecasting-focused systems (seven). However, making a system operational requires 394 
continuous data availability, maintenance funding, institutional responsibility, legal 395 
authority to issue warnings, adequate financial resources, skilled personnel, clear 396 
communication and response protocols, and an appropriate mandate (Krøgli et al., 397 
2018). These requirements are not always considered or addressed in academic 398 
research. As a result, many developed systems remain at the prototype or 399 
experimental stage and are therefore classified as forecasting-focused, rather than 400 
being fully operational. 401 
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 402 

Figure 8: Geographical distribution of the 45 systems, together with their operational 403 
status. 404 

Fig. 8 shows the uneven geographical distribution of the 45 systems. Among the 45 405 
systems, 28 were in Asia, followed by seven in Europe, six in South America, two in 406 
Africa, and two in North America (Fig. 6, Fig. 8). A total of 14 systems (13 LEWS and 407 
one forecasting-focused) in Asia were operational, followed by seven in Europe (all 408 
LEWS), four in South America (all LEWS), none in Africa, and two in North America 409 
(both LEWS). These operational systems do not cover all landslide-affected areas 410 
within their respective countries; rather, most cover only parts of the landslide-affected 411 
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zones (Appendix A1). The operational systems span 19 countries: Bangladesh, Brazil, 412 
Colombia, Hong Kong (China), India, Indonesia, Italy, Japan, Malaysia, Nepal, Norway, 413 
Pakistan, Peru, the Philippines, South Korea, Sri Lanka, Taiwan, Thailand, and the 414 
United States (Fig.6, Appendix A1). Together, they provide EW coverage for only a 415 
small fraction of landslide-affected areas worldwide. However, this does not reflect a 416 
complete inventory of operational systems worldwide. 417 

Most focused-landslides on the reviewed systems were shallow landslides and debris 418 
flows. Debris flow is one of the most destructive rainfall-induced landslides. It is 419 
observed from the selected systems (Table 1) that 25 systems used a static 420 
susceptibility map. Among them, 23 were categorised as LEWS (19 operational), and 421 
two were forecasting-focused (both non-operational). Of these 25 systems (55.5% of 422 
the total sample), 19 (76%) (comprising one Local, six Regional, and 12 National 423 
systems) were operational. However, among the 20 systems that did not integrate a 424 
susceptibility map, ten were forecasting-focused, while eight (40%) systems (of them 425 
one Local and one forecasting-focused) were identified as operational. These 426 
descriptive results do not demonstrate that susceptibility mapping causes 427 
operationalisation.  428 

The uneven use of susceptibility maps indicates that some operational systems remain 429 
dominated by rainfall-threshold approaches. Rainfall thresholds are comparatively 430 
easier to develop, validate, and integrate into systems, particularly where other data, 431 
technical expertise, and institutional resources are limited. However, systems that 432 
integrate only rainfall thresholds may provide more generalised warnings, as they have 433 
a limited capacity to account for spatial variations in landslide susceptibility and risk. 434 
Landslide susceptibility levels vary considerably within a landslide-affected locality, 435 
area, or region. A susceptibility map can provide spatial information on landslide 436 
susceptibility across an area through susceptibility levels (e.g., very low, low, medium, 437 
high, very high) to indicate the relative likelihood of landslide occurrence in different 438 
locations (Azarafza et al., 2021). Therefore, incorporating a susceptibility map into 439 
Regional and National systems can enhance forecasting capability by enabling the 440 
prioritisation of specific high-risk zones for targeted EW, rather than providing 441 
generalised warnings across the entire affected area (Singh et al., 2024). This may 442 
help to reduce false alarms. Moreover, making susceptibility maps accessible to 443 
communities may support more informed and proactive preparedness measures.  444 

445 
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Table 1: Distribution of operational status and spatial scale across key system characteristics, stratified by system type. 446 

Characteristic Category 
Category 

total n 
Type of the 

System 
Type n (% of 

category) 

Local Regional National 

Operational n 
(%) 

Non-operational 
n (%) 

Operational n 
(%) 

Non-operational 
n (%) 

Operational n 
(%) 

Non-operational 
n (%) 

Type of the System   

LEWS 33 (73.3%) 2 (6.1%) 4 (12.1%) 9 (27.3%) 3 (9.1%) 15 (45.5%) 0 (0.0%) 

Forecasting-
focused 

12 (26.7%) 
0 (0.0%) 7 (58.3%) 0 (0.0%) 4 (33.3%) 1 (8.3%) 0 (0.0%) 

Integrate Susceptibility 
Map 

Yes 25 

LEWS 23 (92.0%) 1 (4.0%) 1 (4.0%) 6 (24.0%) 3 (12.0%) 12 (48.0%) 0 (0.0%) 

Forecasting-
focused 

2 (8.0%) 0 (0.0%) 1 (4.0%) 0 (0.0%) 1 (4.0%) 0 (0.0%) 0 (0.0%) 

No 20 

LEWS 10 (50.0%) 1 (5.0%) 3 (15.0%) 3 (15.0%) 0 (0.0%) 3 (15.0%) 0 (0.0%) 

Forecasting-
focused 

10 (50.0%) 0 (0.0%) 6 (30.0%) 0 (0.0%) 3 (15.0%) 1 (5.0%) 0 (0.0%) 

Integrate Rainfall 
Threshold 

Yes 31 

LEWS 24 (77.4%) 1 (3.2%) 2 (6.5%) 9 (29.0%) 2 (6.5%) 10 (32.3%) 0 (0.0%) 

Forecasting-
focused 

7 (22.6%) 0 (0.0%) 4 (12.9%) 0 (0.0%) 2 (6.5%) 1 (3.2%) 0 (0.0%) 

No 14 

LEWS 9 (64.3%) 1 (7.1%) 2 (14.3%) 0 (0.0%) 1 (7.1%) 5 (35.7%) 0 (0.0%) 

Forecasting-
focused 

5 (35.7%) 0 (0.0%) 3 (21.4%) 0 (0.0%) 2 (14.3%) 0 (0.0%) 0 (0.0%) 

Use Sensor Data 

Yes 38 

LEWS 30 (78.9%) 2 (5.3%) 4 (10.5%) 8 (21.1%) 1 (2.6%) 15 (39.5%) 0 (0.0%) 

Forecasting-
focused 

8 (21.1%) 0 (0.0%) 6 (15.8%) 0 (0.0%) 2 (5.3%) 0 (0.0%) 0 (0.0%) 

No 7 

LEWS 3 (42.9%) 0 (0.0%) 0 (0.0%) 1 (14.3%) 2 (28.6%) 0 (0.0%) 0 (0.0%) 

Forecasting-
focused 

4 (57.1%) 0 (0.0%) 1 (14.3%) 0 (0.0%) 2 (28.6%) 1 (14.3%) 0 (0.0%) 

Use AI / ML 

Yes 5 

LEWS 3 (60.0%) 0 (0.0%) 0 (0.0%) 1 (20.0%) 2 (40.0%) 0 (0.0%) 0 (0.0%) 

Forecasting-
focused 

2 (40.0%) 0 (0.0%) 2 (40.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 

No 40 

LEWS 30 (75.0%) 2 (5.0%) 4 (10.0%) 8 (20.0%) 1 (2.5%) 15 (37.5%) 0 (0.0%) 

Forecasting-
focused 

10 (25.0%) 0 (0.0%) 5 (12.5%) 0 (0.0%) 4 (10.0%) 1 (2.5%) 0 (0.0%) 

Utilise Remote Sensing Yes 17 

LEWS 11 (64.7%) 1 (5.9%) 2 (11.8%) 4 (23.5%) 2 (11.8%) 2 (11.8%) 0 (0.0%) 

Forecasting-
focused 

6 (35.3%) 0 (0.0%) 3 (17.6%) 0 (0.0%) 2 (11.8%) 1 (5.9%) 0 (0.0%) 
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Characteristic Category 
Category 

total n 
Type of the 

System 
Type n (% of 

category) 

Local Regional National 

Operational n 
(%) 

Non-operational 
n (%) 

Operational n 
(%) 

Non-operational 
n (%) 

Operational n 
(%) 

Non-operational 
n (%) 

No 28 

LEWS 22 (78.6%) 1 (3.6%) 2 (7.1%) 5 (17.9%) 1 (3.6%) 13 (46.4%) 0 (0.0%) 

Forecasting-
focused 

6 (21.4%) 0 (0.0%) 4 (14.3%) 0 (0.0%) 2 (7.1%) 0 (0.0%) 0 (0.0%) 

Note: Percentages in “Type n” are calculated using the corresponding characteristic-category total as the denominator. Percentages in the Local, Regional, and National columns use the same 447 
characteristic-category denominator. All values refer to the reviewed sample. 448 

 449 
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Additionally, susceptibility-based systems involve important trade-offs between 450 
accuracy, transferability, and operational scalability (Piciullo et al., 2018; Sapena et al., 451 
2023). Local systems may not require a susceptibility map; however, they can 452 
generate more precise warnings for specific slopes. As Local systems require 453 
monitoring instruments, regular maintenance and updating, technical expertise, 454 
funding, and other resources, they may be less transferable (Sapena et al., 2023). 455 
However, National and Regional systems are more scalable and may be easier to 456 
operationalise. Therefore, susceptibility maps should be integrated into National and 457 
Regional systems to improve their capacity to issue more spatially targeted and 458 
reliable warnings. Without such integration, these systems may overlook important 459 
spatial variations in susceptibility and risk, reflecting a broader operational challenge 460 
in LEWS development. Therefore, having an accessible risk or susceptibility map is 461 
important to help communities understand the potential and spatially specific impacts 462 
of landslides on their livelihoods and resources, and to support appropriate 463 
preparedness measures (UNDRR and WMO, 2025). 464 

3.2 Pillar 2:  Landslide detection, observation, monitoring, analysis, and 465 
forecasting 466 
After establishing an appropriate understanding of landslide risks, the next stage 467 
involves detection, observation, monitoring, analysis, and forecasting, which constitute 468 
the second pillar of the EW4All framework, led by the World Meteorological 469 
Organization (WMO). The elements incorporated into LEWS are important to examine, 470 
as selecting and integrating appropriate elements can improve the effectiveness and 471 
reliability of warnings (Calvello, 2017). From an operational perspective, the choice of 472 
monitoring strategy directly affects warning reliability, lead time, maintenance 473 
requirements, and the scalability of LEWS. Table 1 presents a comparison of the 474 
operational status of the selected systems and their key characteristics. Appendix B1 475 
provides supplementary information. The information shown in Table 1 and Appendix 476 
B1 should be interpreted as descriptive cross-tabulations only. The cross-tabulation 477 
indicates that technical availability and operational status vary markedly across spatial 478 
scales. 479 

Reliable monitoring depends on sustained observations and data continuity. Rainfall 480 
monitoring was found to be the primary hydrometeorological trigger. A total of 31 out 481 
of 45 systems used a rainfall threshold. Among these 31 systems (including seven 482 
forecasting-focused systems), 21 (67.7%) were operational (including one forecasting-483 
focused system) (Table 1, Appendix B1). By contrast, among the 14 systems that did 484 
not integrate a rainfall threshold, six (42.9%) were operational (none of which were 485 
forecasting-focused) (Table 1, Appendix B1). The scale-based pattern is also 486 
informative. Among the 31 systems that used a rainfall threshold, one Local system 487 
(out of seven), nine Regional systems (out of 13), and 11 National systems were 488 
operational. Among the 14 systems without a rainfall threshold, one Local system (out 489 
of six), none of the three Regional systems, and all five National systems were 490 
operational. This pattern indicates that integration of rainfall thresholds was more 491 
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common among Regional and National systems. In this threshold calculation approach, 492 
both historical rainfall and past landslide data are used to identify a critical rainfall level 493 
associated with previous landslide occurrences (Satyaningsih et al., 2023). This critical 494 
rainfall level is defined as the threshold and subsequently used as a benchmark. 495 
Therefore, when rainfall is forecast to approach or exceed this threshold level, the 496 
system issues a warning indicating the potential occurrence of landslides. This 497 
threshold level is not the same everywhere in the world. It varies from country to 498 
country, region to region, place to place, and even from slope to slope (Barthélemy et 499 
al., 2024). Therefore, identifying the appropriate threshold level for the specific place 500 
or region is a crucial aspect of developing an effective and reliable system for that area 501 
(Harilal et al., 2019). However, thresholds developed for Local systems may have 502 
limited transferability (Harilal et al., 2019). 503 

Field sensors were used in 38 of the 45 systems, eight of which were forecasting-504 
focused, and none of these eight were operational. This indicates that in situ 505 
monitoring was one of the most common technical characteristics of the reviewed 506 
systems. A total of 25 (65.8%) of these 38 systems were operational (Appendix B1). 507 
The cross-tabulation of operational status by spatial scale shows uneven sensor use 508 
among these 25 operational systems (Table 1). Two of the 12 Local systems, eight of 509 
the 11 Regional systems, and all 15 National systems were operational. The sensors 510 
used included rain gauges, piezometers1,  inclinometers2, tilt sensors, displacement 511 
monitoring devices, and other instruments. Monitoring pore water pressure 3  is 512 
important as it can decrease the soil’s shear strength and slope stability. Pore water 513 
pressure can increase due to external factors such as rainfall, changes in drainage 514 
patterns, groundwater infiltration, and others. If a slope contains multiple groundwater 515 
tables at different depths, its stability may become more complex, and such conditions 516 
are not uncommon (Tang et al., 2020). If the soil becomes saturated, both pore water 517 
pressure and the overall weight of the soil increase. This can further reduce shear 518 
strength, creating favourable conditions for ground movement and potentially leading 519 
to slope failure (Wu et al., 2021). In this case, a piezometer is a useful tool for 520 
measuring the pore water pressure, while an inclinometer is used to detect ground 521 
movement. Therefore, integrating piezometers and inclinometers into the system can 522 
improve its reliability. However, these sensors can also involve high maintenance 523 
costs and generally provide measurements only at specific locations. Therefore, even 524 
a system covering a relatively small area may require multiple sensors to monitor pore 525 
water pressure and ground movement at different locations across the slopes. Thus, 526 
integrating piezometers and inclinometers into the LEWS may not be cost-effective for 527 
providing EW across a wider region, but may be more suitable for monitoring specific 528 
slopes or locations (Sapena et al., 2023). The predominance of non-operational local 529 

 
1 Piezometer is a geotechnical instrument used for measuring pore water pressure or groundwater 
pressure in the surrounding soil and rock. 
2 Inclinometer is used to monitor and measure the displacement of the ground and deformation of the 
slope. It is usually used for detecting soil or rock movement. 
3 Pore water pressure is the pressure exerted by the water (groundwater) within the porous medium 
(pore) of soil and rock. Elevated pore water pressure increases the chance of landslides occurring. 
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sensor-based systems in this review reinforces the distinction between technical 530 
monitoring capability and sustained operational implementation. 531 

Artificial intelligence (AI) and machine learning (ML) were less commonly used, 532 
appearing in five out of 45 systems. Among these five systems, two were Local (both 533 
forecasting-focused and non-operational), and three were Regional. Only one of these 534 
three Regional systems was operational. No National system used AI/ML. However, 535 
this pattern does not indicate that the use of AI/ML reduces the performance of LEWS. 536 
AI/ML can be used extensively to fill data gaps, especially by integrating satellite 537 
remote sensing data (Pfeiffer et al., 2024). This makes AI an important tool for data-538 
sparse regions where conventional ground-based observations are limited or unevenly 539 
distributed. It can also support pattern recognition, data integration, and susceptibility 540 
mapping. Thus, AI may improve the scalability of LEWS when implemented carefully. 541 
However, AI models generally require large volumes of high-quality data for training. 542 
In data-sparse regions, meeting this requirement is a major challenge. For instance, 543 
satellite-based detection is often hindered during the monsoon season due to cloud 544 
cover (Salam et al., 2024). Moreover, many AI models tend to overlook social and 545 
community dimensions, such as local knowledge, cultural contexts, and 546 
communication preferences, which are critical for effective early warning and 547 
community response. Although various categories of open-access global datasets are 548 
available for model training, every landslide setting is unique, and the characteristics 549 
of the triggering factors (e.g., vegetation, land use patterns, soil composition, 550 
hydrology, slope, and others) vary between landslide-prone areas. Therefore, using 551 
globally available datasets to train an AI model and applying the resulting model to 552 
another region may oversimplify local conditions, leading to inaccurate warnings 553 
(Patton et al., 2023; Pfeiffer et al., 2024). Thus, AI should be considered a 554 
complementary component of a hybrid LEWS, combined with expert interpretation, 555 
field validation, and institutional decision-making. Operational use also requires 556 
interpretable model outputs, transparent validation, clear communication of 557 
uncertainty, and human oversight. Poorly interpretable predictions may make it difficult 558 
for warning authorities to justify decisions, communicate uncertainty, and establish 559 
accountability (Pfeiffer et al., 2024). 560 

Application programming interface(s) (API) were used in eight of the 45 systems, two 561 
of which were forecasting-focused and non-operational (Appendix C1). Of these eight 562 
systems, five (62.5%) were operational, compared with 22 of the 37 systems without 563 
API integration (59.5%), of which 21 were LEWS (Table 1, Appendix B1, Appendix 564 
C1). This indicates that API use is not, by itself, a useful proxy for operational maturity. 565 
Spatially, the eight API-enabled systems comprised two Local, four Regional, and two 566 
National systems; one Local, two Regional, and both National systems were 567 
operational (Table 1Appendix C1). In some cases, an API is used to integrate data 568 
generated by external systems (Ofoeda et al., 2019). For instance, to develop a 569 
system dedicated to rainfall-induced landslides, forecast rainfall data are required to 570 
estimate the potential accumulated rainfall over the following day or days (Ahmed et 571 
al., 2018; Ahmed et al., 2020). This helps to determine whether rainfall is likely to 572 
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exceed the threshold and to issue an EW for potential landslide events. Some 573 
dedicated institutions forecast rainfall at hourly or daily intervals using advanced 574 
statistical modelling. This forecast rainfall can then be integrated into the system 575 
through an API, potentially improving the timeliness and reliability of warnings (Krøgli 576 
et al., 2018).  577 

IoT technology 4  was used in seven systems (one forecasting-focused and non-578 
operational),  of which two  (both LEWS) were operational (Appendix C1). Among 579 
these seven, six were Local (one operational), and one was Regional (operational). 580 
IoT has a direct role in enabling automated, real-time data transmission from dense, 581 
site-specific sensor networks. It provides an efficient means of immediately 582 
transmitting sensor measurements to the system through wireless communication, 583 
thereby enabling real-time monitoring (Liu et al., 2022). Remote sensing technology 584 
was used in 17 systems (six of which were forecasting-focused, with one of these 585 
being operational); eight (47.1%) of the 17 systems were operational. However, 586 
among the remaining 28 systems (22 LEWS and six forecasting-focused) that did not 587 
use remote sensing, 19 were operational. Remote sensing is frequently adopted in 588 
research-oriented or recently developed systems, while its main operational 589 
advantages include broader spatial coverage and support for data-sparse areas 590 
(Pfeiffer et al., 2024). In the reviewed sample, all three National systems using remote 591 
sensing were operational, compared with four of eight Regional systems and one of 592 
six Local systems, indicating that the institutional context in which Earth observation 593 
is integrated remains important. 594 

The findings indicate that National-scale LEWS were predominantly operational, 595 
whereas forecasting-focused systems were rarely operational, and the integration of 596 
susceptibility mapping was associated with a higher proportion of operational systems. 597 
No single technology was found to consistently predict operational status in this cross-598 
tabulation analysis. Several apparent associations were also influenced by spatial 599 
scale and the distinction between LEWS and forecasting-focused systems. 600 
Operational maturity therefore appears to be more closely associated with institutional 601 
responsibility, routine maintenance, authority to issue warnings, and established 602 
communication and response arrangements than with any individual technology. 603 
These patterns are descriptive and should not be interpreted as evidence of causal 604 
relationships. Initiatives such as the Global Basic Observing System (GBON) can help 605 
address observation gaps in LDCs and SIDs and thereby support EW4All initiatives 606 
(UN, 2023). Another important aspect of Pillar 2 is to facilitate data exchange among 607 
countries, thereby increasing the scalability of the LEWS (UN, 2023; UNDRR and 608 
WMO, 2025). An essential element of Pillar 2 is to reduce the compound effects of 609 
landslides, which requires collaboration across multiple disciplines. Monitoring 610 
architectures need to be scientifically sound, routinely maintained, validated against 611 

 
4  IoT technology refers to the network of interconnected sensors and devices (e.g., piezometer, 
inclinometer, rain gauge) that transmit real-time data through a wireless communication system over 
the internet to the cloud or central server. It enables algorithms on the server to analyse the real-time 
data and generate a timely alert. 
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local conditions, supported by capable personnel, and connected to reliable 612 
institutional decision pathways (Krøgli et al., 2018; Sapena et al., 2023). By 613 
incorporating these elements, it may be easier to develop an actionable and targeted 614 
LEWS. However, funding remains a critical factor in implementing these measures, 615 
and securing adequate financial resources is a major challenge, especially for LDCs 616 
and other developing countries (UNDRR and WMO, 2025). This challenge should be 617 
more prominently addressed, with a focus on improving access to international climate 618 
finance. Mechanisms under the Paris Agreement, particularly the Fund for Responding 619 
to Loss and Damage, and other UN climate frameworks offer important opportunities 620 
for vulnerable countries to secure the necessary resources to build and sustain 621 
effective EWS. Prioritising LEWS within these funding channels could help protect 622 
lives and livelihoods in high-risk areas. 623 

3.3 Pillar 3: Warning dissemination and communication, and Pillar 4: Preparedness and 624 
response capability 625 

 626 

Figure 9: Modes of disseminating warnings generated by the forecasting system to 627 
the last mile (Op-L: Operational – Local; Op-R: Operational – Regional; Op-N: 628 
Operational - National; Non-op-L: Non-operational - Local; Non-op-R: Non-629 
operational - Regional; and Non-op-N: Non-operational – National). 630 

A reporting gap was identified in Pillar 3 regarding how warnings were disseminated 631 
and communicated to the last mile,5 and in Pillar 4 regarding how preparedness and 632 

 
5 The last mile refers to the final step of disseminating the alert directly to the people who are at risk. It 
ensures that understandable and actionable alert information reaches the right individuals.  
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response capabilities were strengthened, particularly in academic publications. 633 
Academic publications documented Pillar 3 evidence for approximately 22 of the 45 634 
systems and Pillar 4 evidence for 15 of the 45 systems; supplementation with official 635 
sources was therefore essential (Appendix A1). However, even among these 636 
publications, the extent of discussion of Pillar 3 and Pillar 4 was very limited. Academic 637 
publications often describe thresholds, monitoring, and forecasting methods in greater 638 
technical detail than they describe who is authorised to issue a warning, how alerts 639 
move through institutional and community channels, or how preparedness and 640 
response are activated. To supplement information on these two pillars, information 641 
was gathered from official websites, blogs, and relevant documents. However, 642 
information on Pillars 3 and 4 could not be identified for all 45 systems. The missing 643 
information may be available from other sources that were not captured in this review. 644 
Even after consulting the supplementary sources, 33 systems were classified as 645 
LEWS. In this section, only these 33 LEWS were considered for further analysis. Fig. 646 
9 depicts the modes used by the 33 LEWS to disseminate generated warnings to the 647 
last mile, according to their operational status and spatial scale. Among these 33 648 
LEWS, 26 were operational (two Local, nine Regional, and 15 National), and seven 649 
were non-operational (four Local and three Regional).  650 

 651 

Figure 10: Preparedness and response activities across the 33 LEWS (Op-L: 652 
Operational – Local; Op-R: Operational – Regional; Op-N: Operational - National; Non-653 
op-L: Non-operational - Local; Non-op-R: Non-operational - Regional; and Non-op-N: 654 
Non-operational – National). 655 

The heatmap shows that dissemination through responsible authorities or institutions 656 
stood out as the most consistent pathway in operational LEWS (two Local, seven 657 
Regional, and 15 National). The second prominent mode of warning dissemination in 658 
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operational LEWS was web-based platforms/dashboards (one Local, nine Regional, 659 
and 12 National). Direct public-facing modes of warning dissemination, such as SMS, 660 
email, phone calls, broadcasting, social media, apps, sirens, and local alarms, were 661 
reported less consistently. The proposed non-operational LEWS also documented 662 
these as intended dissemination modes for future warning dissemination. This pattern 663 
suggests that institutional dissemination was the most consistently documented 664 
pathway, whereas the use of direct public-facing channels varied among systems. 665 
More detailed discussions of warning dissemination and communication can be found 666 
in the reviews by Guzzetti et al. (2020) and Piciullo et al. (2018). In these studies, the 667 
authors draw not only on their academic research but also on their field experience 668 
and information obtained through direct communication with the relevant authorities.  669 

Fig. 10 shows the preparedness and response activities documented for 33 LEWS. In 670 
both operational (two Local, eight Regional, and 13 National) and non-operational 671 
LEWS (four Local and three Regional), evacuation/self-evacuation was identified as 672 
the most frequently documented response activity. Preparedness/decision support 673 
mechanisms were also consistently reported in both operational LEWS (two Local, 674 
nine Regional, and 14 National) and non-operational LEWS (three Local and three 675 
Regional). Other documented preparedness and response activities included drills, 676 
training, restrictions, and closures. The frequencies shown in Figs. 9 and 10 represent 677 
practices documented in the searched sources and should not be interpreted as 678 
estimates of their prevalence or effectiveness in operational LEWS worldwide. 679 

From the above analyses, it can be stated that operational systems were more 680 
consistently represented within the LEWS sample; National systems were found to be 681 
more frequently operational, followed by Regional systems; and Local LEWS showed 682 
greater variation. However, this pattern may partly reflect the small Local sample size 683 
and gaps in reporting. Therefore, it remains difficult to gain a comprehensive 684 
understanding of any country’s LEWS solely from academic publications. To capture 685 
the full picture, deeper engagement with national systems, through direct 686 
communication with stakeholders, field visits, or other means, is often necessary. This 687 
highlights a significant gap between the literature and operational practice, as the 688 
available academic sources provide only partial insights into how LEWS actually 689 
operate in practice. Moreover, in academic publications, the terms ‘early warning 690 
system’ and ‘forecasting system’ should be used appropriately, as a forecasting 691 
system alone should not be considered equivalent to an early warning system. 692 

3.4. Gaps in the LEWS in the lens of the EW4All framework 693 

While considerable contextual variation exists, the reviewed systems suggest that a 694 
typical LEWS warning value chain comprises four interrelated pillars: landslide risk 695 
knowledge; risk monitoring, detection, forecasting, evaluation, and warning 696 
formulation; warning dissemination through appropriate communication channels; and 697 
the uptake of warnings to support preparedness and early action. These pillars are 698 
functionally interconnected, as each stage provides the basis for the next. 699 
Weaknesses in any one pillar can reduce the effectiveness of subsequent stages and 700 
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ultimately compromise the performance of the system as a whole. The gap analysis 701 
of Pillar 1 and Pillar 2 is based on all 45 systems. However, the analysis of gaps in 702 
Pillar 3 and Pillar 4 is based on the 33 LEWS. This section highlights the key gaps that 703 
concern both operational implementation and the available evidence for assessing 704 
such implementation (Fig. 11). It should not be interpreted as a complete inventory of 705 
deficiencies in LEWS practice worldwide. 706 

 707 

Figure 11: Elements of the four Pillars of LEWS based on UN-defined EW4All, and 708 
areas that require improvement in each pillar.  709 

3.4.1 Pillar 1: Incomplete and insufficiently dynamic risk and impact knowledge 710 
3.4.1.1 Data scarcity  711 
Data scarcity is one of the most critical challenges. It is often difficult and, in some 712 
cases, impossible to obtain essential data such as landslide inventories from many 713 
landslide-prone areas (Patton et al., 2023; Liu et al., 2024). Many countries still face 714 
serious challenges in landslide observation because of shortages of ground-based 715 
and space-based data, particularly in parts of the Global South, Africa, western Latin 716 
America, and the Pacific (UN, 2023). This data scarcity is a major constraint on the 717 
development of LEWS in these countries. Data limitations are a major concern 718 
because landslide forecasting and warning require the integration of information 719 
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across a range of institutions and specialist disciplines, including meteorology, 720 
hydrology, geology, engineering, and communication. In this context, ‘limited data’ is 721 
not simply a matter of insufficient observations within a single domain; rather, it reflects 722 
a broader, cross-sectoral challenge related to the routine collection, integration, and 723 
sharing of critical parameters relevant to LEWS. This issue is therefore closely 724 
connected to governance, especially in relation to institutional coordination, data-725 
sharing agreements, and the mechanisms through which information is exchanged 726 
among relevant actors. Therefore, it is essential to establish interoperable inventories, 727 
documented quality-control procedures, and sustained arrangements among relevant 728 
institutions for data sharing. Such data scarcity can directly hamper the 729 
implementation of EW4All by weakening risk knowledge, monitoring and forecasting 730 
capability, and the evidence base required for timely and reliable early warning. 731 

3.4.1.2 Spatial risk information 732 
A risk map is a vital element of a LEWS, yet it was largely absent from the reviewed 733 
systems. It usually integrates data on all components of risk, such as hazard, 734 
vulnerability, and exposure. However, these components do not necessarily contribute 735 
equally to the overall level of risk. Exposure is often a major contributor to overall risk. 736 
Therefore, it is essential to assign appropriate weights or importance to each 737 
component when developing a risk map. Susceptibility maps are sometimes 738 
incorrectly interpreted as risk maps, and this distinction should be clearly addressed. 739 
A susceptibility map should not be considered equivalent to a risk map. In some LEWS, 740 
a susceptibility map is integrated into the system. However,  these susceptibility maps 741 
are often static rather than dynamically updated (Rossi et al., 2018; Ahmed et al., 742 
2020). This is a limitation because conditions in many landslide-prone areas change 743 
continuously. Hill cutting, slope alteration, deforestation, urbanisation, demographic 744 
changes, and other factors can alter both susceptibility and exposure over time. 745 
Consequently, the associated risk levels may also change, creating a need for 746 
regularly updated susceptibility maps. Such updating could be undertaken 747 
automatically or semi-automatically at appropriate intervals. The limited availability of 748 
up-to-date spatial risk information can hinder the implementation of EW4All by 749 
weakening risk knowledge and reducing the capacity to identify and prioritise 750 
populations and locations most at risk. 751 

3.4.2 Pillar 2: Monitoring continuity, validation, and scalability 752 
3.4.2.1 Real-time data 753 
Some landslide-related variables, including rainfall, groundwater conditions, and 754 
ground deformation, vary over time and therefore require continuous or near-real-time 755 
observation (Krøgli et al., 2018; Sapena et al., 2023). Several barriers (e.g., limited 756 
funding and maintenance requirements) can constrain the continuous collection of 757 
data (Sapena et al., 2023) from rain gauges, piezometers, and inclinometers. The 758 
cross-tabular analysis of the 45 systems indicates that technical monitoring is relatively 759 
common; however, it does not always ensure operational use, especially for Local and 760 
forecasting-focused systems. A major concern is how to integrate and sustain all 761 
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required real-time data so that a system remains functional and operationally capable. 762 
These include instruments, communications, power supplies, data services, 763 
calibration, maintenance, and trained personnel. Beyond financial constraints, 764 
institutional factors can also affect implementation and long-term sustainability, 765 
including institutional capacity, technical expertise, resource availability, and 766 
cooperation among relevant stakeholders (Piciullo et al., 2018; Sapena et al., 2023). 767 
From an operational perspective, the choice of monitoring strategy influences system 768 
design, maintenance requirements, transferability, and operational scalability (Segoni 769 
et al., 2018; Sapena et al., 2023). 770 
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3.4.2.2 Forecast verification 771 
Forecast verification is an essential component of LEWS, because it provides an 772 
objective basis for assessing forecasting skill, identifying false and missed alarms, and 773 
refining warning criteria (Piciullo et al., 2017; Guzzetti et al., 2020). Forecast 774 
verification may be constrained by the lack of adequate data. The absence of forecast 775 
verification may indicate weaknesses in the system development and validation 776 
process, thereby reducing confidence in its reliability. Moreover, forecast verification 777 
requires substantial funding and human resources, which are often unavailable. 778 
Limited availability of these resources can constrain systematic forecast verification 779 
and, consequently, undermine confidence in system reliability.  780 
3.4.2.3 Community reflection 781 
The local community in a landslide-prone area plays a central role in LEWS 782 
development and should be given high priority throughout the process (Thapa and 783 
Adhikari, 2019; Lempert et al., 2023; Gamperl et al., 2023). LEWS are primarily 784 
dedicated to ensuring community safety and reducing potential loss and damage. 785 
However, the review found that community engagement was infrequently documented 786 
in the reviewed systems, particularly Forecasting-focused systems, which may limit 787 
their effectiveness in achieving their intended purpose. It is essential to consult local 788 
communities regarding the resources available and unavailable in their area, as this 789 
can help tailor the system to local needs and conditions (Lempert et al., 2023; Gamperl 790 
et al., 2023; Werthmann et al., 2024). Local communities are also an important source 791 
of information on how warnings should be communicated and which communication 792 
channels are most appropriate and accessible to them. These may include email, SMS, 793 
radio or television announcements, megaphone miking, and other locally appropriate 794 
channels. Even a technically robust LEWS may be ineffective if warning information is 795 
not communicated to local communities in a timely and accessible manner. Local 796 
people cannot take appropriate action if warnings do not reach them through suitable 797 
communication channels (Lempert et al., 2023; Werthmann et al., 2024). Limited 798 
community engagement can hinder the implementation of EW4All by weakening its 799 
people-centred approach, particularly by reducing the accessibility, trust, local 800 
relevance, and effective use of warnings for timely preparedness and response. 801 
3.4.2.4 Model uncertainty 802 
Model uncertainty remains a major challenge in LEWS (Segoni et al., 2018; Patton et 803 
al., 2023). To address this issue, generating multiple scenarios based on varying input 804 
conditions and conducting a sensitivity analysis can help identify how changes in key 805 
parameters affect model outputs. In the case of AI/ML use, these approaches should 806 
be supported by local validation, transferability assessment, interpretable outputs, 807 
uncertainty communication, and human oversight. Thus, AI should be considered a 808 
complementary component of a hybrid LEWS, combined with expert interpretation, 809 
field validation, and institutional decision-making (Pfeiffer et al., 2024). 810 
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3.4.2.5 Standardised methodology  811 
So far, there is no known universally standardised methodology for developing 812 
forecasting systems. For instance, there are several monitoring approaches, such as 813 
remote sensing, community-based monitoring, and ground-based monitoring. Thus, 814 
data are collected using different methods by different users, reflecting inconsistencies 815 
in instrumentation and data collection protocols (Piciullo et al., 2017; Liu et al., 2024). 816 
This can reduce data quality and, in some cases, make the data difficult to integrate 817 
into the system. Another example is the rainfall threshold, which is a key element of 818 
rainfall-induced LEWS. However, rainfall thresholds are not used in all LEWS. In some 819 
LEWS, dynamic rainfall data are used directly. These methodological differences may 820 
contribute to increased false alarm rates. Nevertheless, existing contributions, 821 
including the performance and evaluation frameworks discussed by Calvello (2017) 822 
and Guzzetti et al. (2020), provide a useful foundation for threshold validation, 823 
warning-level evaluation, and operational performance assessment. However, it is 824 
unclear from the EW4All framework how a standardised methodology could be applied 825 
globally when landslide characteristics vary considerably between locations. 826 

3.4.2.6 Impact-based modelling  827 

A key gap in existing LEWS is the limited use of impact-based modelling (Guzzetti et 828 
al., 2020). Impact-based modelling should link the likelihood of forecast landslide 829 
occurrence with the exposure and vulnerability of people, infrastructure, and public 830 
services. If impact-based warnings are available, local communities can make more 831 
informed preparedness decisions and take appropriate actions to reduce their risks. 832 
The limited use of impact-based modelling can constrain the implementation of EW4All 833 
by weakening the connection between forecast hazards and their likely consequences 834 
for exposed and vulnerable populations, thereby limiting informed and timely 835 
preparedness and response actions. 836 

3.4.3 Pillar 3: Last mile communication, and lead time  837 

3.4.3.1 Last mile communication 838 

Academic publications often describe thresholds, monitoring, and forecasting methods 839 
in greater technical detail than they describe who is authorised to issue a warning, 840 
how alerts move through institutional and community channels, or how preparedness 841 
and response are activated. Fig. 9 shows that dissemination through responsible 842 
authorities or institutions and web-based platforms/dashboards were the most 843 
consistently documented modes of warning dissemination. Direct public-facing modes 844 
of warning dissemination, such as SMS, email, phone calls, broadcasting, social 845 
media, apps, sirens, and local alarms, were reported less consistently. However, the 846 
availability of warning channels alone is insufficient (Thapa and Adhikari, 2019; 847 
Werthmann et al., 2024). The warning should reach the appropriate community in the 848 
relevant location and specify the potential hazard, timing, impacts, uncertainty, and 849 
recommended actions in locally understandable formats (UNDRR and WMO, 2025). 850 
Communication planning should consider the multiple languages used within local 851 
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communities, differences in literacy, disability, trust, connectivity, and the possibility 852 
that one or more dissemination channels may fail (UNDRR and WMO, 2025; 853 
Werthmann et al., 2024). For instance, in remote and mountainous areas, mobile and 854 
internet connectivity, as well as road access, may be severely disrupted during the 855 
monsoon season. Similarly, warnings delivered through megaphones or sirens may 856 
not reach all vulnerable locations. Under the EW4All warning dissemination and 857 
communication pillar, effective LEWS require redundant and locally appropriate 858 
communication pathways so that warnings can reach exposed populations despite 859 
differences in connectivity, literacy, language, disability, and access to communication 860 
technologies. The comparatively limited reporting of SMS, email, phone calls, 861 
broadcasting, social media, apps, sirens, and local alarms therefore highlights a 862 
documentation and implementation gap in last-mile communication that demands 863 
greater attention. Therefore, locally appropriate, manageable, and adaptable 864 
communication techniques should be adopted. These requirements strengthen the 865 
people-centred function of Pillar 3 without assuming that limited reporting is equivalent 866 
to the absence of operational practice. 867 

3.4.3.2 Lead time 868 

The time interval between warning dissemination to the community and the anticipated 869 
occurrence of a hazardous event is operationally important because it determines 870 
whether appropriate protective actions can be completed (Tupper and Fearnley, 2023; 871 
Werthmann et al., 2024). A technically adequate forecast can still provide limited 872 
benefit if responsibilities are unclear or if evacuation destinations, transport 873 
arrangements, support for people requiring assistance, and decision protocols cannot 874 
be activated within the available lead time (Tupper and Fearnley, 2023; Werthmann et 875 
al., 2024; UNDRR and WMO, 2025). 876 

3.4.4 Pillar 4: Preparedness and response  877 
3.4.4.1 Community awareness and preparedness 878 

Fig. 10 shows the preparedness and response activities documented for 33 LEWS. 879 
Evacuation or self-evacuation and preparedness or decision-support mechanisms 880 
were the most frequently documented activities, while drills, training, restrictions, and 881 
closures were reported less consistently across operational-status and spatial-scale 882 
groups. However, these frequencies do not provide sufficient information to assess 883 
how effective these activities were for local communities. Evacuation or self-884 
evacuation and preparedness or decision-support mechanisms may not always lead 885 
to effective community responses. Local people may not take proactive measures 886 
even after receiving an EW because of limited awareness or preparedness (Piciullo et 887 
al., 2018). In some cases, they may also be uncertain about the actions required to 888 
protect themselves from danger. Others may understand the warning and the 889 
recommended actions but still choose not to respond, for example because of risk 890 
perception, previous experience, trust, or other social and cultural factors.  891 
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Under the EW4All preparedness-to-respond pillar, drills and training are essential for 892 
translating landslide warnings into timely and appropriate protective actions by testing 893 
response procedures, clarifying institutional and community responsibilities, and 894 
improving public understanding of how to respond when an alert is issued. Similarly, 895 
restrictions and closures can reduce exposure by limiting access to hazardous areas 896 
during periods of elevated landslide risk; therefore, their comparatively limited 897 
reporting across the reviewed LEWS indicates that these practical warning-to-action 898 
mechanisms require greater attention to strengthen the overall effectiveness of LEWS. 899 
Therefore, greater emphasis should be placed on strengthening community 900 
awareness and preparedness through locally appropriate activities, such as mock 901 
drills, workshops, street theatre, booklets, posters, and other forms of communication 902 
delivered in local languages. 903 

3.4.4.2 Effective collaboration 904 

In many cases, local resources, such as emergency managers, volunteers, and 905 
community actors, are available but are not effectively mobilised when needed. This 906 
can delay preparedness and response actions and increase the severity of disaster 907 
impacts. Such shortcomings often reflect weak coordination and collaboration among 908 
relevant actors. Effective coordination and collaboration with locally available 909 
resources can help reduce loss and damage, yet these arrangements may remain 910 
underutilised even where advanced warning systems are in place. Preparedness 911 
depends on prior participation, credible and understandable warnings, feasible 912 
protective options, inclusive planning, regular exercises, and feedback after warning 913 
events (Tupper and Fearnley, 2023; Werthmann et al., 2024).  914 

Overall, the analysis of 45 systems does not indicate that the principal weakness of 915 
rainfall-induced LEWS lies in one technology or one pillar. Rather, it indicates an 916 
uneven transition from risk and forecasting information to authorised communication 917 
and feasible early action. Several gaps remain and require collaborative improvement, 918 
particularly in relation to Pillars 3 and 4. Researchers are making substantial 919 
contributions to Pillars 1 and 2. Forecast issuance (Pillar 2) provides the basis for 920 
warning dissemination and communication (Pillar 3). One of the most important 921 
components of LEWS is the preparedness and response capacity of the community 922 
(Pillar 4). A LEWS is more likely to be effective when Pillars 3 and 4 function 923 
adequately and are well integrated with the preceding pillars. A LEWS may still be 924 
ineffective despite a sophisticated Pillar 2 and an effective Pillar 3 if adequate 925 
preparedness and response mechanisms are lacking, as information generated 926 
through the preceding pillars does not automatically translate into protective action. 927 
Many activities are implemented in isolation and are fragmented across different 928 
locations and organisations, making it difficult to unlock the full potential and overall 929 
effectiveness of LEWS. As LEWS comprises multiple interconnected pillars, each of 930 
which needs to function effectively, collaboration across multiple partners, institutions, 931 
and sectors is essential. Such collaboration remains limited in several areas and 932 
therefore needs to be strengthened. Therefore, institutional capacity should be 933 
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strengthened, alongside partnerships and coordination among stakeholders working 934 
across different pillars, to ensure the effective integration and functioning of LEWS. 935 

4 Feasibility of implementing EW4All for LEWS 936 

The EW4All framework is very comprehensive. It clearly calls for action across several 937 
areas, with a strong emphasis on protecting people and improving human well-being. 938 
However, it also presents several feasibility concerns beyond the broader challenges 939 
and gaps discussed in the previous section. Some of the feasibility concerns are 940 
outlined briefly here. 941 

4.1 Financing and sustained implementation capacity 942 

It calls for the implementation of MHEWS worldwide. Funding is a major challenge in 943 
this regard, especially for SIDS and LDCs. At present, the UN is providing direct 944 
financial support to only 30 selected countries in the initial phase of this framework, 945 
which appears insufficient relative to the global scale of implementation required. The 946 
latest UN global assessment report found that LDCs and SIDS still face inadequate 947 
funding for implementing the EW4All framework at the national level (UNDRR and 948 
WMO, 2025). Therefore, how all countries will secure the sustained funding necessary 949 
to implement and maintain EW4All remains a significant concern. This creates a 950 
significant feasibility concern, since securing adequate and sustained funding is 951 
challenging and represents an essential prerequisite for initiating and maintaining such 952 
a programme. This concern is particularly important given the scale and ambition 953 
required to achieve universal coverage within a relatively short implementation period 954 
(Tupper and Fearnley, 2023). 955 

4.2 Global consistency and local adaptation 956 

The framework appears to promote common standards, or methods, or approaches 957 
across different contexts. This is challenging, as lithology, physiography, geology, 958 
climatology, land use, rainfall patterns, and other characteristics differ considerably 959 
across the globe. Given these variations, it may not be feasible to apply a single 960 
approach to LEWS development in all locations. Recent research similarly 961 
emphasises that standardisation in MHEWS must retain sufficient flexibility to account 962 
for variations in scale, hazards, populations, and local needs (Rokhideh et al., 2025). 963 

4.3 Global forecasting products and local calibration 964 

A related concern is how to balance globally standardised forecasting tools with the 965 
local calibration required for operational LEWS. In practice, reliable landslide 966 
forecasting systems require locally or regionally appropriate thresholds and proper 967 
calibration (Piciullo et al., 2017; Nocentini et al., 2024), which may not align with a 968 
uniform global model. Relying on a uniform model risks producing overly general 969 
outputs that are less useful at the local level. This limitation is recognised in the latest 970 
global assessment report, which notes that detailed local prediction cannot be 971 
achieved using global meteorological products alone (UNDRR and WMO, 2025). 972 
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4.4 Last mile communication 973 

Last mile communication presents another significant challenge, particularly in areas 974 
with high linguistic diversity. Populations at risk may include people in remote locations, 975 
those without reliable telecommunications, people with disabilities, transient 976 
populations, and speakers of different languages, meaning that no single 977 
communication channel is likely to reach all groups effectively (UNDRR and WMO, 978 
2025). 979 

4.5 Inclusivity in operational implementation 980 

While the framework highlights inclusivity, which is indeed vital, it does not provide 981 
clear guidelines on how to achieve it in practice. Experience shows that even in regions 982 
or countries with a large number of landslide forecasting systems, warning 983 
dissemination and response often fail due to extreme weather, difficult geography, or 984 
other barriers. Since “safety first” is a fundamental principle for emergency workers, 985 
they cannot be expected to place themselves at unacceptable risk in the immediate 986 
aftermath of a disaster. Responders may need to wait until conditions become 987 
sufficiently safe before they can assist affected people. As these situations are often 988 
shaped by hazard conditions and local physical constraints, ensuring complete 989 
inclusivity in practice remains difficult. The 2025 global assessment acknowledges that 990 
the implementation of inclusive approaches often lags behind policy commitments and 991 
that MHEWS may fail to reach or adequately meet the needs of diverse and 992 
marginalised groups (UNDRR and WMO, 2025). 993 

4.6 Feasibility of universal coverage by 2027 994 

The framework aims to achieve universal MHEWS coverage by the end of 2027. It is 995 
unclear how this target will be met, given that 2026 is already well advanced and many 996 
of the designated countries still face serious resource and capacity constraints. While 997 
the UN is providing some support, the countries outside the current support pool face 998 
even greater uncertainty. For them, implementing this framework within the stated 999 
timeframe may be particularly challenging. The same assessment concluded that, 1000 
despite tangible progress at the halfway stage of EW4All, considerable work was still 1001 
required to achieve universal coverage, particularly because many LDCs and SIDS 1002 
lacked sufficient financial resources for implementation (UNDRR and WMO, 2025). 1003 

Other feasibility issues may also constrain the effective implementation of EW4All 1004 
(Rokhideh et al., 2025). Therefore, a more detailed and region-specific framework 1005 
under the broader EW4All framework may be needed, one that accounts for contextual 1006 
realities rather than relying solely on a broad global model. 1007 

5 Conclusion 1008 

The analysis of 45 systems indicates that significant progress has been made towards 1009 
the operationalisation of LEWS. Operational LEWS can support community 1010 
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preparedness, response, and risk mitigation capabilities, thereby contributing to an 1011 
overall reduction in disaster risk. However, progress remains fragmented and uneven. 1012 

The analysis of 45 systems shows that 27 were classified as operational, indicating 1013 
substantial operational implementation within the reviewed systems, although this 1014 
implementation remains uneven across spatial scales and system types. Local 1015 
systems showed particularly limited operational maturity. National-scale LEWS were 1016 
largely operational, while forecasting-focused systems were rarely operational, and 1017 
systems incorporating susceptibility mapping showed a higher proportion of 1018 
operational status. The findings reflected not only technical challenges but also wider 1019 
implementation barriers, including limited funding, maintenance requirements, weak 1020 
institutional coordination, unclear warning mandates, and insufficient communication 1021 
and response protocols.  1022 

One of the main findings is that the current academic literature is concentrated on 1023 
Pillars 1 and 2, whereas Pillars 3 and 4 remain underreported in academic publications. 1024 
This indicates a structural imbalance between technical LEWS development and the 1025 
people-centred operational requirements of EW4All. It also highlights a gap between 1026 
academic publications and operational reality. Many studies describe forecasting 1027 
methods in detail; however, they provide limited information on institutional 1028 
responsibility, warning dissemination, community preparedness, and response 1029 
planning. This affects the robustness of global comparisons, as differences between 1030 
systems may partly reflect differences in reporting practices rather than differences in 1031 
actual operational performance. While EW4All provides an important global framework, 1032 
its feasibility for LEWS is constrained by insufficient funding, the promotion of 1033 
standardised models that may not adequately account for local thresholds, and 1034 
persistent challenges related to inclusivity and last-mile communication. Future LEWS 1035 
development should prioritise operational governance, risk- and impact-based 1036 
information, last-mile communication, preparedness, and scalable approaches that 1037 
remain responsive to local landslide conditions. Unless region-specific approaches are 1038 
prioritised and adequate resources are secured, establishing effective LEWS globally 1039 
by 2027 will remain difficult. A LEWS is more likely to be effective when Pillars 3 and 1040 
4 function adequately and are well integrated with the preceding pillars. 1041 

 The restriction to English-language publications and supplementary sources may 1042 
have excluded relevant systems studies and operational evidence published in other 1043 
languages, potentially affecting the representativeness of the reviewed sample and 1044 
limiting the global scope of the findings. 1045 
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Appendix A1: Rainfall-induced LEWS records reviewed (2015–2026), including locality, areal coverage, system scale, system type 1420 
(LEWS vs. forecasting-focused), operational evidence, evidence strength, the evidence basis for each EW4All pillar, source type, 1421 
and reference. 1422 

Country Locality Areal 
coverage 

System 
scale 

Type of 
the system 

Operational evidence 
Evidence 
strength 

P1 and P2 
assignment 
source 

P3 
assignment 
source 

P4 
assignment 
source 

Source 
type 

Reference 

Bangladesh Chittagong 
Metropolitan Area 
(CMA) 

City / 
metropolitan-
area-wide 

Regional LEWS A dynamic public Web-GIS 
EWS was developed, but the 
paper presents it as a 
proposed research system 
rather than a confirmed, 
routinely operational system 
managed by an authorised 
institution. 

High: non-
operational 
stage explicit 

Paper itself Paper itself Paper itself Journal 
article 

Ahmed et al., 
2018 

Bangladesh Cox’s Bazar 
District, especially 
Rohingya refugee 
camps in Ukhia 
and Teknaf 

District-wide / 
multiple 
subdistricts and 
camps 

Regional  LEWS A live web-based landslide 
early warning system 
operates in Cox’s Bazar 
District and is institutionally 
linked to the Bangladesh 
Meteorological Department, 
through which the FAO-
supported system is provided 
as a landslide warning 
service. 

High: direct 
operational 
evidence 

Paper itself Paper itself 
+ Official 
website  

Paper itself + 
Official 

document 

Journal 
article, 
public 
document, 
official 
website 

Ahmed et al., 
2020; Ahmed 
et al., 2026; 
RCP, 2026 

Brazil CEMADEN-
monitored high-risk 
municipalities; 
examples include 
Blumenau, 
Petrópolis, Nova 
Friburgo and 
Florianópolis 

National/high-
risk 
municipalities 

National LEWS SNAKE is deployed in the 
CEMADEN Situation Room 
and is presented as an 
operational system for 
monitoring and issuing alerts 
in high-risk municipalities. 

High: direct 
operational 
evidence 

Paper itself Paper itself 
+ Official 
website 

Paper itself Journal 
article, 
official 
website 

Andrade et al., 
2023 

Brazil Rio de Janeiro 
municipality, 
including 103 
informal 
communities 

Municipality-
wide / multi-
community 
warning 
network 

Regional LEWS Alerta-Rio is a municipality-
operated, citywide landslide 
early warning system, and the 
paper evaluates its 
operational performance. 
A2C2 was deployed and is 
reported to be currently in use 
across 103 informal 
communities in Rio de 
Janeiro. 

High: direct 
operational 
evidence 

Paper itself Paper itself 
+  Official 
website 1 + 
Official 
website 2 

Official 
website 1+ 
Official 
website 2+ 
Official Blog  

Book 
chapter, 
Journal 
article, 
official 
website 

Calvello et al., 
2015a; 
Calvello et al., 
2015b 

https://doi.org/10.3390/ijgi7120485
https://doi.org/10.3390/ijgi7120485
https://www.landslidebd.com/coxs-warning-bmd/
https://www.landslidebd.com/coxs-warning-bmd/
https://doi.org/10.1080/19475705.2020.1730988
https://doi.org/10.1080/19475705.2020.1730988
https://painelalertas.cemaden.gov.br/
https://doi.org/10.4236/ijg.2023.1411058
https://doi.org/10.4236/ijg.2023.1411058
https://georio.prefeitura.rio/alarme-sonoro/
https://georio.prefeitura.rio/alarme-sonoro/
https://www.sistema-alerta-rio.com.br/alertas/
https://georio.prefeitura.rio/alarme-sonoro/
https://georio.prefeitura.rio/alarme-sonoro/
https://www.sistema-alerta-rio.com.br/alertas/
https://defesacivil.prefeitura.rio/noticias/defesa-civil-do-rio-realiza-exercicio-simulado-de-desocupacao-em-comunidades-das-zonas-norte-e-oeste-do-rio/
https://doi.org/10.1007/978-3-319-09057-3_109
https://doi.org/10.1007/978-3-319-09057-3_109
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Country Locality Areal 
coverage 

System 
scale 

Type of 
the system 

Operational evidence 
Evidence 
strength 

P1 and P2 
assignment 
source 

P3 
assignment 
source 

P4 
assignment 
source 

Source 
type 

Reference 

Chile Southern Andes / 
northern Patagonia 
in southern Chile 

Broad 
subnational 
mountainous 
region 

Regional 
 

Forecasting  
focused 

The paper explicitly describes 
the system as pre-operational 
and states that an 
operational-scale RILEWS 
has not yet been established 
in the southern Andes. 

High: non-
operational 
stage explicit 

Paper itself No explicit 
information 

No explicit 
information 

Journal 
article 

Fustos-Toribio 
et al., 2022 

China Cili County, Hunan 
Province 

County-wide / 
regional 
warning area 

Regional 
 

Forecasting  
focused 

The LEWS was implemented 
and retrospectively tested 
using 2020 data and is 
described as adaptable for 
future operational 
implementation. 

High: non-
operational 
stage explicit 

Paper itself No explicit 
information 

No explicit 
information 

Journal 
article 

Lin et al., 2026 

China Huaihua City, 
Hunan Province 
case study / 
operational host 
LEWS 

City / 
municipality-
wide 
operational 
host system 

Regional Forecasting  
focused 

The paper describes an 
operational LEWS in Huaihua 
City with GIS, monitoring-data 
processing, warning 
mechanisms, and SMS-
based warning-information 
release. However, the study 
primarily focuses on the 
experimental integration and 
testing of a model-
management framework 
within this host system, while 
routine adoption, operational 
responsibility, or warning 
authority by a recognised 
institution is not 
demonstrated. 

Moderate: non-
operational 
stage inferred 

Paper itself Paper itself No explicit 
information 

Journal 
article 

Liu et al., 
2023a 

China Landslide-prone 
slope in the 
Wenchuan 
earthquake region 

Single 
instrumented 
slope / site 

Local Forecasting  
focused 

The multi-source system was 
established and tested on an 
actual slope, and warning 
criteria were proposed; 
however, routine operational 
use for warning purposes was 
not demonstrated. 

Moderate: non-
operational 
stage inferred 

Paper itself No explicit 
information 

No explicit 
information 

Journal 
technical 
note 

Yang et al., 
2017 

China Southwest China; 
site-specific 
deployments 
including 
Longjingwan 
landslide, Kaiyang 
County, Guizhou 
Province; Xingyi 
rockslide, Guizhou 

Multiple site-
specific slope 
and catchment 
deployments 

Local  LEWS The SKLGP site-specific 
LEWS was progressively 
developed and applied across 
multiple landslide and debris-
flow sites in Southwest China. 
Ju et al. (2015) document a 
real-time monitoring and 
computer-aided warning 
application at Longjingwan, 

Moderate: non-
operational 
stage inferred 

Paper itself Paper itself Paper itself Journal 
article 

Ju et al., 2015; 
Ju et al., 2020 

https://doi.org/10.5194/nhess-22-2169-2022
https://doi.org/10.5194/nhess-22-2169-2022
https://doi.org/10.3390/w18020168
https://doi.org/10.3390/ijgi12050198
https://doi.org/10.3390/ijgi12050198
https://doi.org/10.3390/app7121234
https://doi.org/10.3390/app7121234
https://doi.org/10.1007/s11629-014-3307-7
https://doi.org/10.1016/j.enggeo.2020.105917
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Country Locality Areal 
coverage 

System 
scale 

Type of 
the system 

Operational evidence 
Evidence 
strength 

P1 and P2 
assignment 
source 

P3 
assignment 
source 

P4 
assignment 
source 

Source 
type 

Reference 

Province; Baige 
debris slide at the 
Tibet–Sichuan 
border; and 
Zoumaling 
catchment, 
Qingping, Sichuan 
Province 

while Ju et al. (2020) report 
subsequent real-time 
applications and successful 
warning cases at Baige, 
Xingyi,and Zoumaling. 
However, the publications do 
not clearly demonstrate 
routine institutional adoption, 
operational responsibility, or 
formal warning authority by a 
governmental or other 
recognised operational 
institution. 

China Xinyu City, Jiangxi 
Province 

Single 
instrumented 
slope / site 
within Xinyu 
City 

Local  LEWS The IoT-based real-time 
monitoring and early warning 
system was deployed on a 
landslide-prone residential 
slope and successfully 
detected and recorded a 
rainfall-induced slope failure 
in July 2021. The system 
includes automated 
notifications to experts and 
registered users, together 
with a proposed formal 
warning and emergency-
response workflow involving 
local government. However, 
routine institutional adoption, 
operational responsibility, or 
formal warning authority by a 
recognised operational 
institution is not 
demonstrated. 

Moderate: non-
operational 
stage inferred 

Paper itself Paper itself Paper itself Journal 
article 

Mondal et al., 
2026 

Colombia Bello Oriente 
informal 
settlement, 
Medellín 

Single 
settlement / 
community 

Local LEWS The Inform@Risk LEWS 
project was still under 
implementation and testing at 
the time of publication; its 
classification as a Full LEWS 
refers to the documented 
design of the complete 
warning chain rather than to 
confirmed operational 
maturity. 

High: non-
operational 
stage explicit 

Paper itself Paper itself Paper itself Journal 
article 

Gamperl et al., 
2021; Gamperl 
et al., 2023; 
and 
Werthmann et 
al., 2024 

https://doi.org/10.3390/app16125738
https://doi.org/10.3390/app16125738
https://doi.org/10.3390/s21082609
https://doi.org/10.3390/s21082609
https://doi.org/10.3390/land12071451
https://doi.org/10.3390/land12071451
https://doi.org/10.5194/nhess-24-1843-2024
https://doi.org/10.5194/nhess-24-1843-2024
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Country Locality Areal 
coverage 

System 
scale 

Type of 
the system 

Operational evidence 
Evidence 
strength 

P1 and P2 
assignment 
source 

P3 
assignment 
source 

P4 
assignment 
source 

Source 
type 

Reference 

Colombia Nationwide 
Colombia; 
municipal alert 
classification 

National / 
municipal alert 
coverage 

National LEWS The official IDEAM page 
states that the BADT is 
produced daily and that 
current bulletins are publicly 
archived up to September 
2026. 

High: direct  
operational 
evidence 

Official 
website 

Official 
website 

Official 
website 1 + 
Official 
website 2 

Official 
government 
operational 
bulletin / 
portal 

IDEAM, 2026 

Hong Kong, 
China 

Hong Kong 
territory 

Territory-wide Regional LEWS The Hong Kong Landslip 
Warning System is 
implemented jointly by the 
GEO and HKO and has been 
operational since 1977. 

High: direct 
operational 
evidence 

Paper itself Official 
website 

Official 
website 

Journal 
technical 
note, official 
website 

Kong et al., 
2020 

India Amboori, Kerala Single landslide 
/ local slope 
area 

Local Forecasting  
focused 

The study develops rainfall 
and slope-stability thresholds, 
together with an EWS 
methodology; however, it 
does not document an 
operational warning service in 
routine use. 

Moderate: non-
operational 
stage inferred 

Paper itself No explicit 
information 

No explicit 
information 

Journal 
research 
article 

Naidu et al., 
2018 

India Chandmari, 
Sikkim, North 
Eastern Himalayas 

Single 
instrumented 
slope/site 

Local LEWS The IoT LEWS was installed 
in Chandmari, Sikkim, in 2019 
and is reported to have 
remained operational since 
then. 

High: direct  
operational 
evidence 

Paper itself Official 
website 

Official 
website 

Journal 
article, 
official 
website 

Kumar and 
Ramesh, 2022 

India Himachal Pradesh 
Himalayan region; 
pilot field site 

Pilot field site / 
local slope 

Local Forecasting  
focused 

A pilot EWS was installed for 
sensor and data-quality 
assessment; however, the 
paper states that further 
calibration and deployment 
are required, indicating that 
the system is not yet 
operational. 

High: non-
operational 
stage explicit 

Paper itself No explicit 
information 

No explicit 
information 

Conference 
proceedings 
article 

Prakasam et 
al., 2021 

India Operational 
bulletins for 
Darjeeling and 
Kalimpong (West 
Bengal) and The 
Nilgiris (Tamil 
Nadu); 
experimental 
expansion to other 
landslide-prone 
districts 

National 
programme / 
selected 
operational 
districts across 
multiple states 

National  LEWS The Geological Survey of 
India (GSI) explicitly states 
that the system is operational 
and that public landslide 
forecast bulletins are routinely 
issued for Darjeeling, 
Kalimpong, and the Nilgiris. 

High: direct 
operational 
evidence 

Official 
website 

Official 
website 

Official 
website 

Official 
government 
operational 
portal / 
bulletin 

GSI, 2026 

https://www.ideam.gov.co/sala-de-prensa/boletines/Bolet%C3%ADn-de-Alertas-por-Pron%C3%B3stico-de-la-Amenaza-por-Deslizamientos-de-Tierra-%28BADT%29
https://www.ideam.gov.co/sala-de-prensa/boletines/Bolet%C3%ADn-de-Alertas-por-Pron%C3%B3stico-de-la-Amenaza-por-Deslizamientos-de-Tierra-%28BADT%29
https://www.ideam.gov.co/sala-de-prensa/boletines/Bolet%C3%ADn-de-Alertas-por-Pron%C3%B3stico-de-la-Amenaza-por-Deslizamientos-de-Tierra-%28BADT%29
https://www.ideam.gov.co/sala-de-prensa/boletines/Bolet%C3%ADn-de-Alertas-por-Pron%C3%B3stico-de-la-Amenaza-por-Deslizamientos-de-Tierra-%28BADT%29
https://www.ideam.gov.co/sala-de-prensa/boletines/Bolet%C3%ADn-de-Alertas-por-Pron%C3%B3stico-de-la-Amenaza-por-Deslizamientos-de-Tierra-%28BADT%29
https://www.ideam.gov.co/sala-de-prensa/boletines/Bolet%C3%ADn-de-Alertas-por-Pron%C3%B3stico-de-la-Amenaza-por-Deslizamientos-de-Tierra-%28BADT%29
https://portal.gestiondelriesgo.gov.co/Paginas/old_noticias/1232.aspx
https://portal.gestiondelriesgo.gov.co/Paginas/old_noticias/1232.aspx
https://www.ideam.gov.co/sala-de-prensa/boletines/Bolet%C3%ADn-de-Alertas-por-Pron%C3%B3stico-de-la-Amenaza-por-Deslizamientos-de-Tierra-%28BADT%29
https://ginfo.cedd.gov.hk/hkss/en/protection-against-landslide-emergency/landslip-warning-system/index.html
https://ginfo.cedd.gov.hk/hkss/en/protection-against-landslide-emergency/landslip-warning-system/index.html
https://hkss.cedd.gov.hk/hkss/en/protection-against-landslide-emergency/precautionary-actions/index.html
https://hkss.cedd.gov.hk/hkss/en/protection-against-landslide-emergency/precautionary-actions/index.html
https://doi.org/10.1007/s10346-020-01379-6
https://doi.org/10.1007/s10346-020-01379-6
https://doi.org/10.1016/j.gsf.2017.10.008
https://doi.org/10.1016/j.gsf.2017.10.008
https://ssdma.nic.in/activities.html?
https://ssdma.nic.in/activities.html?
https://ssdma.nic.in/activities.html?
https://ssdma.nic.in/activities.html?
https://doi.org/10.1109/JSEN.2022.3189903
https://doi.org/10.1109/JSEN.2022.3189903
https://doi.org/10.1016/j.matpr.2021.02.456
https://doi.org/10.1016/j.matpr.2021.02.456
https://bhusanket.gsi.gov.in/
https://bhusanket.gsi.gov.in/
https://bhusanket.gsi.gov.in/
https://bhusanket.gsi.gov.in/
https://bhusanket.gsi.gov.in/
https://bhusanket.gsi.gov.in/
https://bhusanket.gsi.gov.in/
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P4 
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India Tangni landslide, 
Chamoli District, 
Uttarakhand 

Single 
landslide/site 

Local Forecasting  
focused 

A near-real-time 
instrumentation setup was 
installed, and sensor-based 
warning thresholds were 
developed; however, the 
study does not demonstrate 
routine prospective warning 
issuance or the existence of 
an established operational 
warning service. 

Moderate: non-
operational 
stage inferred 

Paper itself No explicit 
information 

No explicit 
information 

Conference 
proceedings 
paper 

Chaturvedi et 
al., 2017 

Indonesia Grasberg mining 
area and 
surrounding 
valleys, Papua 

Mine-site / local 
valley area 

Local Forecasting  
focused 

The work develops thresholds 
and an EWS to support an 
operational risk chain, but 
presents the system as a 
basis for establishing routine, 
continuous alarm services 
rather than demonstrating 
mature operational use. 

Moderate: non-
operational 
stage inferred 

Paper itself No explicit 
information 

No explicit 
information 

Conference 
proceedings 
paper 

Farina et al., 
2020 

Indonesia National 
application; 
demonstrated for 
Pacitan (East 
Java) and Brebes 
(Central Java) 

National 
application / 
national 
programme 

National Forecasting  
focused 

The Indonesian LEWS is 
explicitly stated to have been 
operational since the end of 
2017 and to have issued 
warnings twice weekly. 

High: direct 
operational 
evidence 

Paper itself Paper itself No explicit 
information 

Journal 
article 

Hidayat et al., 
2019 

Italy Emilia-Romagna 
Region 

Region-wide / 
Emilia-
Romagna 

Regional LEWS SIGMA operates in Emilia-
Romagna, and the paper 
describes its operational use 
over two decades. 

High: direct 
operational 
evidence 

Paper itself Paper itself 
+ Official 
website 

Official 
website 

Journal 
technical 
note, official 
website 

Segoni et al., 
2018 

Italy Italian railway 
network; 
operational case 
on Marradi–
Faenza line 

National 
sectoral railway 
network 

National LEWS SANF-RFI is explicitly 
presented as an operational 
national-scale landslide early 
warning and decision-support 
system for the Italian railway 
network. 

High: direct 
operational 
evidence 

Paper itself Paper itself 
+ Website 

Paper itself + 
Website 

Journal 
article, 
official 
website 

Murgia et al., 
2026 

Italy Nationwide Italy National National  LEWS SANF is implemented for the 
Italian Civil Protection 
system, with routine outputs 
and reports provided to the 
relevant Civil Protection 
authorities. 

High: direct 
operational 
evidence 

Paper itself Paper itself 
+ Official 
website 

Paper itself + 
Official 
website 

Book 
chapter, 
official 
website 

Rossi et al., 
2018 

Italy Piemonte Region Region-wide / 
Piemonte 

Regional  LEWS Official ARPA/Regione 
Piemonte pages describe the 
regional system as 
operational for civil protection 
purposes and provide current 

High: direct 
operational 
evidence 

Official 
website 

Official 
website 

Official 
website 

Official 
regional 
government 
operational 

ARPA 
Piemonte, 
2026 

https://doi.org/10.1007/978-981-10-3325-4_26
https://doi.org/10.1007/978-981-10-3325-4_26
https://doi.org/10.36487/ACG_repo/2025_98
https://doi.org/10.36487/ACG_repo/2025_98
https://doi.org/10.3390/geosciences9100451
https://doi.org/10.3390/geosciences9100451
https://allertameteo.regione.emilia-romagna.it/
https://allertameteo.regione.emilia-romagna.it/
https://allertameteo.regione.emilia-romagna.it/
https://allertameteo.regione.emilia-romagna.it/
https://doi.org/10.3390/w10101297
https://doi.org/10.3390/w10101297
https://www.irpi.cnr.it/en/progetto/sanf-rfi/
https://www.irpi.cnr.it/en/progetto/sanf-rfi/
https://doi.org/10.1177/09544097261456885
https://doi.org/10.1177/09544097261456885
https://www.irpi.cnr.it/en/servizio/sanf/?
https://www.irpi.cnr.it/en/servizio/sanf/?
https://www.irpi.cnr.it/en/servizio/sanf/?
https://www.irpi.cnr.it/en/servizio/sanf/?
https://doi.org/10.1007/978-3-319-57774-6_24
https://doi.org/10.1007/978-3-319-57774-6_24
https://www.arpa.piemonte.it/rischi_naturali/snippets_arpa/frane/
https://www.arpa.piemonte.it/rischi_naturali/snippets_arpa/frane/
https://www.arpa.piemonte.it/rischi_naturali/snippets_arpa/frane/
https://www.arpa.piemonte.it/rischi_naturali/snippets_arpa/frane/
https://www.arpa.piemonte.it/rischi_naturali/snippets_arpa/frane/
https://www.arpa.piemonte.it/rischi_naturali/snippets_arpa/frane/
https://www.arpa.piemonte.it/rischi_naturali/snippets_arpa/frane/index.html
https://www.arpa.piemonte.it/rischi_naturali/snippets_arpa/frane/index.html
https://www.arpa.piemonte.it/rischi_naturali/snippets_arpa/frane/index.html
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landslide-trigger scenarios 
and daily warning products. 

warning 
portal 

Italy Tuscany Region Region-wide / 
Tuscany 

Regional LEWS The Tuscany EWS is explicitly 
described as operational, 
implemented through 
WebGIS, and managed by 
the Tuscany Civil Protection 
Authority. 

High: direct 
operational 
evidence 

Paper itself Paper itself 
+ Official 
website 

Official 
website 

Journal 
technical 
note, official 
website 

Segoni et al., 
2015 

Italy Umbria Region Region-wide / 
Umbria 

Regional LEWS The Umbria Civil Protection 
LEWS is operational and 
issues daily bulletins, while 
the study is conducted within 
this established operational 
system. 

High: direct 
operational 
evidence 

Paper itself Official 
website 

Official 
website 

Journal 
article, 
official 
website 

Ponziani et al., 
2023 

Japan Fukuoka/Kyushu 
University 
laboratory-scale 
sandy slope tests 

Pilot 
instrumented 
site / local 
slope 

Local  LEWS The EWS was experimentally 
validated on representative 
sandy slopes and is 
presented as suitable for 
future operational 
implementation rather than as 
an established operational 
warning service. 

Moderate: non-
operational 
stage inferred 

Paper itself Paper itself Paper itself Conference 
proceedings 
paper / 
book 
chapter 

Liu et al., 
2022; Liu et 
al., 2023b 

Japan Nationwide Japan National National  LEWS JMA publishes current 
national landslide warning 
and advisory information, 
together with a live Real-time 
Risk Map that provides 
explicit protective actions 
corresponding to different 
alert levels. 

High: direct 
operational 
evidence 

Official 
website 

Official 
website 

Official 
website 

Official 
government 
operational 
portal / 
warning 
service 

JMA, 2026 

Malaysia Multiple monitored 
critical slopes and 
landslide hotspots 
across Malaysia 

National 
programme / 
selected critical 
slopes and 
hotspots 
nationwide 

National LEWS Official JMG sources state 
that real-time landslide early 
warning services and 
GeoSlide analytics are 
operational, and that the 
government is expanding the 
installed EWS network. 

High: direct 
operational 
evidence 

Official 
website 

Official 
website 

Official 
website 

Official 
government 
operational 
portal / 
programme 

JMG, 2026 

Malaysia Ulu Kelang, 
Selangor 

Subregional 
catchment / 
urban area 

Regional Forecasting  
focused 

A real-time web-based 
RLEWS was developed and 
updated daily, but routine 
operational adoption, use, or 
formal responsibility by a 
recognised authority was not 
demonstrated. 

Moderate: non-
operational 
stage inferred 

Paper itself Paper itself No explicit 
information 

Journal 
article 

Yaacob et al., 
2019 

https://www.regione.toscana.it/allertameteo/il-sistema-di-allertamento
https://www.regione.toscana.it/allertameteo/il-sistema-di-allertamento
https://www.regione.toscana.it/allertameteo/il-sistema-di-allertamento
https://www.regione.toscana.it/allertameteo/il-sistema-di-allertamento
https://doi.org/10.5194/nhess-15-853-2015
https://doi.org/10.5194/nhess-15-853-2015
https://cfumbria.regione.umbria.it/
https://cfumbria.regione.umbria.it/
https://cfumbria.regione.umbria.it/cosa-fare-in-caso-di-frane
https://cfumbria.regione.umbria.it/cosa-fare-in-caso-di-frane
https://doi.org/10.1016/j.enggeo.2023.107352
https://doi.org/10.1016/j.enggeo.2023.107352
https://doi.org/10.1109/ICUE55325.2022.10113491
https://doi.org/10.1109/ICUE55325.2022.10113491
https://doi.org/10.1201/9781003299127-161
https://doi.org/10.1201/9781003299127-161
https://www.jma.go.jp/bosai/en_risk/
https://www.jma.go.jp/bosai/en_risk/
https://www.jma.go.jp/bosai/en_risk/
https://www.jma.go.jp/bosai/en_risk/
https://www.jma.go.jp/bosai/en_risk/
https://www.jma.go.jp/bosai/en_risk/
https://www.jma.go.jp/bosai/en_risk/
https://ews.jmg.gov.my/
https://ews.jmg.gov.my/
https://ews.jmg.gov.my/
https://ews.jmg.gov.my/
https://ews.jmg.gov.my/
https://ews.jmg.gov.my/
https://ews.jmg.gov.my/
https://doi.org/10.11591/ijeecs.v13.i3.pp1259-1266
https://doi.org/10.11591/ijeecs.v13.i3.pp1259-1266
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Country Locality Areal 
coverage 

System 
scale 

Type of 
the system 

Operational evidence 
Evidence 
strength 

P1 and P2 
assignment 
source 

P3 
assignment 
source 

P4 
assignment 
source 

Source 
type 

Reference 

Nepal Sundrawati village 
/ Mehele landslide, 
Kalinchowk Rural 
Municipality, 
Dolakha District 

Single 
village/landslide 
site 

Local  LEWS The community LEWS was 
installed in 
Sundrawati/Mehele, linked to 
local authorities and 
evacuation procedures, with 
documented application 
within the local community. 

High: direct 
operational 
evidence 

Paper itself Paper itself Paper itself Journal 
article 

Thapa and 
Adhikari, 2019 

Norway Nationwide 
Norway warning 
regions 

National National  LEWS Norway’s national Landslide 
Forecasting and Warning 
Service was officially 
launched in 2013 and 
provides routine daily 
assessments and warnings. 

High: direct 
operational 
evidence 

Paper itself Paper itself 
+ Official 
website 

Paper itself + 
Official 
website 

Journal 
article, 
official 
website 

Krøgli et al., 
2018; Piciullo 
et al., 2017 

Pakistan Mountainous 
northern Pakistan, 
particularly Khyber 
Pakhtunkhwa, 
Gilgit-Baltistan and 
Azad Jammu & 
Kashmir 

National 
programme / 
mountainous 
high-risk 
regions 

National  LEWS NDMA's 2026 DEW-2 
explicitly includes a Landslide 
Early Warning Overview, and 
current NDMA portals provide 
dated landslide advisories 
and hazard projections for 
2026. 

High: direct 
operational 
evidence 

Official 
website 

Official 
website 

Official 
website 

Official 
national 
government 
early-
warning 
assessment 
/ advisory 
programme 

NDMA, 
Pakistan, 2026 

Peru Nationwide Peru; 
forecast-triggered 
critical zones and 
district-level mass-
movement risk 
scenarios 

National / 
forecast-
triggered 
district and 
critical-zone 
coverage 

National  LEWS INGEMMET identified 185 
critical zones based on a 
SENAMHI forecast for 
February 2026 and 
transmitted the resulting 
report to COEN and the 
relevant authorities; INDECI 
subsequently issued district-
level landslide and huaico risk 
information and response 
guidance in March 2026, also 
based on a SENAMHI 
forecast. 

High: direct 
operational 
evidence 

Official 
website 

Official 
website 

Official 
website 

Official 
national 
multi-
agency 
government 
operational 
alert / risk-
scenario 
service 

INGEMMET, 
2026; INDECI, 
2026 

Philippines Albay Province, 
Bicol Region 

Province-wide / 
Albay warning 
landscapes 

Regional  LEWS The official MGB technical 
document states that the 
thresholds are currently used 
to issue warning bulletins for 
Albay, and government 
bulletins from 2025 and 2026 
demonstrate operational 
warning issuance and 
associated response actions. 

High: direct 
operational 
evidence 

Official 
website 

Official 
website 

Official 
website 

Official 
government 
operational 
warning 
bulletin / 
technical 
programme 

Miraballes, 
2021; MGB-V, 
2026 

https://doi.org/10.1007/s11629-019-5586-5
https://doi.org/10.1007/s11629-019-5586-5
https://www.varsom.no/en/flood-and-landslide-warning-service/
https://www.varsom.no/en/flood-and-landslide-warning-service/
https://www.varsom.no/en/flood-and-landslide-warning-service/
https://www.varsom.no/en/flood-and-landslide-warning-service/
https://doi.org/10.5194/nhess-18-1427-2018
https://doi.org/10.5194/nhess-18-1427-2018
https://doi.org/10.5194/nhess-17-817-2017
https://doi.org/10.5194/nhess-17-817-2017
https://ndma.gov.pk/
https://ndma.gov.pk/
https://ndma.gov.pk/
https://ndma.gov.pk/
https://ndma.gov.pk/
https://ndma.gov.pk/
https://www.ndma.gov.pk/projection-impact-list_new?page=2
https://www.ndma.gov.pk/projection-impact-list_new?page=2
https://www.gob.pe/institucion/ingemmet/noticias/1355346-ingemmet-identifica-185-zonas-criticas-por-peligros-geologicos-ante-lluvias
https://www.gob.pe/institucion/ingemmet/noticias/1355346-ingemmet-identifica-185-zonas-criticas-por-peligros-geologicos-ante-lluvias
https://www.gob.pe/institucion/ingemmet/campa%C3%B1as/131812-peru-en-alerta
https://www.gob.pe/institucion/ingemmet/campa%C3%B1as/131812-peru-en-alerta
https://www.gob.pe/institucion/indeci/noticias/1366054-865-distritos-de-la-sierra-en-riesgo-por-precipitaciones
https://www.gob.pe/institucion/indeci/noticias/1366054-865-distritos-de-la-sierra-en-riesgo-por-precipitaciones
https://www.gob.pe/institucion/ingemmet/noticias/1355346-ingemmet-identifica-185-zonas-criticas-por-peligros-geologicos-ante-lluvias
https://www.gob.pe/institucion/ingemmet/noticias/1355346-ingemmet-identifica-185-zonas-criticas-por-peligros-geologicos-ante-lluvias
https://www.gob.pe/institucion/ingemmet/noticias/1355346-ingemmet-identifica-185-zonas-criticas-por-peligros-geologicos-ante-lluvias
https://region5.mgb.gov.ph/
https://region5.mgb.gov.ph/
https://region5.mgb.gov.ph/
https://region5.mgb.gov.ph/
https://region5.mgb.gov.ph/
https://region5.mgb.gov.ph/
https://region5.mgb.gov.ph/attachments/article/235/tsADA17january2025albay_6pm.pdf
https://region5.mgb.gov.ph/attachments/article/235/tsADA17january2025albay_6pm.pdf
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P3 
assignment 
source 

P4 
assignment 
source 

Source 
type 

Reference 

Rwanda 15 high-risk 
districts in 
northwestern, 
western and 
southern Rwanda; 
pilot in Ngororero 

Multi-district 
subnational 
coverage 

Regional LEWS The EWS was implemented 
as a pilot web-based platform; 
however, the paper does not 
clearly demonstrate 
established, routine 
institutional warning 
operations beyond the pilot 
stage. 

Moderate: non-
operational 
stage inferred 

Paper itself Paper itself Paper itself Journal 
article 

Niyibizi and 
Valentino, 
2025 

South 
Korea 

Busan; case study 
at a debris-flow-
vulnerable 
mountain site 

City / 
municipality-
wide 

Regional  LEWS The Busan LEWS was 
implemented within the local 
government framework but 
was explicitly described as 
undergoing trial operation at 
the time of publication. 

High: non-
operational 
stage explicit 

Paper itself Paper itself Paper itself Conference 
proceedings 
paper 

Park et al., 
2018 

South 
Korea 

Nationwide 
Republic of Korea 

National National  LEWS The official Korea Forest 
Service portal provides 
current landslide forecasts, 
prediction information, crisis 
warnings, risk maps, and 
shelter information. 

High: direct 
operational 
evidence 

Official 
website 

Official 
website 

Official 
website 

Official 
government 
operational 
portal / 
warning 
service 

Korea Forest 
Service (KFS), 
2026 

Sri Lanka National landslide-
prone districts 

National / 
landslide-prone 
districts 

National  LEWS The NBRO Regional 
Landslide Early Warning 
System has operated since 
2007, using predefined 
rainfall thresholds and three 
warning levels (watch, alert, 
and evacuation) for rainfall-
induced landslide warnings. 

High: direct 
operational 
evidence 

Paper itself Paper itself 
+ Official 
website 

Paper itself + 
Official 
website 

Book 
chapter, 
official 
website 

Konagai et al., 
2023 

Taiwan Nationwide Taiwan 
debris-flow-prone 
torrents 

National National LEWS The Taiwan SWCB DDMI 
system has an explicit 
operational process for real-
time warning generation, 
dissemination, and 
evacuation support. 

High: direct 
operational 
evidence 

Paper itself Official 
website 

Official 
website 

Book 
chapter, 
official 
website 

Yin et al., 2015 

Thailand Nationwide 
landslide-prone 
areas and 
community 
warning networks 

National 
warning 
surveillance 
with community 
implementation 

National LEWS DMR's official dataset states 
that the AP-Model supports 
landslide surveillance and 
warning across Thailand, 
while supporting government 
materials document 
operational community-based 
warning networks. 

High: direct 
operational 
evidence 

Official 
website 

Official 
website 

Official 
website 

Official 
government 
operational 
data / 
programme 

DMR, 2026 

https://doi.org/10.2495/RISK180021
https://doi.org/10.2495/RISK180021
https://sansatai.forest.go.kr/mhms_pub/mhms/main/mainPage.do
https://sansatai.forest.go.kr/mhms_pub/mhms/main/mainPage.do
https://sansatai.forest.go.kr/mhms_pub/mhms/main/mainPage.do
https://sansatai.forest.go.kr/mhms_pub/mhms/main/mainPage.do
https://sansatai.forest.go.kr/mhms_pub/mhms/shelter/shelterPage.do
https://sansatai.forest.go.kr/mhms_pub/mhms/shelter/shelterPage.do
https://sansatai.forest.go.kr/mhms_pub/mhms/main/mainPage.do
https://sansatai.forest.go.kr/mhms_pub/mhms/main/mainPage.do
https://sansatai.forest.go.kr/mhms_pub/mhms/main/mainPage.do
https://www.dmc.gov.lk/index.php?Itemid=276&lang=en&limit=25&option=com_dmcreports&report_type_id=5&view=reports
https://www.dmc.gov.lk/index.php?Itemid=276&lang=en&limit=25&option=com_dmcreports&report_type_id=5&view=reports
https://www.dmc.gov.lk/index.php?Itemid=276&lang=en&limit=25&option=com_dmcreports&report_type_id=5&view=reports
https://www.dmc.gov.lk/index.php?Itemid=276&lang=en&limit=25&option=com_dmcreports&report_type_id=5&view=reports
https://doi.org/10.1007/978-3-031-16898-7_16
https://doi.org/10.1007/978-3-031-16898-7_16
https://246.ardswc.gov.tw/EN/DebrisFlow/AlertPublish
https://246.ardswc.gov.tw/EN/DebrisFlow/AlertPublish
https://246.ardswc.gov.tw/EN/DebrisFlow/AlertPublish
https://246.ardswc.gov.tw/EN/DebrisFlow/AlertPublish
https://doi.org/10.1007/978-3-319-09054-2_21
https://data.dmr.go.th/dataset/daily-susceptibility-data-from-ap-model
https://data.dmr.go.th/dataset/daily-susceptibility-data-from-ap-model
https://data.dmr.go.th/dataset/daily-susceptibility-data-from-ap-model
https://data.dmr.go.th/dataset/daily-susceptibility-data-from-ap-model
https://data.dmr.go.th/dataset/daily-susceptibility-data-from-ap-model
https://data.dmr.go.th/dataset/daily-susceptibility-data-from-ap-model
https://data.dmr.go.th/dataset/daily-susceptibility-data-from-ap-model
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P4 
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Tunisia Metline, northern 
Tunisia 

Single site / 
local prototype 

Local Forecasting  
focused 

The paper explicitly presents 
a landslide early warning 
system prototype. 

High: non-
operational 
stage explicit 

Paper itself No explicit 
information 

No explicit 
information 

Conference 
proceedings 
paper 

Kebaili et al., 
2016 

United 
States 

Recently burned 
watersheds and 
burn scars across 
the western United 
States 

Federal 
national 
programme / 
selected burn 
scars across 
multiple states 

National LEWS USGS explicitly states that 
postfire hazard assessments 
and rainfall thresholds 
support early warning, while 
the NWS issued multiple 
Flash Flood Warnings in 2026 
that explicitly forecast or 
reported observed debris 
flows in burn-scar areas. 

High: direct 
operational 
evidence 

Official 
website 

Official 
website 1 + 
Official 
website 2 

Official 
website 1 + 
Official 
website 2 

Official 
federal 
government 
operational 
hazard 
assessment 
/ warning 
service 

USGS, 2026; 
NWS, 2026 

United 
States 

Sitka, Alaska City / 
community-
wide warning 
area 

Regional LEWS The Sitka Landslide Risk 
Dashboard is an active, 
community-facing service that 
provides current and forecast 
rainfall-induced landslide risk 
levels, together with 
associated preparedness 
actions. It is a non-
governmental risk-information 
dashboard and does not 
independently issue push 
notifications or formal 
warnings. 

High: direct 
operational 
evidence 

Paper itself Paper 
itself+ 
Official 
website 

Paper itself + 
Official 
website 

Journal 
article, 
official 
website 

Patton et al., 
2023; Lempert 
et al., 2023 

Vietnam Nam Dan 
landslide, Xin Man 
District, Ha Giang 
Province 

Single landslide 
/ site 

Local Forecasting  
focused 

The EWMRIL system was 
implemented and 
experimentally validated at a 
case-study site, but the 
warning workflow is 
presented as proposed and 
experimental rather than as a 
documented routine 
operational service. 

Moderate: non-
operational 
stage inferred 

Paper itself Paper itself No explicit 
information 

Journal 
article 

Gian et al., 
2017 

Note: The hyperlinks were active at the time the article was processed. 1423 

https://doi.org/10.1016/j.procs.2016.09.090
https://doi.org/10.1016/j.procs.2016.09.090
https://www.usgs.gov/programs/landslide-hazards/science/postfire-debris-flow-hazard-maps
https://www.usgs.gov/programs/landslide-hazards/science/postfire-debris-flow-hazard-maps
https://www.usgs.gov/programs/landslide-hazards/science/postfire-debris-flow-hazards
https://www.usgs.gov/programs/landslide-hazards/science/postfire-debris-flow-hazards
https://www.weather.gov/sew/burnscar
https://www.weather.gov/sew/burnscar
https://www.usgs.gov/programs/landslide-hazards/science/postfire-debris-flow-hazards
https://www.usgs.gov/programs/landslide-hazards/science/postfire-debris-flow-hazards
https://www.weather.gov/sew/burnscar
https://www.weather.gov/sew/burnscar
https://www.usgs.gov/programs/landslide-hazards/science/postfire-debris-flow-hazard-maps
https://www.usgs.gov/programs/landslide-hazards/science/postfire-debris-flow-hazard-maps
https://sitkalandslide.org/
https://sitkalandslide.org/
https://sitkalandslide.org/
https://sitkalandslide.org/
https://doi.org/10.5194/nhess-23-3261-2023
https://doi.org/10.5194/nhess-23-3261-2023
https://doi.org/10.1080/19475705.2017.1401561
https://doi.org/10.1080/19475705.2017.1401561
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Appendix B1: Operational status by key characteristics across the 45 unique systems. 1424 

 1425 

 1426 
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Appendix C1: Distribution of operational status and spatial scale across some key system characteristics, stratified by system type. 1427 

Characteristic Category 
Category 

total n 
Type of the 

System 
Type n (% of 

category) 

Local Regional National 

Operational n 
(%) 

Non-operational 
n (%) 

Operational n 
(%) 

Non-operational 
n (%) 

Operational n 
(%) 

Non-operational 
n (%) 

Use API Data 

Yes 8 

LEWS 6 (75.0%) 1 (12.5%) 0 (0.0%) 2 (25.0%) 1 (12.5%) 2 (25.0%) 0 (0.0%) 

Forecasting-
focused 

2 (25.0%) 0 (0.0%) 1 (12.5%) 0 (0.0%) 1 (12.5%) 0 (0.0%) 0 (0.0%) 

No 37 

LEWS 27 (73.0%) 1 (2.7%) 4 (10.8%) 7 (18.9%) 2 (5.4%) 13 (35.1%) 0 (0.0%) 

Forecasting-
focused 

10 (27.0%) 0 (0.0%) 6 (16.2%) 0 (0.0%) 3 (8.1%) 1 (2.7%) 0 (0.0%) 

Use IoT 

Yes 7 

LEWS 6 (85.7%) 1 (14.3%) 4 (57.1%) 1 (14.3%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 

Forecasting-
focused 

1 (14.3%) 0 (0.0%) 1 (14.3%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 

No 38 

LEWS 27 (71.1%) 1 (2.6%) 0 (0.0%) 8 (21.1%) 3 (7.9%) 15 (39.5%) 0 (0.0%) 

Forecasting-
focused 

11 (28.9%) 0 (0.0%) 6 (15.8%) 0 (0.0%) 4 (10.5%) 1 (2.6%) 0 (0.0%) 

Note: Percentages in “Type n” are calculated using the corresponding characteristic-category total as the denominator. Percentages in the Local, Regional, and National columns use the same 1428 
characteristic-category denominator. All values refer to the reviewed sample. 1429 

 1430 

 1431 


