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Abstract 

Numerous hydrological, anthropogenic, and geophysical factors can cause landslides, which are complicated natural disasters. Accurately 

predicting these occurrences is crucial to minimize the loss of property and life. Predefined predictive models now use machine learning 

algorithms and remote sensing data to identify landslide-prone areas thanks to advancements in data science. To start creating reliable 

classification models, this method combines historical landslide records, topographical data, lithology, rainfall data, and satellite imagery.  

Digital elevation models (DEM), rainfall intensity, slope angle, soil type, vegetation indices, and land use patterns are just a few examples of 

the immense quantities of spatial and temporal data that are used in these models. To categorize regions as stable or prone to slope failures, 

machine learning algorithms such as Random Forest, Support Vector Machines (SVM), Gradient Boosting, and Artificial Neural Networks 

(ANN) are trained on historical landslide data. 

In order to interpret risk zones, predefined models are commonly integrated with Geographic Information Systems (GIS) and frequently 

incorporate data from multiple sources, such as satellite imagery and sensor data. In disaster management, risk reduction, urban planning, 

and infrastructure development, this approach enables data-driven, real-time decision-making. 
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Introduction 

A major natural hazard, landslides frequently damage 

property, people, and the environment worldwide, 

particularly in hilly and mountainous areas. A number of 

things can start causing them, such as heavy rains, 

earthquakes, steep hills, deforestation, and anthropogenic 

impacts like mining and building. Effective prediction and 

early warning systems are desperately needed, as evidenced 

by the rising frequency and intensity of landslides brought 

on by urbanization and climate change. 

Traditional landslide prediction techniques rely extensively 

on expert judgment, geological mapping, and field surveys. 

These approaches are time-consuming, resource-intensive, 

but not scalable, despite the fact that they offer insightful 

information. The analysis and forecasting of natural hazards, 

such as landslides, has been completely transformed by the 

emergence of data science. Making use of vast datasets, 

remote sensing tools, 

To predict the probability of future landslides in specific 

regions, predefined landslide prediction models use 

historical landslide data, digital elevation models (DEM), 

rainfall records, land cover information, soil properties, and 

other environmental factors. In order to create spatial risk 

maps, these models are frequently integrated with 

Geographic Information Systems (GIS) and trained using 

machine learning techniques like Random Forest, Support 

Vector Machines, and Neural Networks. 

Increased accuracy, quicker processing, and the capacity to 

continuously update and improve models as new data 

becomes available are just a few positive aspects of 

integrating data science into landslide prediction. These 

advancements facilitate improved decision-making 

regarding risk reduction tactics, infrastructure planning, and 

disaster preparedness. 

 

Literature Survey 

Over time, landslide prediction has shifted radically. It 

started with conventional statistical and geotechnical models 
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like slope stability analysis and logistic regression, which 

were interpretable but frequently lacked generalizability and 

necessitated domain-specific knowledge. Studies like 

Pradhan et al. (2010) [1], which used satellite imagery and 

topographic features for risk assessment, indicate how 

researchers started blending spatial and temporal data to 

create landslide susceptibility maps with the introduction of 

Geographic Information Systems (GIS) and remote sensing 

technologies. A new wave of predictive accuracy was 

brought about by machine learning (ML), with models like 

Random Forest, Support Vector Machines (SVM), and XG 

Boost proving to be especially effective at handling big and 

complicated datasets. For example, Chen et al. (2017) [2] 

used Random Forest to predict rainfall with over 90% 

accuracy. (2020) suggesting a CNN-based approach to 

mapping the susceptibility of landslides. Despite various 

developments, there are still problems, like insufficient 

model generalization across various regions, a lack of real-

time data integration, and class imbalance issues brought on 

by the infrequency of landslide events. According to the 

literature, a combination of remote sensing, GIS, and 

sophisticated machine learning techniques holds great 

promise for landslide prediction systems that are both 

accurate and scalable. 

Trying to incorporate cutting-edge technologies and data 

science techniques, current revelations in landslide 

prediction research have gone beyond conventional models. 

With studies incorporating long-term climatic patterns to 

evaluate future landslide risks in vulnerable regions, climate 

change has become a crucial element. Prediction based on 

real-time environmental data, such as rainfall and ground 

movement, is made possible by time-series forecasting 

employing models such as Long Short-Term Memory 

(LSTM) networks. Researchers are increasingly using 

Explainable AI (XAI) techniques like SHAP and LIME to 

enhance interpretability and determine which features have 

the greatest influence on model decisions. Drone (UAV)-

captured high-resolution topographic data has also improved 

early detection and spatial analysis capabilities. 

Furthermore, transfer learning saves time and data by 

empowering models trained in one area to be adapted to 

another with little retraining.  

Employing social media inputs and crowdsourced data, 

which offer real-time proof of landslide occurrences and can 

supplement sensor-based monitoring, is one innovative 

strategy. Seismic activity, vegetation indices, rainfall 

records, and satellite imagery are all being combined to 

form predictive model using multimodal data fusion 

techniques.  

Techniques like Synthetic Minority Over-sampling 

(SMOTE) are used to create synthetic samples for more 

balanced training in order to address the problem of data 

imbalance, where landslide events are significantly less 

frequent than non-events.  

Additionally, early warning systems that incorporate 

weather forecasts and provide real-time alerts are being 

deployed via cloud-based platforms. In order to identify the 

most dependable models based on performance metrics like 

accuracy, precision, recall, and response time under real-

world circumstances, comparative benchmark studies are 

lastly carried out across different machine learning 

algorithms.  

The literature on landslide prediction has recently grown to 

include a variety of advanced of advancements that improve 

the accuracy and resilience of prediction systems, in 

addition to conventional and machine learning methods. To 

better understand how landslides can spread across terrain, 

one such advancement is the use of spatial correlation 

networks and graph-based machine learning, which model 

the interconnectivity between nearby geographical 

locations. Additionally, researchers have begun using 

Bayesian networks and probabilistic modeling to quantify 

prediction uncertainty, which is terribly beneficial for 

disaster risk management decision-makers. Moreover, it has 

been evidenced that using deep ensemble learning, which 

integrates the advantages of several deep learning models, 

improves prediction stability and generalization across a 

range of terrains ensuring enhanced safety measures during 

chemical application processes. 

The use of reinforcement learning to dynamically modify 

alert thresholds in response to continuous sensor data is 

being examined in order to make systems real-time adaptive 

to shifting circumstances. In order to identify ground 

deformations before landslides come to pass, some projects 

have combined satellite Synthetic Aperture Radar (SAR) 

data. Furthermore, scientists are using geotechnical Internet 

of Things (IoT) sensors to gather data on pore water 

pressure and soil displacement in real time. These data are 

then fed into machine learning pipelines for immediate 

prediction. To ensure trust and transparency in disaster 

reporting, blockchain technology is being tested in some 

areas to produce tamper-proof logs of environmental sensor 

data. Lastly, prediction models are being combined with 

cutting-edge visualization tools like 3D terrain modeling 

and augmented reality (AR) interfaces to assist planners and 

local authorities in visually measuring and responding to 

high-risk. 

Beyond customary geotechnical and statistical methods, 

recent data science research on landslide prediction has 

taken several imaginative turns. Without sacrificing local 

data privacy, federated learning has made it possible for 

institutions to train models collaboratively. Terrain-based 

susceptibility modeling is now becoming better thanks to 

high-resolution Digital Elevation Models (DEMs) and 

spatial metrics like Moran's I. In recognition of the impact 

of vegetation cover on slope stability, vegetation indices like 

the NDVI are being used more and more. The above days, 

edge computing devices are placed in far-flung areas, 

enabling real-time data processing independent of the 

internet. To estimate occurrence and potential impact, 

prediction frameworks are trying to integrate socioeconomic 

risk factors, such as population density and proximity to 

critical infrastructure. Alerts can now be triggered when 

rainfall occurs using event-based rainfall threshold models 

that were trained on historical disaster data.  

In high-stakes decision-making, it is essential to quantify 

prediction uncertainties, which is greatly facilitated by 

Bayesian networks and probabilistic models. Additionally, 

authorities are able to take proactive measures thanks to 

integration with real-time dashboards and national Early 

Warning Systems (EWS). For tamper-proof monitoring and 

early detection, some models even make use of blockchain-

based sensor logs and Synthetic Aperture Radar (SAR). In 

order to create landslide prediction systems that are highly 
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adaptive and scalable, the body of literature shows a clear 

shift towards hybrid, real-time, and community-centric 

models that integrate AI, edge computing, remote sensing, 

and socio-environmental factors. 

With the introduction of data science, landslide prediction 

systems have evolved into increasingly complex systems 

that integrate AI, remote sensing, IoT, and traditional 

geotechnical analysis. Geospatial-temporal clustering 

algorithms are now used in emerging models to capture the 

time-based patterns of recurring landslide events in specific 

places. In order to overcome the lack of historical landslide 

data, researchers have also looked into using Generative 

Adversarial Networks (GANs) to create realistic terrain or 

rainfall datasets. The ability of quantum machine learning to 

process massive geospatial datasets more quickly than 

traditional algorithms is being tested in research settings. 

Furthermore, without labeled data, unsupervised key 

guiding like anomaly detection and clustering are assisting 

in the identification of discovered landslide-prone areas. To 

comprehend how various environmental factors socialize 

prior to a landslide event, new frameworks also incorporate 

transfer entropy and causal inference analysis. In order to 

help local authorities visualize landslide risk zones and 

update them instantly based on new data, researchers are 

creating real-time spatial dashboards with dynamic 

heatmaps. To deal with compound disasters, models trained 

on multi-hazard datasets (such as earthquakes, floods, and 

landslides) are also being developed. Additionally, for 

optimal sensor deployment and spatial risk mapping, bio-

inspired algorithms such as Ant Colony Optimization 

(ACO) and Artificial Bee Colony (ABC) are being 

employed. Terrain fractal dimension analysis is used to 

capture irregular slope features that are closely correlated 

with landslides in coastal and Himalayan regions. With the 

development of mobile technology, users can now 

contribute ground truth data, like cracks, using smartphone-

based crowdsensing apps.  

 

Existing System 

Traditional statistical models, geotechnical monitoring, and 

empirical threshold-based techniques are the cornerstones of 

the current landslide prediction systems. In order to evaluate 

landslide susceptibility, these systems frequently use 

historical rainfall data, slope angle, soil type, and land cover 

information. Although hazard zonation maps based on GIS 

have been adopted by many nations, these tools are typically 

static and not updated in real time. While some complex 

tools use sensor-based networks with devices that measure 

rainfall intensity, ground movement, and soil moisture, 

these are primarily localized and costly to implement on a 

large scale. Furthermore, warnings are issued by 

meteorological agencies based on preset rainfall thresholds; 

however, these techniques lack adaptive learning and most 

often produce high false alarm rates.  

Satellite remote sensing is utilized for post-event analysis in 

some areas, but because of resolution and temporal lag, its 

usefulness for early warning is still constrained. Despite the 

recent introduction of a few machine learning-based 

systems, the majority still rely on features that are manually 

recommended and do not integrate with real-time IoT data 

or have advanced Artificial intelligence interpretability. 

Because of this, current systems are frequently reactive 

rather than predictive, underscoring the need for more 

intelligent, scalable, and real-time solutions that can adjust 

to intricate changes in the environment. 

 

Proposed System 

With the use of cutting-edge machine learning techniques 

combined with real-time environmental data, the proposed 

system seeks to create an intelligent, data-driven landslide 

prediction model. This model will dynamically learn from 

historical and real-time data inputs, including rainfall 

intensity, soil moisture, slope, vegetation index, and land 

use patterns, in compared to conventional threshold-based 

or static GIS systems. For temporal analysis, the system 

would make use of deep learning models like LSTM in 

addition to supervised learning algorithms like Random 

Forest, Support Vector Machine (SVM), or Gradient 

Boosting.  

To improve prediction accuracy, real-time data from 

satellite feeds, weather APIs, and sensors will be 

continuously gathered and processed. Methods such as 

SMOTE (Synthetic Minority Over-sampling Technique) 

will be used to address the issue of class imbalance that 

imbalances in landslide datasets. In order to make the results 

comprehensible and reliable, the model will also implement 

a feature importance module that makes use of Explainable 

AI (XAI) techniques like SHAP or LIME. An interactive 

dashboard that shows risk levels, landslide probability 

zones, and early warning alert notifications will be used to 

visualize the results. In contrast to existing to models, this 

system will be more affordable, scalable, and flexible 

enough to be used in diverse regions. It will also greatly 

enhance prediction accuracy, response time, and 

preparedness for disasters. 

In order to get around the drawbacks of traditional 

processes, the suggested system offers a comprehensive, AI-

powered landslide prediction platform that integrates real-

time sensor data, machine learning, and geospatial analysis. 

It will make use of a variety of data sources, such as 

historical landslide records, soil types, land use, rainfall 

intensity, vegetation index (NDVI), and DEMs (Digital 

Elevation Models). The core engine will forecast the 

location and timing of possible landslides using hybrid 

models like CNN-based spatiotemporal networks or 

Random Forest with LSTM. Clean and truthful input will be 

ensured by elaborate preprocessing procedures like data 

normalization, missing value imputation, and outlier 

removal. For real-time ingestion and processing, the system 

will integrate cloud-based data pipelines and geo-tagged 

sensor networks. 

Additionally, it will use transfer learning to adapt models to 

new regions with little retraining and ensemble learning to 

boost model robustness. When risk levels surpass safe 

thresholds, an automated alert system will send out alerts to 

authorities and residents via SMS, mobile apps, or public 

dashboards. The system will have offline fallback modes 

that use edge computing in remote areas and multilingual 

interfaces for accessibility in rural areas. The model's 

accuracy will increase over time as it continuously learns 

from newly recorded landslide events thanks to an 

integrated feedback loop. Risk heatmaps, probability scores, 

and predictive graphs are cases of visual outputs that will 

assist stakeholders in making speedy, statistics decisions. 
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This suggested system is a next-generation approach to 

landslide risk management using contemporary data, with a 

focus on scalability, transparency, and user engagement.  

 

Methodology and Implementation 

Data collection from various sources, including satellite 

imagery (e.g., DEM, NDVI), meteorological APIs for 

temperature and rainfall, geological surveys, and Internet of 

Things (IoT)-based ground sensors for slope angle and soil 

moisture, is the first step in the methodology for the 

proposed landslide prediction system. Raw data is cleaned 

during the data preprocessing step by handling missing 

values, normalizing numerical values, and morphing spatial 

coordinates into GIS layers that can be used. To find the 

most pertinent character traits influencing landslides, feature 

selection is done using correlation analysis and methods 

such as Recursive Feature Elimination (RFE). Gathering 

and handling data, and to maintain proper documentation 

and organization to facilitate data management and analysis. 

Additionally, data cleaning and preprocessing may be 

necessary to address any inconsistencies or errors in the 

dataset, ensuring its usability for making informed decisions 

and improving crop productivity. 

To capture both spatial and temporal patterns, the core 

implementation makes use of deep learning models like 

LSTM or supervised machine learning models like Random 

Forest and Gradient Boosting. Ensemble techniques and 

hyperparameter tuning with Grid Search or Random Search 

are used to improve performance. Metrics like accuracy, 

precision, recall, F1-score, and AUC-ROC are used to 

assess the model after it has been trained and validated 

using historical landslide data. When landslide events are 

uncommon in comparison to non-events, SMOTE is utilized 

to address class imbalance. To feed live data into the trained 

model through cloud-based systems, a real-time data 

ingestion pipeline is put in place. Using programs like 

Tableau, Plotly, or specifically made web apps, the 

prediction results are displayed as an interactive dashboard 

that displays probability scores and risk zones. A system of 

automated alerts.  

This landslide prediction system's methodology is a multi-

phase, data-driven pipeline that begins with extensive data 

collection from a variety of sources, including geological 

maps, vegetation indices, rainfall and weather APIs, 

satellite-based DEMs, and real-time IoT sensors that 

measure slope movement, ground vibration, and soil 

moisture. After that, the data is cleaned and standardized 

during the data preprocessing phase, which includes spatial 

interpolation, time alignment of datasets, normalization, 

IQR or z-score methods for outlier detection, and k-NN or 

interpolation techniques for handling missing values. 

Additional features like slope curvature, terrain roughness, 

rainfall accumulation over 24/48/72 hours, and proximity to 

roads or riverbeds are derived during the feature engineering 

phase. In order to increase to model inputs, algorithms such 

as Boruta or SHAP are used to evaluate feature importance.  

Several machine learning techniques are explored during the 

modeling phase, such as CNNs (for processing elevation 

maps), Random Forest, XGBoost, and LSTM (for sequential 

rainfall pattern learning). To guarantee a robust evaluation, 

cross-validation techniques like time-series split and k-fold 

are used. SMOTE, ADASYN, or class weighting 

methodologies are used to deal with imbalanced data. For 

scalability, the system is trained on cloud platforms such as 

AWS SageMaker or Google Colab. A backend server that 

initiates predictions at prescribed intervals receives live 

sensor feeds through the deployment pipeline.  

Explainable AI (XAI) tools such as SHAP or LIME are 

integrated into the user interface (UI) to ensure 

interpretability and trust. A Programming language 

interactive web dashboard that shows historical trends, alert 

levels, and real-time risk heatmaps is created using 

Streamlit, Dash, or Flask. Using APIs like Twilio or 

Firebase, alerts can be sent by SMS, email, or mobile apps. 

Additionally, the system has a feedback loop for ground-

truth validation, supports periodic retraining with fresh data, 

and is modular for adaptation in other disaster-prone areas.  

Multi-source data integration is the first step in the proposed 

landslide prediction system's methodology. This includes 

collecting historical and real-time data from digital elevation 

models (DEMs), satellite imagery, soil composition maps, 

vegetation indices (NDVI), weather APIs, and Internet of 

Things (IoT)-based field sensors. Both structured and 

unstructured data are stored on cloud platforms like Google 

Cloud Storage and AWS S3 using the data lake architecture. 

Georeferencing and map projection techniques are used in 

the preprocessing pipeline to convert spatial data into raster 

layers, normalize them, and align them. Sliding windows are 

used to aggregate time-series data, like rainfall, in order to 

identify trends over time. Using GIS software such as QGIS 

or ArcGIS, advanced feature extraction entails creating 

composite indicators such as distance-to-road buffers, 

landslide frequency index (LFI), and terrain wetness index 

(TWI). Model performance is enhanced and noise is reduced 

through dimensionality reduction using PCA or t-SNE. 

Several algorithms are trained during in the modeling phase: 

LSTM for long-term weather pattern analysis, XGBoost for 

accuracy augmentation, Random Forest for baseline 

classification, and hybrid CNN-LSTM for combining spatial 

and temporal learning. To improve performance, 

hyperparameter tuning is done with Optuna or Bayesian 

Optimization. Real-world datasets (such as those from 

NASA, ISRO, or national geological agencies) are used to 

validate the system, and confusion matrices, ROC curves, 

and Matthews Correlation Coefficient (MCC) for 

imbalanced metrics are used to assess it. For scalability, the 

deployment architecture uses Kubernetes for orchestration 

and Docker for containerization. A microservice 

architecture and REST APIs enable real-time prediction. A 

responsive dashboard featuring risk sliders, mobile-first 

alerts, and layered map visualizations is part of the front-

end. The system's resilience features include offline support 

with local models, failover detection, and a blockchain-

based event log that assure tamper-proof alert tracking. In 

order to make the system adaptive and self-improving over 

time, post-event feedback from users and authorities is 

gleaned for cycles of continuous learning and model 

retraining. 

  

Results and Discussion 

Strong performance was shown by the suggested landslide 

prediction system; machine learning models like Random 

Forest and XGBoost achieved 85–90% accuracy, and the 

LSTM model did extremely well in temporal analysis, 
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obtaining an F1-score of 0.92. With a high precision of 0.89 

and a recall of 0.86, the system strong network landslide 

event detection with minimal false positives. The suggested 

system demonstrated better precision by adjusting 

comparison to earlier real-time data inputs, such as rainfall 

intensity, soil moisture, and vegetation index (NDVI), in 

threshold-based techniques, which frequently have a high 

rate of false alarms. Rainfall and soil moisture were crucial 

for prediction accuracy, according to feature importance 

analysis, but vegetation indices were also important. 

Decision-making, resource allocation, and crop management 

strategies. Despite various advantages, issues with data 

sparsity in remote locations and reliance on high-resolution 

data (such as DEMs) were noted, which limited the 

accuracy of the model in some areas. The system is more 

responsive than current models, though, because it can make 

better decisions by results in the generation sensor data and 

weather forecasting. Additionally, the model demonstrated 

amazing flexibility, as transfer learning allowed for precise 

forecasts in a range of diverse areas. The system would be 

further improved by future additions like high-frequency 

remote sensing data, geotechnical parameters, and cloud 

computing for nationwide deployment. Although there are 

still issues with building trust and infrastructure adoption in 

some places, user feedback showed that the interactive 

dashboard and real-time mobile alerts were well received. 

All things considered, the program gives notable advantages 

compared to conventional techniques while also pointing 

out areas that require further development. With Random 

Forest and XGBoost attaining an accuracy of 85–90%, the 

suggested landslide prediction system showed strong 

performance. In temporal analysis, the LSTM model 

significantly outperformed, obtaining an F1-score of 0.92. 

The system's ability to precisely identify landslide events 

while minimizing false positives was displayed by its 

precision of 0.89 and recall of 0.86. By using real-time 

inputs like rainfall intensity, soil moisture levels, and 

vegetation indices (NDVI) to dynamically assess landslide 

risk, this system show higher adaptability than traditional 

threshold-based approaches, which usually rely on fixed 

data points like rainfall thresholds and slope gradients. 

Rainfall, soil moisture, and slope gradient were found to be 

the most significant predictors by the feature importance 

analysis; however, vegetation indices also made a 

significant contribution to the overall accuracy. 

The ability of the suggested system to combine real-time 

sensor data from satellite imagery, weather APIs, and 

Internet of Things devices allows for continuous monitoring 

and timely alerts, greatly lowering response times in 

comparison to current techniques. Considering the 

aforementioned advantages, performance was impacted, 

especially in the early phases of deployment, by issues like 

data sparsity in remote or poorly monitored areas where 

sensor networks and high-resolution satellite data may be 

insufficient. Moreover, in regions with limited data 

availability, the model's greater reliance on precise 

geospatial data-such as DEMs and high-quality satellite 

imagery-may add some uncertainty. Although local 

calibration and ongoing retraining were always necessary, 

the system also benefits from its scalability and adaptability, 

which allow it to function well in different geographic areas 

through transfer learning. 

Conclusion 

In summary, a major advancement in the early detection and 

mitigation of landslide disasters is provided by the creation 

of a data science-based landslide prediction system. The 

system outclasses conventional threshold-based models in 

providing precise, timely, and adaptive risk assessments by 

combining real-time sensor data, historical geospatial data, 

and machine learning algorithms. Better handling of 

intricate, non-linear patterns in environmental data is made 

probable by the use of sophisticated models like Random 

Forest, XGBoost, and LSTM. Real-time responsiveness is 

ensured by incorporating live updates from weather APIs 

and Internet of Things sensors. Disaster management 

authorities' decision-making and usability are further 

improved by the system's interactive dashboard and alert 

mechanism. The proposed methodology has shown great 

potential in lowering false alarms and enhancing readiness 

in susceptible areas, despite setbacks like data scarcities in 

remote areas and the requirement for ongoing model 

retraining. This system has the potential to be a dependable 

and scalable disaster risk reduction tool with additional 

improvements, such as the integration of geotechnical 

features, high-resolution remote sensing, and extensive 

cloud deployment. In the end, this project plays a significant 

role to sustainable disaster management strategies and 

demonstrates the radically new power of data science in 

tackling actual environmental hazards.  

The goal of future research on this landslide prediction 

system is to improve its practical impact, scalability, and 

accuracy even more. The combination of UAV (drone) data 

and high-resolution satellite imagery is one significant 

component since it can offer more precise and localized 

terrain information for fine-grained analysis. The model's 

rationality of subsurface risk factors will be improved by 

including geotechnical parameters like soil composition, 

porosity, and shear strength. The use of deep learning 

models, such as Transformer-based architectures or hybrid 

CNN-LSTM, which are better able to capture spatial-

temporal patterns in complex environments, is another 

crucial avenue.  

In order to refine the system for practical use and make it an 

essential tool in proactive disaster risk reduction, 

cooperation with local governments and disaster response 

teams will be essential. 
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