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Abstract: Disasters caused by natural and human activities are increasing in frequency and complexity, requiring geospatial systems 

that go beyond post-event mapping to enable prediction and proactive measures. This paper discusses how digital surveying can become 

a predictive tool for disaster management by integrating technologies such as Geographic Information Systems, remote sensing, Global 

Navigation Satellite Systems, unmanned aerial vehicles, LiDAR, Internet of Things sensors, artificial intelligence, and digital twins. These 

advancements establish a continuous spatial-temporal process that converts raw data into valuable insights. The paper introduces a 

conceptual framework with six interconnected stages: data collection from various sources, data integration into unified platforms, 

analytics for identifying patterns, risk scenario prediction, decision support through visualizations, and feedback loops for system 

enhancement. Despite challenges like data interoperability, quality assurance, technical skill gaps, infrastructure limitations in developing 

regions, and privacy concerns, this predictive approach ultimately boosts disaster resilience through better situational awareness, informed 

decision-making, and timely risk mitigation across all phases of management. 
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1. Introduction 
 

In recent decades, the world has seen a rise in both the number 

and severity of disasters caused by natural and human 

activities. Events such as floods, earthquakes, cyclones, 

landslides, droughts, and wildfires have affected 

communities, damaged infrastructure, and resulted in 

significant economic losses. Rapid urbanisation, 

environmental degradation, and changing climate patterns 

have further increased the frequency and complexity of these 

disasters (Haen & Hemrich, 2007; Schardong et al., 2019). In 

this context, reliable geospatial information has become 

essential for effective decision-making at all stages of disaster 

management. Traditionally, surveying has played a crucial 

role in documenting the impacts of disasters and supporting 

recovery efforts. Surveyors gathered field measurements, 

created maps, and identified affected areas (Bray et al., 2019; 

Ebrahim, 2025; Vučić et al., 2018). However, these methods 

were mostly static and typically depicted conditions only after 

a disaster had occurred. 

 

The development of digital technologies has significantly 

transformed this role. With the integration of advanced 

sensors, computing systems, and data analysis tools, digital 

surveying now enables a more dynamic understanding of the 

Earth's surface (Bray et al., 2019; Ebrahim, 2025; Falcone & 

Dell’Annunziata, 2023). However, a gap remains between 

digital surveying as a data-collection activity and its potential 

as a predictive analytical system. Although geospatial tools 

such as Geographic Information Systems and Remote 

Sensing are widely used for post-disaster mapping, their 

application in prediction and early warning remains limited 

(Jain, 2024; Mitsova, 2018). This paper aims to address this 

gap by presenting a conceptual framework that explains how 

digital surveying can transition from simple mapping to a 

predictive role in disaster management. The proposed model 

describes a continuous process involving data collection, 

analysis, prediction, decision support, and feedback, 

demonstrating that geospatial systems can help anticipate 

disasters and mitigate their impacts rather than merely 

document them after they occur. 

 

2. Digital surveying in disaster management 
 

In its early stages, surveying was primarily used to document 

the physical environment after disasters. Surveyors measured 

damaged buildings, mapped flood areas, and identified 

landslides or fault lines. This information was compiled into 

maps and reports to assist governments and aid agencies in 

assessing damage and planning recovery. Although these 

records were valuable for documentation and compensation, 

they were mostly static and did not show how landscapes and 

hazards change over time (Fan et al., 2020; Scheip & 

Wegmann, 2021).  

 

With digital technologies, surveying has extended beyond 

post-disaster documentation. Real-time data collection using 

satellites, drones, and ground sensors now allows for 

continuous monitoring of environmental changes (Kumar & 

Shankar, 2024; Perfetti et al., 2018). Dynamic mapping can 

track flood levels, land subsidence, vegetation stress, and soil 

moisture, which are key indicators of changing risk (Cozannet 

et al., 2020; McCallum et al., 2016). This development 

signifies a shift from static to more dynamic mapping, in 

which survey data can support prediction. Instead of solely 

recording past events, modern digital surveying combines 

data collection, analysis, and modelling with advanced tools 

like Machine Learning, Big Data, and Digital Twin (Döllner, 

2020; Sagandykova et al., 2024; Xu & Diao, 2023). 

Consequently, surveying is becoming a continuous process 

that enhances understanding of disaster risks and aids in better 

planning and response. 
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3. Technological Foundations of Predictive 

Digital Surveying 
 

Digital surveying depends on several interconnected 

technologies to support prediction and decision-making 

(Ebrahim, 2025). Geographic Information Systems (GIS) 

provide the main spatial framework for organising, 

visualising, and analysing geographically referenced data 

(Gwani et al., 2024). Modern GIS platforms support time-

based layers, allowing the study of how spatial patterns 

change over time. Remote sensing enhances this by collecting 

data from satellites and airborne sensors, offering rapid 

coverage of large areas (Hostettler et al., 2018). Through 

multi-temporal analysis, remote sensing can identify changes 

in land cover, water levels, and temperature patterns that may 

signal early stages of disasters such as droughts, floods, or 

wildfires (Ahmadi et al., 2023; Kumar & Shankar, 2024; 

Westen, 2000). The Global Navigation Satellite System also 

plays a key role by providing accurate positioning and 

tracking of movement. Advanced techniques like 

Interferometric Synthetic Aperture Radar can measure very 

small ground movements, often detecting surface 

deformation months before visible damage occurs, aiding in 

predicting landslides, earthquakes, and land subsidence 

(Bernardi et al., 2021; Kamali et al., 2020; Milev et al., 2023; 

Sneed & Brandt, 2007). 

 

Other technologies enhance local monitoring and real-time 

data collection. Unmanned Aerial Vehicles offer flexible, 

high-resolution imaging, especially useful in areas that are 

difficult or dangerous to access during disasters (Chen, 2024; 

Gomez & Purdie, 2016). LiDAR produces detailed three-

dimensional models of terrain and infrastructure, which are 

vital for studying flood paths, debris flows, and structural 

risks (Twumasi et al., 2019). Simultaneously, the Internet of 

Things enables networks of sensors to continuously record 

data such as rainfall, soil moisture, river levels, and 

temperature (Bakhtiari et al., 2025; Fan et al., 2023). These 

real-time observations feed predictive models through cloud-

based systems. Innovations like GeoAI and Digital Twin 

further enhance these capabilities by leveraging machine 

learning and simulations to analyse complex spatial patterns 

and evaluate potential disaster scenarios (Ghaffarian, 2025; 

Jain, 2024; Ma et al., 2024). Together, these technologies 

form an integrated system that transforms spatial data into 

predictive insights for disaster management. 

 

4. Proposed conceptual framework for digital 

surveying in disaster management 
 

The conceptual framework proposed envisions digital 

surveying as a continuous cycle with six interconnected 

components: data acquisition, data integration, data analytics, 

prediction, decision support, and feedback. The framework is 

illustrated in Figure 1.1. 

 

 
Figure 1.1: Digital Surveying Framework for Disaster 

Management 

 

4.1 Data acquisition 

 

It forms the foundation. The process begins with collecting 

raw spatial data from multiple sources, both terrestrial and 

remote. Survey-grade GNSS receivers, UAV 

photogrammetry, LiDAR scanning, and sensor networks 

gather information about terrain, infrastructure, and 

environmental conditions. Because each technology offers a 

unique scale, resolution, and frequency, integrating these data 

streams produces a comprehensive spatial-temporal picture. 

 

4.2 Data integration 

 

Data integration involves organising and harmonising 

information collected from diverse platforms into a unified 

digital environment. This requires careful attention to 

coordinate systems, data compatibility, and metadata 

standards. Cloud-based GIS and databases now enable 

linking real-time sensor feeds to archived spatial datasets, 

producing a dynamic map that reflects both historical records 

and current states (Vasilev et al., 2024). 

 

4.3 Data Analytics 

 

Data Analytics refers to the stage where data is processed and 

interpreted. It includes image classification, change detection, 

pattern recognition, and anomaly detection. The use of big 

data analytics and artificial intelligence greatly enhances this 

step by identifying correlations between environmental 

changes and hazard indicators (Kumar et al., 2024). For 

example, a combination of rainfall intensity, soil moisture 

indices, and slope angle extracted from LiDAR can be 

analysed to predict potential landslide initiation zones. 

 

4.4 Prediction 

 

Prediction occurs when analytical outputs are further 

modelled to simulate future conditions. Here, digital twins are 

particularly useful because they connect physical sensors to 
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virtual models, allowing continuous collection of real-world 

data and updating projections. (Eramo et al., 2021; Mulder et 

al., 2022). Predictive analysis turns digital surveying into an 

anticipatory system that provides early warning signals and 

risk scenarios before disasters happen. 

 

4.5 Decision Support 

 

Decision support is the next stage, where information from 

predictive models is transformed into operational insights. 

Decision-makers can use these outputs to prioritise 

evacuation routes, allocate resources, or plan emergency 

responses (Domfeh & Dancy, 2025; Suárez et al., 2024). 

Visualisation tools, dashboards, and scenario-based 

simulations help make complex data understandable to non-

technical users. 

 

4.6 Feedback 

 

Feedback completes the cycle. Once an event occurs, actual 

field observations and outcomes are compared with predicted 

results. This feedback process enhances model accuracy, 

updates parameters, and ensures that the system learns and 

adapts. The framework, therefore, represents a continuous 

loop from observation to decision, keeping digital surveying 

active and self-correcting. 

 

5. Application across Disaster Management 

Phases 
 

The proposed framework enhances each stage of the disaster 

management cycle: mitigation, preparedness, response, and 

recovery. 

 

During the mitigation phase, predictive digital surveying 

helps identify risk zones and inform the development of land-

use policies. By analysing hazards and population exposure 

through spatial analysis, authorities can steer development 

away from vulnerable areas (Raduszynski & Numada, 2023). 

For example, flood simulation models that incorporate long-

term rainfall data can assist in designating buffer zones along 

riverbanks and prevent unplanned urban growth in 

floodplains. 

 

In the preparedness phase, the framework supports early 

warning and scenario planning. Continuous monitoring of 

environmental indicators enables the timely issuing of alerts 

when thresholds are exceeded. Digital twins of urban areas 

can be used for simulated evacuations, helping local 

authorities test emergency plans before an actual crisis 

(Elsehrawy et al., 2021). Communities can also benefit from 

participatory mapping that incorporates local knowledge into 

predictive models, improving their accuracy and acceptance. 

 

During the response phase, quick and precise situational 

awareness is essential. UAVs can rapidly survey affected 

areas, creating updated maps of accessibility, damage, and 

infrastructure condition. Sensor networks send real-time data 

on water levels or ground movement, enabling emergency 

teams to adapt their actions dynamically (Kedia et al., 2020). 

GIS-based dashboards combine these data streams into a 

unified operational picture, facilitating coordination and 

communication between agencies (Okem et al., 2024). 

 

Finally, during the recovery phase, digital surveying 

continues to serve as a monitoring tool. Repeating LiDAR or 

photogrammetric surveys can assess reconstruction progress 

and identify structural vulnerabilities that may have appeared 

after the event (Giardina et al., 2023). Updated models also 

aid in risk reassessment and long-term planning. This way, 

the predictive framework ensures that lessons learned from 

each event are integrated to improve preparedness for future 

incidents. 

 

6. Implementation Challenges 
 

Implementing a predictive digital surveying framework at 

scale involves several practical and institutional challenges. 

One major issue is interoperability. The data collected by 

different organisations and instruments often use different 

formats and standards, making integration difficult. 

Developing common data standards and shared protocols is 

essential for effective collaboration (Snowden et al., 2019). 

Data quality is another concern, as predictive models depend 

on accurate, consistent, and high-resolution information. 

Errors in calibration, differences in time intervals, or missing 

data can affect prediction accuracy, so strong quality control 

and proper metadata documentation are necessary (Ijeh et al., 

2024). Limited technical capacity and infrastructure also 

create barriers, especially in developing regions where cloud 

computing resources, high-speed internet, and advanced 

sensors may be unavailable or too expensive. Governance and 

ethical issues must also be considered, since spatial data may 

include personal or sensitive information, particularly when 

collected from mobile devices or social media. Protecting 

privacy, ensuring consent, and maintaining data security are 

therefore important. In addition, clear data sharing policies 

and international guidelines, such as those promoted by the 

United Nations Committee of Experts on Global Geospatial 

Information Management, can help balance data access with 

protection (Ghamisi et al., 2024). Finally, training and 

interdisciplinary collaboration among surveyors, computer 

scientists, disaster managers, and policymakers are necessary 

to realise the full predictive potential of digital surveying. 

 

7. Future Directions 
 

The future of predictive digital surveying is heading toward 

more autonomy, intelligence, and integration. As artificial 

intelligence advances, predictive models will automatically 

learn from new data and improve as environmental conditions 

change. Autonomous data collection systems, such as drones 

equipped with multiple sensors, can conduct surveys before, 

during, and after disasters using AI-based flight planning. In 

contrast, ground-based IoT sensor networks offer continuous 

monitoring across various scales (Domfeh & Dancy, 2025). 

Another key development is the concept of digital risk twins, 

which are dynamic models that represent not only physical 

infrastructure but also social and economic systems, helping 

simulate disaster impacts and enhance preparedness 

strategies. Future advancements will also rely on stronger 

collaboration between governments, academic institutions, 

and the private sector through shared cloud-based geospatial 

platforms that enable real-time data sharing and analysis. 

With the support of open-source platforms and common 

standards, predictive digital surveying can become more 
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accessible and help build a global system to forecast and 

reduce disaster risks. 

 

8. Conclusion 
 

The shift from mapping to prediction signifies a key 

technological and conceptual change in disaster management. 

Digital surveying, once primarily used for static observation, 

has now evolved into an integrated predictive system that 

supports early warning, real-time monitoring, and post-

disaster assessment. The framework outlined in this paper 

explains this transition through a continuous cycle of data 

collection, integration, analysis, prediction, decision-making, 

and feedback. By placing digital surveying in a predictive and 

participatory context, the framework underscores its value not 

only for scientists and engineers but also for planners, 

emergency services, and local communities. As digital 

technologies continue to advance, the combination of 

autonomous sensors, artificial intelligence, and digital twins 

will further enhance our ability to anticipate and respond to 

environmental challenges. In this way, predictive digital 

surveying can play a crucial role in building a resilient 

disaster management system that safeguards people, 

infrastructure, and ecosystems through timely and informed 

actions. 

 

References 
 

[1] Ahmadi, A., Mohammadi, M., Nadry, Z., Nazari, A., & 

Arghawan, S. (2023). Unveiling the Complexity of 

Earth’s Dynamic Ecosystems: Harnessing the Power of 

Remote Sensing for Environmental Analysis. 

Indonesian Journal of Earth Sciences, 3(2). 

https://doi.org/10.52562/injoes.2023.827  

[2] Bakhtiari, V., Kerchi, H. D., Piadeh, F., Behzadian, K., 

& Nasirzadeh, F. (2025). Role of the internet of things 

in flood risk management: a critical review on current 

practices and future directions. Natural Hazards, 

121(17), 19473. https://doi.org/10.1007/s11069-025-

07589-2  

[3] Bernardi, M. S., Africa, P. C., Falco, C. de, Formaggia, 

L., Menafoglio, A., & Vantini, S. (2021). On the Use of 

Interferometric Synthetic Aperture Radar Data for 

Monitoring and Forecasting Natural Hazards. 

Mathematical Geosciences, 53(8), 1781. 

https://doi.org/10.1007/s11004-021-09948-8  

[4] Bray, J. D., Frost, J. D., Rathje, E. M., & Garcia, F. E. 

(2019). Recent Advances in Geotechnical Post-

earthquake Reconnaissance. Frontiers in Built 

Environment, 5. 

https://doi.org/10.3389/fbuil.2019.00005  

[5] Chen, Z. (2024). Application of UAV remote sensing in 

natural disaster monitoring and early warning: an 

example of flood, mudslide, and earthquake disasters. 

Highlights in Science Engineering and Technology, 85, 

924. https://doi.org/10.54097/zak5hp77  

[6] Cozannet, G. L., Kervyn, M., Russo, S., Speranza, C. I., 

Ferrier, P., Foumelis, M., Lopez, T., & Modaressi, H. 

(2020). Space-Based Earth Observations for Disaster 

Risk Management. Surveys in Geophysics, 41(6), 1209. 

https://doi.org/10.1007/s10712-020-09586-5  

[7] Döllner, J. (2020). Geospatial Artificial Intelligence: 

Potentials of Machine Learning for 3D Point Clouds and 

Geospatial Digital Twins. PFG – Journal of 

Photogrammetry Remote Sensing and Geoinformation 

Science, 88(1), 15. https://doi.org/10.1007/s41064-020-

00102-3  

[8] Domfeh, E. A., & Dancy, C. L. (2025). Human-AI Use 

Patterns for Decision-Making in Disaster Scenarios: A 

Systematic Review [Review of Human-AI Use Patterns 

for Decision-Making in Disaster Scenarios: A 

Systematic Review]. arXiv (Cornell University). Cornell 

University. https://doi.org/10.48550/arxiv.2509.12034  

[9] Ebrahim, M. A. B. (2025). Advancements in Surveying 

and GIS for Disaster Resilience: Protecting Public 

Health in Vulnerable Regions. Biomedical Journal of 

Scientific & Technical Research, 60(5). 

https://doi.org/10.26717/bjstr.2025.60.009530  

[10] Elsehrawy, R., Kumar, B., & Watson, R. (2021). A 

digital twin uses a classification system for urban 

planning and city infrastructure management. Journal 

of Information Technology in Construction, 26, 832. 

https://doi.org/10.36680/j.itcon.2021.045  

[11] Eramo, R., Bordeleau, F., Combemale, B., Brand, M. 

van den, Wimmer, M., & Wortmann, A. (2021). 

Conceptualizing Digital Twins. IEEE Software, 39(2), 

39. https://doi.org/10.1109/ms.2021.3130755  

[12] Falcone, M., & Dell’Annunziata, G. N. (2023). Use of 

Camera and AI for Mapping Monitoring for 

Architecture. Nexus Network Journal, 25, 423. 

https://doi.org/10.1007/s00004-023-00733-0  

[13] Fan, X., Yunus, A. P., Scaringi, G., Catani, F., 

Subramanian, S. S., Xu, Q., & Huang, R. (2020). 

Rapidly Evolving Controls of Landslides After a Strong 

Earthquake and Implications for Hazard Assessments. 

Geophysical Research Letters, 48(1). 

https://doi.org/10.1029/2020gl090509  

[14] Fan, Z., Pang, C., & Tang, H. (2023). Sensors on the 

Internet of Things Systems for Urban Disaster 

Management: A Systematic Literature Review [Review 

of Sensors on the Internet of Things Systems for Urban 

Disaster Management: A Systematic Literature 

Review]. Sensors, 23(17), 7475. Multidisciplinary 

Digital Publishing Institute. 

https://doi.org/10.3390/s23177475  

[15] Ghaffarian, S. (2025). Rethinking digital twin: 

Introducing digital risk twin for disaster risk 

management. Npj Natural Hazards., 2(1). 

https://doi.org/10.1038/s44304-025-00135-x  

[16] Ghamisi, P., Yu, W., Marinoni, A., Gevaert, C., 

Persello, C., Selvakumaran, S., Girotto, M., Horton, B. 

P., Rufin, P., Hostert, P., Pacifici, F., & Atkinson, P. M. 

(2024). Responsible AI for Earth Observation. arXiv 

(Cornell University). 

https://doi.org/10.48550/arxiv.2405.20868  

[17] Giardina, G., Macchiarulo, V., Foroughnia, F., Jones, J. 

N., Whitworth, M. R. Z., Voelker, B., Milillo, P., 

Penney, C., Adams, K., & Kijewski‐Correa, T. (2023). 

Combining remote sensing techniques and field surveys 

for post-earthquake reconnaissance missions. Bulletin 

of Earthquake Engineering, 22(7), 3415. 

https://doi.org/10.1007/s10518-023-01716-9  

[18] Gomez, C., & Purdie, H. (2016). UAV- based 

Photogrammetry and Geocomputing for Hazards and 

Disaster Risk Monitoring – A Review [Review of UAV- 

based Photogrammetry and Geocomputing for Hazards 

Paper ID: SR26307215213 DOI: https://dx.doi.org/10.21275/SR26307215213 574 

http://www.ijsr.net/


International Journal of Science and Research (IJSR) 
ISSN: 2319-7064 

Impact Factor 2025: 7.089 

Volume 15 Issue 3, March 2026 
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal 

www.ijsr.net 

and Disaster Risk Monitoring – A Review]. 

Geoenvironmental Disasters, 3(1). Springer Nature. 

https://doi.org/10.1186/s40677-016-0060-y  

[19] Gwani, A. A., Sek, S. K., & Gwani, A. A. (2024). A 

Systematic PRISMA Literature Survey on Renewable 

Energy Spatial Modelling and Proposed Advanced 

Statistical GIS-based Kth Order Queen Contiguity 

Methodology for Sustainable Development: Target 

Implementation to African Countries’ Clustering. 

Research Square (Research Square). 

https://doi.org/10.21203/rs.3.rs-4016566/v1  

[20] Haen, H. de, & Hemrich, G. (2007). The economics of 

natural disasters: implications and challenges for food 

security. Agricultural Economics, 37, 31. 

https://doi.org/10.1111/j.1574-0862.2007.00233.x  

[21] Hostettler, S., Besson, S. N., & Bolay, J. (2018). 

Technologies for Development. 

https://doi.org/10.1007/978-3-319-91068-0  

[22] Ijeh, S., Okolo, C. A., Arowoogun, J. O., Adeniyi, A. 

O., & Omotayo, O. (2024). PREDICTIVE MODELING 

FOR DISEASE OUTBREAKS: A REVIEW OF DATA 

SOURCES AND ACCURACY [Review of 

PREDICTIVE MODELING FOR DISEASE 

OUTBREAKS: A REVIEW OF DATA SOURCES AND 

ACCURACY]. International Medical Science Research 

Journal, 4(4), 406. Fair East Publishers. 

https://doi.org/10.51594/imsrj.v4i4.999  

[23] Jain, H. (2024). Leveraging geo-computational 

innovations for sustainable disaster management to 

enhance flood resilience. Discover Geoscience, 2(1). 

https://doi.org/10.1007/s44288-024-00042-0  

[24] Kamali, M. E., Abuelgasim, A., Papoutsis, I., 

Loupasakis, C., & Kontoes, C. (2020). A reasoned 

bibliography on SAR interferometry applications and 

outlook on big interferometric data processing. Remote 

Sensing Applications Society and Environment, 19, 

100358. https://doi.org/10.1016/j.rsase.2020.100358  

[25] Kedia, T., Ratcliff, J., O’Connor, M., Oluic, S. H., Rose, 

M. A., Freeman, J., & Rainwater‐Lovett, K. (2020). 

Technologies Enabling Situational Awareness During 

Disaster Response: A Systematic Review [Review of 

Technologies Enabling Situational Awareness During 

Disaster Response: A Systematic Review]. Disaster 

Medicine and Public Health Preparedness, 16(1), 341. 

Cambridge University Press. 

https://doi.org/10.1017/dmp.2020.196  

[26] Kumar, D., Bassill, N. P., & Ghosh, S. (2024). 

Analyzing recent trends in deep-learning approaches: a 

review on urban environmental hazards and disaster 

studies for monitoring, management, and mitigation 

toward sustainability [Review of Analyzing recent 

trends in deep-learning approaches: a review on urban 

environmental hazards and disaster studies for 

monitoring, management, and mitigation toward 

sustainability]. International Journal on Smart Sensing 

and Intelligent Systems, 17(1). Exeley Inc. 

https://doi.org/10.2478/ijssis-2024-0014  

[27] Kumar, D., & Shankar, A. (2024). Novel remote sensing 

technologies for natural hazard management. 

Environmental Science and Pollution Research, 31(41), 

53743. https://doi.org/10.1007/s11356-024-33866-x  

[28] Ma, Z., Mei, G., & Xu, N. (2024). Generative deep 

learning for data generation in natural hazard analysis: 

motivations, advances, challenges, and opportunities. 

Artificial Intelligence Review, 57(6). 

https://doi.org/10.1007/s10462-024-10764-9  

[29] McCallum, I., Liu, W., See, L., Mechler, R., Keating, 

A., Hochrainer‐Stigler, S., Mochizuki, J., Fritz, S., 

Dugar, S., Arestegui, M., Szoenyi, M., Bayas, J. C. L., 

Burek, P., French, A., & Moorthy, I. (2016). 

Technologies to Support Community Flood Disaster 

Risk Reduction. International Journal of Disaster Risk 

Science, 7(2), 198. https://doi.org/10.1007/s13753-016-

0086-5  

[30] Milev, N. Y., Totsev, A., & Angelova, M. (2023). 

Advanced technologies for landslide monitoring. IOP 

Conference Series Materials Science and Engineering, 

1297(1), 12008. https://doi.org/10.1088/1757-

899x/1297/1/012008  

[31] Mitsova, D. (2018). Supporting Natural Hazards 

Management With Geospatial Technologies. In Oxford 

Research Encyclopedia of Natural Hazard Science. 

https://doi.org/10.1093/acrefore/9780199389407.013.2

83  

[32] Mulder, S., Omidvari, A., Rueten‐Budde, A. J., Huang, 

P., Kim, K., Bais, B., Rousian, M., Hai, R., Akgün, C., 

Lennep, J. E. R. van, Willemsen, S. P., Rijnbeek, P. R., 

Tax, D. M. J., Reinders, M., Boersma, E., Rizopoulos, 

D., Visch, V., & Steegers‐Theunissen, R. P. M. (2022). 

Dynamic Digital Twin: Diagnosis, Treatment, 

Prediction, and Prevention of Disease During the Life 

Course. Journal of Medical Internet Research, 24(9). 

https://doi.org/10.2196/35675  

[33] Okem, E. S., Nwokediegwu, Z. Q. S., Umoh, A. A., Biu, 

P. W., Obaedo, B. O., & Sibanda, M. (2024). Civil 

engineering and disaster resilience: A review of 

innovations in building safe and sustainable 

communities [Review of Civil engineering and disaster 

resilience: A review of innovations in building safe and 

sustainable communities]. International Journal of 

Science and Research Archive, 11(1), 639. 

https://doi.org/10.30574/ijsra.2024.11.1.0107  

[34] Perfetti, L., Polari, C., Fassi, F., Troisi, S., Baiocchi, V., 

Rodríguez‐Gonzálvez, P., Muñoz, Á. L. F., Pozo, S. D., 

Luis, J., Sanchez-Aparicio, D., Nawaf, M. M., Royer, J., 

Remondino, F., Georgopoulos, A., González‐Aguilera, 

D., & Agrafiotis, P. (2018). Latest Developments in 

Reality-Based 3D Surveying and Modelling. In MDPI 

eBooks. https://doi.org/10.3390/books978-3-03842-

685-1  

[35] Raduszynski, T., & Numada, M. (2023). Measure and 

spatial identification of social vulnerability, exposure 

and risk to natural hazards in Japan using open data. 

Scientific Reports, 13(1), 664. 

https://doi.org/10.1038/s41598-023-27831-w  

[36] Sagandykova, D., Ussipbayev, G., Khassamdinova, E., 

Omarbekova, A., & Jangarasheva, N. (2024). Scientific 

Foundations of Application of New Effective 

Technologies in Land Surveying Studies (On the 

Example of Talgar District, Almaty Region). 

Instrumentation Mesure Métrologie, 23(3), 183. 

https://doi.org/10.18280/i2m.230301  

[37] Schardong, A., Simonović, S. P., & Tong, H. (2019). 

Use of quantitative resilience in managing urban 

infrastructure response to natural hazards. International 

Paper ID: SR26307215213 DOI: https://dx.doi.org/10.21275/SR26307215213 575 

http://www.ijsr.net/


International Journal of Science and Research (IJSR) 
ISSN: 2319-7064 

Impact Factor 2025: 7.089 

Volume 15 Issue 3, March 2026 
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal 

www.ijsr.net 

Journal of Safety and Security Engineering, 9(1), 13. 

https://doi.org/10.2495/safe-v9-n1-13-25  

[38] Scheip, C., & Wegmann, K. W. (2021). HazMapper: a 

global open-source natural hazard mapping application 

in Google Earth Engine. Natural Hazards and Earth 

System Sciences, 21(5), 1495. 

https://doi.org/10.5194/nhess-21-1495-2021  

[39] Sneed, M., & Brandt, J. T. (2007). Detection and 

Measurement of Land Subsidence Using Global 

Positioning System Surveying and Interferometric 

Synthetic Aperture Radar, Coachella Valley, California, 

1996-2005. Scientific Investigations Report. 

https://doi.org/10.3133/sir20075251  

[40] Snowden, D., Tsontos, V., Handegard, N. O., Zárate, 

M., Brien, K. O., Casey, K. S., Smith, N., Sagen, H., 

Bailey, K., Lewis, M., & Arms, S. C. (2019). Data 

Interoperability Between Elements of the Global Ocean 

Observing System. Frontiers in Marine Science, 6. 

https://doi.org/10.3389/fmars.2019.00442  

[41] Suárez, D. E., Gómez, C., Medaglia, A. L., Akhavan‐

Tabatabaei, R., & Grajales, S. (2024). Integrated 

Decision Support for Disaster Risk Management: 

Aiding Preparedness and Response Decisions in 

Wildfire Management. Information Systems Research, 

35(2), 609. https://doi.org/10.1287/isre.2022.0118  

[42] Twumasi, N. Y. D., Shao, Z., & Orhan, A. (2019). 

Remote Sensing and GIS Methods in Urban Disaster 

Monitoring and Management – An Overview. 

International Journal of Trend in Scientific Research 

and Development, 918. 

https://doi.org/10.31142/ijtsrd23976  

[43] Vasilev, J., Petrov, P., & Jordanov, J. (2024). A 

Practical Approach of Data Visualization from 

Geographic Information Systems by Using Mobile 

Technologies. International Journal of Interactive 

Mobile Technologies (iJIM), 18(3), 4. 

https://doi.org/10.3991/ijim.v18i03.46655  

[44] Vučić, N., Mađer, M., Pivac, D., & Roić, M. (2018). 

LAND ADMINISTRATION SUPPORT FOR POST-

DISASTER MANAGEMENT. ˜ The œinternational 

Archives of the Photogrammetry, Remote Sensing and 

Spatial Information Sciences/International Archives of 

the Photogrammetry, Remote Sensing and Spatial 

Information Sciences, 555. 

https://doi.org/10.5194/isprs-archives-xlii-3-w4-555-

2018  

[45] Westen, C. J. van. (2000). Remote sensing for natural 

disaster management. Data Archiving and Networked 

Services (DANS), 1700. 

https://research.utwente.nl/en/publications/4b5752e5-

b13a-4929-aafe-85f6cf34cec4  

[46] Xu, H., & Diao, J. (2023). Accurate Design and Layout 

of Landscape Elements Based on Improved Particle 

Swarm Optimization. Computer-Aided Design and 

Applications, 49. 

https://doi.org/10.14733/cadaps.2024.s12.49-65  

Paper ID: SR26307215213 DOI: https://dx.doi.org/10.21275/SR26307215213 576 

http://www.ijsr.net/



