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Abstract

Large language models (LLMs) have revo-001
lutionized scientific research with their ex-002
ceptional capabilities and transformed vari-003
ous fields. Among their practical applications,004
LLMs have been playing a crucial role in miti-005
gating threats to human life, infrastructure, and006
the environment. Despite growing research in007
disaster LLMs, there remains a lack of system-008
atic review and in-depth analysis of LLMs for009
natural disaster management. To address the010
gap, this paper presents a comprehensive sur-011
vey of existing LLMs in natural disaster man-012
agement, along with a taxonomy that catego-013
rizes existing works based on disaster phases014
and application scenarios. By collecting pub-015
lic datasets and identifying key challenges and016
opportunities, this study aims to guide the pro-017
fessional community in developing advanced018
LLMs for disaster management to enhance re-019
silience against natural disasters.020

1 Introduction021

Natural disasters have become increasingly fre-022

quent and severe, posing unprecedented threats023

to human life, infrastructure, and the environ-024

ment (Manyena, 2006; Yu et al., 2018; Chaudhary025

and Piracha, 2021). The 2010 Haiti earthquake, for026

instance, led to more than 200,000 fatalities and027

widespread infrastructure devastation (DesRoches028

et al., 2011). Similarly, the 2020 Australian bush-029

fires have resulted in the deaths of at least 33030

people and an estimated one billion animals (Deb031

et al., 2020). The profound impacts of such catas-032

trophic events have highlighted the urgent need033

for effective disaster management strategies. Re-034

cently, large language models (LLMs) have revo-035

lutionized the scientific research area due to their036

unparalleled abilities in contextual understanding,037

logical generation, and complex problem-solving038

with textual data and data from various modali-039

ties (Zhang et al., 2024b,a). These capabilities040

make LLMs well-suited for natural disaster man- 041

agement, with models capable of analyzing vast 042

disaster real-time data, facilitating dynamic com- 043

munication with affected communities, and sup- 044

porting critical decision-making (Otal et al., 2024). 045

Despite the potential of LLMs in disaster man- 046

agement, a systematic review is still missing. This 047

absence hinders researchers and practitioners from 048

identify best practices, uncovering research gaps, 049

and optimizing the deployment of LLMs for effec- 050

tively addressing disaster-related challenges. To ad- 051

dress this gap, this paper systematically surveys the 052

applications of LLMs based on three types of archi- 053

tectures across the four disaster phases: mitigation, 054

preparedness, response, and recovery. We then pro- 055

pose a novel taxonomy that integrates application 056

scenarios, specific tasks, and the architectures of 057

models addressing these tasks. Furthermore, we 058

summarize publicly available datasets, identify key 059

challenges, and investigate avenues for improving 060

the effectiveness, efficiency, and trustworthiness 061

of LLMs. This review aims to inspire and guide 062

AI researchers, policymakers, and practitioners to- 063

wards developing LLM-aided disaster management 064

frameworks. Our contributions are listed below: 065

• We systematically introduce the current ex- 066

plorations handling disaster management with 067

LLMs across four disaster phases. 068

• We propose a taxonomy integrating applica- 069

tion scenarios, tasks, and model architectures, 070

offering practical and technical insights. 071

• We collect key resources such as public 072

datasets and highlight the current challenges 073

and future research opportunities. 074

2 Background 075

Disaster management is a multidisciplinary field 076

focused on coordinating resources, expertise, and 077
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Figure 1: Taxonomy of applications of LLMs in disaster management. This survey categorizes the utilization of
LLMs across four disaster phases, highlighting specific applications where three types of LLMs (Encoder-based,
Decoder-based, and Multimodal LLM) perform tasks such as classification, estimation, extraction, and generation.
The chart in the bottom-right corner presents the distribution of surveyed papers across each phase.

strategies to address the challenges posed by in-078

creasingly severe disasters, minimizing immediate079

damage while fostering long-term resilience and080

adaptive recovery. Disaster management consists081

of four interconnected phases (Sun et al., 2020):082

• Mitigation. This phase involves identifying083

risks and vulnerabilities and implementing084

proactive measures for disaster prevention.085

• Preparedness. This phase includes compre-086

hensive planning and public education to en-087

sure readiness for upcoming disasters.088

• Response. This phase identifies and addresses089

immediate needs during a disaster, including090

rescue and resource distribution.091

• Recovery. This phase involves rebuilding af-092

fected areas, addressing both physical and so-093

cial impacts to facilitate a return to normalcy.094

In general, LLMs are able to serve as a general-095

purpose foundation for building specialized AI096

tools in disaster management. Here, we catego-097

rize LLM architectures into: (1) encoder-based098

LLM (e.g., BERT (Devlin, 2018)) primarily for099

extracting textual features for downstream tasks;100

(2) decoder-based LLM (e.g., GPT (Brown, 2020)) 101

for text generation from given textual queries; (3) 102

multimodal LLMs that integrate multiple modali- 103

ties via alignment (Tiong et al., 2022) or feature 104

fusion (Madichetty et al., 2021). For disaster man- 105

agement, downstream tasks usually include classi- 106

fication (e.g., disaster detection), estimation (e.g., 107

severity estimation), extraction (e.g., knowledge 108

extraction), and generation (e.g., report generation). 109

Techniques such as fine-tuning, prompting, and ad- 110

ditional adapters are commonly employed to adapt 111

LLMs for specific downstream applications. 112

3 LLM For Disaster Management 113

Foundation models can be applied to four phases 114

of disaster management, namely mitigation, pre- 115

paredness, response, and recovery. For each phase, 116

works are organized by application scenarios, tasks, 117

and model architectures. We present the taxonomy 118

in Figure 1 and summaries in Appendix A. 119

3.1 Disaster Mitigation 120

Assessing vulnerabilities is a critical aspect of dis- 121

aster mitigation, where LLMs have shown promis- 122

ing potential. This process typically involves identi- 123

fying and analyzing infrastructure or communities 124

2



that are susceptible to disasters.125

Vulnerability Classification. Infrastructure Om-126

budsman has compared the supervised classifi-127

cation with encoder-based LLMs and zero-shot128

prompt learning with decoder-based LLMs in129

detecting specific types of concerns about po-130

tential infrastructure failures from social media131

data (Chowdhury et al., 2024), facilitating decision-132

makers in effectively prioritizing resources.133

Answer Generation. Apart from the infrastruc-134

ture vulnerability, decoder-based LLMs can as-135

sist in answering community vulnerability-related136

queries based on retrieval of social vulnerability137

index (SVI) (Martelo and Wang, 2024).138

3.2 Disaster Preparedness139

In the long term, LLMs can play a pivotal role140

in disaster preparation via (1) public awareness141

enhancement and consistent (2) disaster forecast.142

Building on the forecasts, LLMs can support143

decision-makers in issuing (3) disaster warnings144

to the public, which can enhance preparedness in145

the short term. Furthermore, LLMs can assist in146

well-structured (4) evacuation planning, ensuring147

safe relocation of individuals and property.148

3.2.1 Public Awareness Enhancement149

It is critical to enhance public awareness regard-150

ing disasters by providing insights and knowledge151

extracted from previous disaster experiences.152

Knowledge Extraction. Encoder-based LLMs153

are particularly valuable due to their exceptional154

knowledge extraction capabilities. BERT has been155

fine-tuned to extract disaster-related knowledge156

from news and social media (Fu et al., 2024), and157

extensive literature (Zhang and Wang, 2023). To158

enhance the logical coherence of extracted entities,159

Ma et al. propose BERT-BiGRU-CRF for name160

entity and relation recognition (NER) to construct161

disaster knowledge graphs (Ma et al., 2023). With162

enhanced reasoning ability, decoder-based LLMs163

have been utilized, where ChatGLM2 is fine-tuned164

to extract knowledge triplets from documents to165

construct a knowledge graph (Wu et al., 2024).166

Answer Generation. The derived knowledge167

could be incorporated in decoder-based LLMs’168

prompts, which could facilitate answering wild-169

fire (Hostetter et al., 2024) and flood risk-related170

questions (Martelo and Wang, 2024), and offering171

personalized mitigation guidance (Li et al., 2023).172

In addition, techniques such as retrieval-augmented173

generation (RAG) have been utilized for knowledge174

incorporation, with knowledge retrieved from flood 175

and geographic information system (GIS) knowl- 176

edge graph (Zhu et al., 2024). 177

3.2.2 Disaster Forecast 178

Effective disaster preparedness also hinges on accu- 179

rate and robust forecasting and risk level prediction. 180

Occurrence Classification. With their extensive 181

internal knowledge, encoder-based LLMs have 182

proven to be powerful tools for classification-based 183

disaster forecasting. For instance, Indra et al. 184

streamline BERT, GRU, and CNN to anticipate dis- 185

aster (Indra and Duraipandian, 2023), improving 186

their ability to capture temporal dependencies and 187

local patterns in large-scale social media text. How- 188

ever, textual data is limited due to its subjective 189

and imprecise nature, which leads to multimodal 190

LLMs integrating various data modalities. Zeng et 191

al. combine historical flood data and BERT embed- 192

dings extracted from geographical description, then 193

utilize XGBoost to predict the disaster risk (Zeng 194

and Bertsimas, 2023). Debata et al. further ex- 195

tract features from statistical data with k-nearest 196

neighbors (KNN) for better incorporation. Further 197

advancements incorporate additional satellite im- 198

agery features derived from ResNet for more infor- 199

mative disaster prediction (Liu and Zhong, 2023). 200

To facilitate disaster risk prediction with explicit ex- 201

ternal knowledge, decoder-based LLMs have been 202

utilized with RAG to retrieve historical flood data 203

from disaster knowledge base to derive risk level 204

and action recommendation (Wang et al., 2024). 205

3.2.3 Disaster Warning 206

Once a disaster has been foreseen, timely warnings 207

and suggestions are crucial to public safety. 208

Warning Generation. Decoder-based LLMs have 209

been a valuable tool in generating clear warn- 210

ing messages from rule-based alerts derived from 211

streaming data (Chandra et al., 2024), significantly 212

enhancing the responsiveness of warning systems. 213

In addition, LLMs have been utilized to retrieve dis- 214

aster alerts from National Weather Service’s API 215

to provide detailed, real-time information about 216

upcoming disaster (Martelo and Wang, 2024). 217

Image Generation In addition to textual warn- 218

ings, visual warnings can convey vivid descriptions, 219

reaching a broader audience. To achieve this, mul- 220

timodal LLMs enhanced by diffusion-based text-to- 221

image generative models can produce vivid visual 222

representations of impending disasters (Lubin et al., 223

2024), improving the clarity of alerts. 224
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3.2.4 Evacuation Planning225

Plan Generation To ensure the safety of indi-226

viduals and properties, structured evacuation plans227

have been developed. Leveraging the exceptional228

reasoning capabilities, decoder-based LLMs have229

been prompted to plan escapes and provide evac-230

uation suggestions (Hostetter et al., 2024), thus231

enhancing public safety against incoming disasters.232

3.3 Disaster Response233

With accurate and real-time (1) disaster identifica-234

tion and (2) situation assessment, decision makers235

can gain essential knowledge to form a response ba-236

sis. In addition, LLM can facilitate the (3) disaster237

information coordination, thus boosting a collabo-238

rative disaster response among stakeholders. Con-239

sequently, decision makers can execute effective240

actions empowered by LLMs, such as (4) disaster241

rescue, and offering (5) disaster issue consultation.242

3.3.1 Disaster Identification243

Effective disaster response begins with accurate244

and real-time identification to enable efficient in-245

terventions (Said et al., 2019; Weber et al., 2020),246

with social media serving as a valuable avenue by247

providing real-time updates from affected individu-248

als (Anderson, 2016; Trono et al., 2015).249

Relevance Classification. Leveraging their ad-250

vanced capabilities, LLMs have become prominent251

disaster detection tools, particularly by performing252

binary classification for disaster-related posts.253

Encoder-based LLMs, with a trainable adapter254

appended, are widely utilized in this application255

via fine-tuning (Ningsih and Hadiana, 2021; Singh256

et al., 2022). Beyond fine-tuning existing LLMs, re-257

searchers have developed novel techniques tailored258

to specific disaster contexts. CrisisTransformers259

has pre-trained transformers initialized randomly or260

with RoBERTa weights on a large dataset with mil-261

lions of crisis-related tweets before fine-tuning for262

specific downstream tasks (Lamsal et al., 2024a),263

thus enhancing extensive disaster knowledge in-264

corporation. Additionally, Paul et al. tackle the265

challenge of limited labeled data by incorporating266

active learning, which fine-tunes transformer-based267

representations to prioritize the labeling of the most268

informative samples (Paul et al., 2023).269

More innovations focus on framework design,270

where ensemble models have been employed to271

integrate the strengths of various LLMs (Mukhtiar272

et al., 2023). Furthermore, additive modifications273

also enhance LLMs. For instance, several studies274

append CNN and att-BiLSTM to capture temporal 275

dependencies and local patterns (Manthena, 2023). 276

In addition, graph neural networks (GNN) can en- 277

hance word relation modeling. For instance, Dan- 278

day et al. construct a word relationship graph from 279

DistilBERT embeddings, which are sent to GNN 280

for classification (Danday and Murthy, 2022). For 281

better modality fusion, GNom integrates graph fea- 282

tures derived from multilingual word graphs and 283

BERT text embeddings with a novel cross-attention 284

mechanism (Ghosh et al., 2022). 285

In addition, advanced decoder-based LLMs such 286

as Llama-2 and GPT-4 demonstrate exceptional 287

contextual understanding ability, being prompted 288

for classification (Taghian Dinani et al., 2023). 289

Image data also offer valuable insights, where 290

multimodal LLMs—combining text and other 291

images—has emerged as a promising approach, 292

enhancing the accuracy of disaster identification. 293

Several approaches combine text features from 294

encoder-based LLMs and image features by ag- 295

gregation (Kamoji et al., 2023; Madichetty et al., 296

2021). In addition, Koshy et al. append a BiLSTM 297

module after RoBERTa for better sequential model- 298

ing (Koshy and Elango, 2023). To improve modal- 299

ity alignment, Shetty et al. utilize the attention 300

mechanism to fuse text and image features (Shetty 301

et al., 2024), while Zhou et al. adopt a Cycle- 302

GAN with mixed fusion strategy to address the 303

multimodal heterogeneity challenges (Zhou et al., 304

2023b). Beyond modality alignment, aligning fea- 305

tures across various disaster events is critical in 306

label-scarce scenarios. Jang et al. introduce a semi- 307

supervised minimax entropy domain adaptation 308

framework unifying multimodal features from vari- 309

ous disaster events, enabling generalization across 310

diverse contexts (Wang and Wang, 2022). To com- 311

bine strengths of diverse LLMs and visual models, 312

the ensemble is further utilized (Hanif et al., 2023). 313

In addition to social media data, other real-time 314

data sources, such as satellite imagery and news 315

articles, can also provide valuable insights. For 316

instance, Jang et al. utilize ResNet to process satel- 317

lite images and BERT to process descriptions of 318

the disasters from news (Jang et al., 2024). 319

3.3.2 Disaster Situation Assessment 320

After identifying a disaster, evaluating its severity 321

and spread is crucial for response strategies. This 322

information is often embedded in textual data, such 323

as social media posts reporting situation (Saroj and 324

Pal, 2020), and news reports offering precise de- 325
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scriptions (Houston et al., 2012; Sood et al., 1987).326

Situation Classification. Madichetty et al. fine-327

tune encoder-based LLMs to identify situational328

posts (Madichetty and Sridevi, 2021), combining329

the RoBERTa and SVM representations for binary330

classification. Raj et al. utilize BERT to filter331

disaster-related tweets, followed by NER to extract332

locations, with location counts indicating disaster333

severity (Raj et al., 2023). In addition, visual data334

from the web and satellites is also integrated and335

processed by multimodal LLMs to enhance the dis-336

aster assessment. Kanth et al. utilize BERT and337

CNN to filter disaster-related tweets and classify338

the disaster severity based on the images associated339

with informative tweets (Kanth et al., 2022).340

Severity Estimation. Classification only offers341

a coarse understanding, while severity estimation342

provides precise quantitative insights. Mousavi et343

al. utilize chain-of-thoughts (CoT) prompting on344

decoder-based LLMs (e.g. Gemini) to estimate the345

earthquake intensity as Modified Mercalli Intensity346

(MMI) values (Mousavi et al., 2024). In addition,347

multimodal LLMs can be utilized to perform image-348

related estimation. For instance, FloodDepth-GPT349

uses prompts to guide GPT-4 to estimate the flood-350

water depth of the floodwater (Akinboyewa et al.,351

2024) from flood images and descriptions.352

Description Generation. Beyond categorical and353

statistical descriptions, multi-modal LLMs can gen-354

erate more comprehensible textual situational de-355

scriptions. For instance, GPT-4V is prompted to356

translate situational images to descriptions (Hu and357

Rahnemoonfar, 2024), while Wolf et al. prompts358

GPT-4 to generate assessment descriptions (Wolf359

et al., 2023) with disaster image data.360

3.3.3 Disaster Information Coordination361

Coordinating disaster-related information is essen-362

tial for an organized, collaborative response (Com-363

fort et al., 2004; Bharosa et al., 2010). Social media364

plays a pivotal role, with individuals sharing posts365

on warnings, needs, and other types of informa-366

tion (Lindsay, 2011; Imran et al., 2015).367

Usefulness Estimation. To enhance the accessibil-368

ity of useful information, Yamamoto et al. leverage369

encoder-base LLMs (e.g. BERT and RoBERTa) to370

filter informative tweets by calculating usefulness371

ratings (Yamamoto et al., 2022).372

Relevance Classification. However, it requires a373

pre-defined threshold to determine tweet relevance.374

Several studies fine-tune encoder-based LLMs for375

binary relevance classification, which can also be376

regarded as disaster identification. Furthermore, 377

BERT is applied to classify posts by relevance with 378

multiple relevance levels (Blomeier et al., 2024). 379

Information Classification. To facilitate infor- 380

mation dissemination, several studies fine-tuned 381

encoder-based LLMs to classify posts by informa- 382

tion types, including actionable types such as "im- 383

portant for managers" (Sharma et al., 2021); hu- 384

manitarian types such as "Injured people" (Yuan 385

et al., 2022); and disaster types (Liu et al., 2021). 386

Several studies introduce advanced techniques 387

to improve performance, with some focusing on 388

augmenting data. Boros et al. augment tweets with 389

hashtags and entities, leveraging RoBERTa for clas- 390

sification and tweet prioritizing (Boros et al., 2022). 391

Addressing data label scarcity, Li et al. introduce 392

self-training with BerTweet (Nguyen et al., 2020) 393

soft-labeling data for training (Li et al., 2021). 394

Novel frameworks have been introduced to im- 395

prove performance. For instance, Zou et al. utilize 396

a BERT-Bi-LSTM-CNN model to classify tweets 397

into damage types (Zou et al., 2024), with better 398

abilities in capturing temporal dependencies and 399

local patterns. In addition, Zahera et al. utilize a 400

graph attention network (GAT) to capture correla- 401

tions between tweet embeddings and information 402

types (Zahera et al., 2021). Furthermore, FF-BERT 403

combines model strengths with an ensemble of 404

BERT and CNN (Wilkho et al., 2024). 405

Other works enhance LLMs by introducing in- 406

ductive bias. Nguyen et al. leverage BERTweet 407

to extract rationales (classification supporting ev- 408

idence) from tweets for humanitarian classifica- 409

tion (Nguyen and Rudra, 2022b) and integrate 410

them with attention mechanisms for better fu- 411

sion (Nguyen and Rudra, 2023). RACLC (Nguyen 412

and Rudra, 2022a) further adopts a two-stage 413

framework, using contrastive learning to refine ra- 414

tionale extraction and facilitate classification. 415

Furthermore, advanced decoder-based LLMs 416

have been utilized, through instruction-tuning (Otal 417

and Canbaz, 2024; Yin et al., 2024), zero-shot, and 418

few-shot prompting (Dinani et al., 2024) for disas- 419

ter type and humanitarian classification. 420

Visual data from social media is further incor- 421

porated by multimodal LLMs, where several stud- 422

ies have combined features from BERT and visual 423

models via aggregation (Zhang et al., 2022; Yu 424

and Wang, 2024). Better fusion strategies have 425

been proposed, where Abavisan et al. propose a 426

cross-attention mechanism to fuse DenseNet im- 427

age features with BERT text embeddings for hu- 428
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manitarian classification (Abavisani et al., 2020).429

Zhou et al. advance this approach by utilizing dual430

transformers to fuse ALBERT text features and S-431

CBAM-VGG image features (Zhou et al., 2023a).432

In addition, Basit et al. classify posts into humani-433

tarian or structural types using the "OR" set of text434

and image classification results (Basit et al., 2023).435

Need Classification. Social media also allows indi-436

viduals to express needs, inspiring LLMs for need437

identification. Encoder-based LLMs have been uti-438

lized to detect disaster needs (Yang et al., 2024)439

and rescue request (Toraman et al., 2023). Fur-440

thermore, MulTMR employs multiple teacher mod-441

els with task knowledge to fine-tune BERT and442

RoBERTa for ranking and detecting actionable help443

requests (Vitiugin and Purohit, 2024). Responders444

also share resources on social media. Lamsal et al.445

have adopted LLMs to match needs with resources446

through cosine similarity-based retrieval methods447

where both offer and request posts are embedded448

by XLM-RoBERTa (Conneau, 2019), optimizing449

resource allocation (Lamsal et al., 2024b).450

Location Extraction. Additionally, efficient pro-451

cessing of posts enhances information dissemina-452

tion, especially through location extraction. Several453

studies fine-tune encoder-based LLMs for location454

reference recognition (LRR), classifying tokens455

into categories such as "Inside Locations" (ILOC),456

and "Other Tokens"(O) (Mehmood et al., 2024;457

Suwaileh et al., 2022). Koshy et al. further im-458

prove LRR by adding attention and Bi-LSTM lay-459

ers(Koshy and Elango, 2024), while others use a460

BERT-BiLSTM-CRF model to improve the logic461

consistency of extracted locations (Ma et al., 2022;462

Zhang et al., 2021). External knowledge bases fur-463

ther aid location extraction. For instance, Caillaut464

et al. utilize cosine similarity to match post entities465

with knowledge base (Caillaut et al., 2024), improv-466

ing performance. Decoder-based LLMs are also467

widely applied, where Yu et al. prompt Llama-3468

to extract location-relevant words (Yu and Wang,469

2024). External knowledge has been utilized for470

more accurate location extraction. Hu et al. lever-471

age GPT-4 for detailed location descriptions, incor-472

porating geo-knowledge within the prompts (Hu473

et al., 2023). In addition, GeoChatGPT augments474

LLMs with geographic data and Object Character475

Recognition (OCR)-based object descriptions to476

predict disaster locations (Firmansyah et al., 2024).477

Summary Extraction. Furthermore, extracting478

and summarizing critical posts provides a macro479

understanding during disasters. Nguyen et al utilize480

integer linear programming (ILP) with encoder- 481

based LLMs to identify critical posts and rationales 482

for summaries (Nguyen and Rudra, 2022a; Nguyen 483

et al., 2022). Garg et al. calculate salience scores 484

using BERT embeddings and word2vec key-phrase 485

embeddings from rapid automatic keyword extrac- 486

tion (RAKE)(Garg et al., 2024). Decoder-based 487

LLMs go further by generating summaries from 488

retrieved tweets. For instance, Vitiugin et al. rank 489

important tweets utilizing LSTM and then use a 490

T5 model to generate the summaries based on top 491

retrieved tweets (Vitiugin and Castillo, 2022). 492

Report Generation. Organizations also use 493

decoder-based LLMs for structured disaster re- 494

porting, especially through zero-shot search-based 495

generation (Colverd et al., 2023). In addition, 496

Seeberger et al. utilize multiple LLMs each for 497

document retrieval, reranking, and instruction- 498

following summarization (Seeberger and Riedham- 499

mer, 2024b), while chain-of-thought (CoT) reason- 500

ing is further utilized (Pereira et al., 2023). Build- 501

ing on these methods, Crisis2Sum further organizes 502

query-related information into topic clusters sum- 503

marized by Mixtral (Jiang et al., 2024), and pro- 504

duces a final report by combining key nuggets from 505

each cluster (Seeberger and Riedhammer, 2024a). 506

3.3.4 Disaster Rescuing 507

Grounded in a comprehensive disaster situation 508

understanding, disaster rescuing aims to save lives 509

and property through timely, coordinated actions. 510

Plan Generation. Effective rescue operations 511

typically require comprehensive rescue plans. 512

Grounded with rich disaster-related knowledge, 513

decoder-based LLMs have been prompted to gener- 514

ate actionable response plans that provide essential 515

guidance (Goecks and Waytowich, 2023). 516

Code Generation. Once a plan is established, 517

decoder-based LLMs can assist in execution per- 518

formed by organizations and rescue teams, such as 519

assisting in guiding robotic systems by translating 520

verbal inputs into actionable operational commands 521

using RAG (Panagopoulos et al., 2024). 522

3.3.5 Disaster Issue Consultation 523

During disasters, affected individuals and organiza- 524

tions often seek reliable guidance. Disaster issue 525

consultation offers advice, safety updates, and ex- 526

pert guidance, thus helping them access resources, 527

evaluate options, and make decisions (Jiang, 2024). 528

Answer Generation. Decoder-based LLMs have 529

been prompted to generate answers for frequently 530
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asked questions and offer guidance (Rawat, 2024;531

Chen and Fang, 2024). To mitigate hallucina-532

tion, LLMs integrate RAG with verified disaster-533

related documents. For instance, WildfireGPT re-534

trieves wildfire literature and data to augment the535

prompts (Xie et al., 2024). Chen et al. guide LLM536

reasoning over KG by a prompt chain, adding struc-537

tured knowledge (Chen et al., 2024). Unlike tradi-538

tional RAG approaches that rely on prompt learn-539

ing, Xia et al. integrate fine-tuning with RAG to540

enhance LLMs by combining implicit and exter-541

nal knowledge. (Xia et al., 2024). Additionally,542

multi-modal LLMs can integrate textual and vi-543

sual data. For instance, several VQA models (e.g.,544

Plug-and-Play VQA) (Tiong et al., 2022) have been545

prompted for zero-shot visual question answering546

for disaster scenarios (Sun et al., 2023). To in-547

terpret complex user queries, ADI further intro-548

duces sequential modular tools including VLMs,549

object detection models, and semantic segmenta-550

tion models (Liu et al., 2024). In addition, Flood-551

Lense integrates ChatGPT and diffusion models552

to highlight disaster-affected areas from images553

to improve flood-related geographical question an-554

swering (Kumbam and Vejre, 2024).555

3.4 Disaster Recovery556

LLMs can perform accurate (1) disaster impact as-557

sessment, a critical step for disaster recovery. With558

a comprehensive impact understanding, LLMs can559

assist decision makers in (2) recovery plans gen-560

eration. In addition, disaster responders have uti-561

lized LLMs for (3) recovery process tracking con-562

sistently, ensuring the recovery effectiveness.563

3.4.1 Disaster Impact Assessment564

Accurate assessment of the damage degree across565

physical and social dimensions helps prioritize re-566

covery efforts effectively. Physically, disasters dis-567

rupt infrastructure, damage property, and threaten568

human lives, requiring robust frameworks for the569

identification and estimation of damage and loss.570

Damage Classification. Various encoder-based571

LLMs have been employed to identify and cate-572

gorize disaster damage. For instance, Malik et al.573

utilize BERT to identify the damage-related posts574

and categorize them as "human damage" or "infras-575

tructure damage" (Malik et al., 2024). Chen et al.576

further categorize damage into four types such as577

"Water or Power Supply" with BERT (Chen and578

Lim, 2021). In addition, Zou et al. propose a BERT-579

BiLSTM-Sit-CNN framework for damage-related580

posts identification and damage-type classification 581

with improved textual understanding (Zou et al., 582

2024). Furthermore, several studies utilize LLMs 583

to measure damage severity, where Jeba et al. lever- 584

age BERT for damage impact degree classification 585

on social media posts and news (Jeba et al., 2024). 586

Damage Estimation. Damage severity could be 587

better modeled quantitatively by estimation with a 588

fine-grained understanding. Chen et al. calculate 589

the damage severity scores based on the similari- 590

ties between post tokens and several seed words’ 591

embeddings, where both embeddings are derived 592

from encoder-based LLMs (Chen and Lim, 2021). 593

Answer Generation. In addition, decoder-based 594

LLMs can answer specific assessment questions. 595

For instance, Ziaullah et al. prompt LLMs with 596

RAG to obtain the operation status of critical infras- 597

tructure facilities using social media data (Ziaullah 598

et al., 2024). Multimodal LLMs further incorporate 599

remote sensing data, with Estevao et al. prompting 600

GPT-4o to generate damage assessment using build- 601

ing images (Estêvão, 2024). To improve modal- 602

ity alignment, SAM-VQA employs a supervised 603

attention-based VLM to integrate image and ques- 604

tion features for VQA tasks (Sarkar et al., 2023). 605

Additionally, axillary tasks have been utilized to 606

improve the VQA performance, where DATWEP 607

dynamically balances the importance of segmenta- 608

tion and VQA tasks, adjusting class weights during 609

training (Alsan and Arsan, 2023). 610

Statistic Extraction. Furthermore, decoder-based 611

LLMs are prompted to extract fatalities (Hou and 612

Xu, 2022) from social media via few-shot learning, 613

thus offering timely insights into human loss. 614

Sentiment Classification. From the social dimen- 615

sion, disasters influence public sentiment and be- 616

havior, where encoder-based LLMs (Han et al., 617

2024a; Berbère et al., 2023) have been fine-tuned to 618

classify social media posts into positive and nega- 619

tive emotions. In addition, Li et al. utilize decoder- 620

based LLM (e.g. GPT 3.5) to classify the posts into 621

five emotional types such as "panic" and "sadness" 622

with zero-shot prompting (Li et al., 2025), thus aid- 623

ing responders in understanding and addressing the 624

disaster’s emotional impact. 625

3.4.2 Recovery Plan Generation 626

Based on impact assessment, a recovery plan is 627

developed to rebuild infrastructure, restore services, 628

and enhance resilience (Hallegatte et al., 2018). 629

Plan Generation. Decoder-based LLMs have been 630

utilized in certain recovery scenarios by generating 631
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recovery and reconstruction plans. For instance,632

ChatGPT has been prompted to build disaster re-633

covery plans for business restoration (White and634

Liptak, 2024; Lakhera, 2024).635

3.4.3 Recovery Process Tracking636

Continuous tracking of the recovery process en-637

sures that progress aligns with the planned timeline638

and goals and decision-makers can adapt recovery639

strategies to meet evolving needs.640

Sentiment Classification. Encoder-based LLM641

(e.g. BERTweet) has been utilized to assess pub-642

lic sentiment throughout the post-disaster recovery643

period (CONTRERAS et al.), thus enabling respon-644

ders to tailor their recovery efforts to address emo-645

tional needs of affected population effectively.646

4 Datasets647

Numerous disaster-related datasets have been uti-648

lized to evaluate LLMs in disaster management,649

and we present a comprehensive list of publicly650

available datasets in Appendix B.651

Classification datasets are primarily designed with652

textual inputs from platforms like Twitter and653

news outlets, categorizing data by informativeness654

(relevance) (Olteanu et al., 2014), humanitarian655

types (Imran et al., 2016), damage levels (Alam656

et al., 2021b), and other attributes. Some also in-657

clude visual data, such as satellite imagery or social658

media images (Alam et al., 2018). Models are eval-659

uated with metrics like accuracy and F1 score.660

Estimation datasets include textual and visual in-661

puts and provide quantitative labels such as flood662

depths (Akinboyewa et al., 2024), evaluated using663

metrics such as Mean Absolute Error (MAE).664

Generation datasets are also extensively used, pri-665

marily in two categories: question answering and666

summarization. Question-answering datasets pro-667

vide disaster-related questions paired with crowd-668

source annotated answers (Rawat, 2024). Multi-669

modal question-answering datasets, which incorpo-670

rate disaster-related images as contextual informa-671

tion, are widely utilized as well (Sun et al., 2023).672

For summarization task, large sets of documents673

are used as inputs, with reference summaries cu-674

rated by domain experts (McCreadie and Buntain,675

2023). Both types of generation tasks are evaluated676

using metrics like ROUGE and BLEU.677

Extraction datasets identify and label specific ele-678

ments within sentence, such as keywords (Nguyen679

and Rudra, 2022a) and locations (Suwaileh et al.,680

2022), labeling tokens as “outside,” “start,” or “end”681

to specify their extraction status. These datasets are 682

primarily used for token-level classification tasks, 683

and is measured with classification metrics. 684

5 Challenges and Opportunities 685

Large language models (LLMs) show promise in 686

disaster management but face key limitations. Ap- 687

plications are disproportionately focused on disas- 688

ter response, as illustrated in Figure 1, highlight- 689

ing the need to expand their use across all disaster 690

phases. Additionally, there is a gap between re- 691

searchers focusing on novel architectures and prac- 692

titioners needing disaster-specific solutions, neces- 693

sitating LLMs tailored to various challenges. 694

Dataset Scarcity. Current datasets are heavily 695

skewed toward classification tasks, leaving other 696

critical areas underrepresented. Creating high- 697

quality datasets requires significant effort and re- 698

sources, making the process both labor- and data- 699

intensive. Innovative solutions like synthetic data 700

generation (Kalluri et al., 2024) are promising to 701

expand coverage across disaster-related scenarios. 702

Efficient Deployment. large-scale LLMs face la- 703

tency and computational challenges, hindering real- 704

time decision-making in emergent disaster scenar- 705

ios. Lightweight models provide a faster, resource- 706

efficient alternative (Saleem et al., 2024), but they 707

often sacrifice accuracy and robustness. Advancing 708

these models to balance efficiency with reliability 709

is crucial for effective disaster management. 710

Robust Generation. Decoder-based LLMs may 711

hallucinate, where outputs can be factually inaccu- 712

rate, posing serious risks in disaster contexts, such 713

as false evacuation routes, resource misallocation, 714

and potential loss of lives. Integrating RAG with 715

external knowledge bases (Colverd et al., 2023), 716

extensive domain-specific training (Lamsal et al., 717

2024a), and uncertainty estimation (Xu et al.) can 718

potentially deal with hallucinated outputs. 719

6 Conclusion 720

This paper surveys LLMs in disaster management 721

across four disaster phases, with a taxonomy inte- 722

grating application scenarios, specific tasks, and 723

the architectures of models addressing these tasks. 724

With introducing publicly available datasets and 725

identifying challenges, we inspire the collabora- 726

tive efforts between AI researchers and decision- 727

makers, in order to fully leveraging the power of 728

LLMs for more resilient communities and proac- 729

tive disaster management practices. 730
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Limitations731

This work focuses exclusively on disaster manage-732

ment applications only where existing LLMs have733

been utilized, leaving out other potential scenarios734

that have not yet been explored by current LLM735

research. While these unexplored areas hold sig-736

nificant promise for future advancements, they are737

beyond the scope of this work due to space con-738

straints. Additionally, we include only a subset739

of datasets employed in existing studies, prioritiz-740

ing those that are easily accessible. Many datasets741

are either not open-sourced, have restrictive access742

policies, or lack assured quality, making them less743

viable for reproducibility and further research.744

References745

Mahdi Abavisani, Liwei Wu, Shengli Hu, Joel Tetreault,746
and Alejandro Jaimes. 2020. Multimodal categoriza-747
tion of crisis events in social media. In Proceedings748
of the IEEE/CVF Conference on Computer Vision749
and Pattern Recognition, pages 14679–14689.750

Ademola Adesokan, Sanjay Madria, and Long Nguyen.751
2023. Tweetace: A fine-grained classification of752
disaster tweets using transformer model. In 2023753
IEEE Applied Imagery Pattern Recognition Work-754
shop (AIPR), pages 1–9. IEEE.755

Temitope Akinboyewa, Huan Ning, M Naser Lessani,756
and Zhenlong Li. 2024. Automated floodwater757
depth estimation using large multimodal model for758
rapid flood mapping. Computational Urban Science,759
4(1):12.760

Firoj Alam, Ferda Ofli, and Muhammad Imran. 2018.761
Crisismmd: Multimodal twitter datasets from natural762
disasters. In Proceedings of the international AAAI763
conference on web and social media, volume 12.764

Firoj Alam, Umair Qazi, Muhammad Imran, and Ferda765
Ofli. 2021a. Humaid: Human-annotated disaster766
incidents data from twitter with deep learning bench-767
marks. In Proceedings of the International AAAI768
Conference on Web and social media, volume 15,769
pages 933–942.770

Firoj Alam, Hassan Sajjad, Muhammad Imran, and771
Ferda Ofli. 2021b. Crisisbench: Benchmarking772
crisis-related social media datasets for humanitarian773
information processing. In Proceedings of the Inter-774
national AAAI conference on web and social media,775
volume 15, pages 923–932.776

Aymen Omar Alharm and Syibrah Naim. Enhancing777
natural disaster response: A deep learning approach778
to disaster sentiment analysis using bert and lstm.779
Available at SSRN 4755638.780

Huseyin Fuat Alsan and Taner Arsan. 2023. Dy-781
namic task and weight prioritization curriculum782

learning for multimodal imagery. arXiv preprint 783
arXiv:2310.19109. 784

Ben Anderson. 2016. Governing emergencies: The pol- 785
itics of delay and the logic of response. Transactions 786
of the institute of British geographers, 41(1):14–26. 787

Stelios Andreadis, Aristeidis Bozas, Ilias Gialam- 788
poukidis, Anastasia Moumtzidou, Roberto Fiorin, 789
Francesca Lombardo, Thanassis Mavropoulos, 790
Daniele Norbiato, Stefanos Vrochidis, Michele Ferri, 791
et al. 2022. Disastermm: Multimedia analysis of 792
disaster-related social media data task at mediaeval 793
2022. In MediaEval. 794

Gail M Atkinson and David J Wald. 2007. “did you feel 795
it?” intensity data: A surprisingly good measure of 796
earthquake ground motion. Seismological Research 797
Letters, 78(3):362–368. 798

Mohammad Basit, Bashir Alam, Zubaida Fatima, and 799
Salman Shaikh. 2023. Natural disaster tweets classi- 800
fication using multimodal data. In Proceedings of the 801
2023 Conference on Empirical Methods in Natural 802
Language Processing, pages 7584–7594. 803

Riheme Berbère, Safa Elkefi, Safa Bhar Layeb, and 804
Achraf Tounsi. 2023. Exploring cognitive sustainabil- 805
ity concerns in public responses to extreme weather 806
events: An nlp analysis of twitter data. Cognitive 807
Sustainability, 2(4). 808

Nitesh Bharosa, JinKyu Lee, and Marijn Janssen. 2010. 809
Challenges and obstacles in sharing and coordinating 810
information during multi-agency disaster response: 811
Propositions from field exercises. Information sys- 812
tems frontiers, 12:49–65. 813

Eike Blomeier, Sebastian Schmidt, and Bernd Resch. 814
2024. Drowning in the information flood: Machine- 815
learning-based relevance classification of flood- 816
related tweets for disaster management. Information, 817
15(3):149. 818

Emanuela Boros, Gaël Lejeune, Mickaël Coustaty, and 819
Antoine Doucet. 2022. Adapting transformers for 820
detecting emergency events on social media. In 821
14th International Conference on Knowledge Dis- 822
covery and Information Retrieval, pages 300–306. 823
SCITEPRESS-Science and Technology Publications. 824

Tom B Brown. 2020. Language models are few-shot 825
learners. arXiv preprint arXiv:2005.14165. 826

Gaëtan Caillaut, Samuel Auclair, Cécile Gracianne, 827
Nathalie Abadie, and Guillaume Touya. 2024. En- 828
tity linking for real-time geolocation of natural 829
disasters from social network posts. PloS one, 830
19(10):e0307254. 831

Ritesh Chandra, Shashi Shekhar Kumar, Rushil Patra, 832
and Sonali Agarwal. 2024. Decision support system 833
for forest fire management using ontology with big 834
data and llms. arXiv preprint arXiv:2405.11346. 835

9



S Chandrakala and S Albert Antony Raj. 2022. Identify-836
ing the label of crisis related tweets using deep neural837
networks for aiding emergency planning. In 2022838
International Conference on Innovative Computing,839
Intelligent Communication and Smart Electrical Sys-840
tems (ICSES), pages 1–6. IEEE.841

Muhammad T Chaudhary and Awais Piracha. 2021.842
Natural disasters—origins, impacts, management.843
Encyclopedia, 1(4):1101–1131.844

Minze Chen, Zhenxiang Tao, Weitong Tang, Tingxin845
Qin, Rui Yang, and Chunli Zhu. 2024. Enhancing846
emergency decision-making with knowledge graphs847
and large language models. International Journal of848
Disaster Risk Reduction, 113:104804.849

Wei Chen and Jiing Fang. 2024. Optimizing ai-driven850
disaster management through llms.851

Zi Chen and Samsung Lim. 2021. Social media data-852
based typhoon disaster assessment. International853
Journal of Disaster Risk Reduction, 64:102482.854

Md Towhidul Absar Chowdhury, Soumyajit Datta,855
Naveen Sharma, and Ashiqur R KhudaBukhsh. 2024.856
Infrastructure ombudsman: Mining future failure con-857
cerns from structural disaster response. In Proceed-858
ings of the ACM on Web Conference 2024, pages859
4664–4673.860

Grace Colverd, Paul Darm, Leonard Silverberg, and861
Noah Kasmanoff. 2023. Floodbrain: Flood disaster862
reporting by web-based retrieval augmented genera-863
tion with an llm. arXiv preprint arXiv:2311.02597.864

Louise K Comfort, Kilkon Ko, and Adam Zagorecki.865
2004. Coordination in rapidly evolving disaster re-866
sponse systems: The role of information. American867
behavioral scientist, 48(3):295–313.868

A Conneau. 2019. Unsupervised cross-lingual rep-869
resentation learning at scale. arXiv preprint870
arXiv:1911.02116.871

Diana CONTRERAS, Dimosthenis ANTYPAS, Sean872
WILKINSON, Jose CAMACHO-COLLADOS,873
Philippe GARNIER, and Cécile CORNOU. Assess-874
ing post-disaster recovery using sentiment analysis:875
The case of haiti.876

Anusha Danday and T Satyanarayana Murthy. 2022.877
Twitter data analysis using distill bert and graph878
based convolution neural network during disaster.879

Jens A de Bruijn, Hans de Moel, Brenden Jong-880
man, Marleen C de Ruiter, Jurjen Wagemaker, and881
Jeroen CJH Aerts. 2019. A global database of his-882
toric and real-time flood events based on social media.883
Scientific data, 6(1):311.884

Proloy Deb, Hamid Moradkhani, Peyman Abbaszadeh,885
Anthony S Kiem, Johanna Engström, David886
Keellings, and Ashish Sharma. 2020. Causes of the887
widespread 2019–2020 australian bushfire season.888
Earth’s Future, 8(11):e2020EF001671.889

Reginald DesRoches, Mary Comerio, Marc Eberhard, 890
Walter Mooney, and Glenn J Rix. 2011. Overview 891
of the 2010 haiti earthquake. Earthquake spectra, 892
27(1_suppl1):1–21. 893

Jacob Devlin. 2018. Bert: Pre-training of deep bidi- 894
rectional transformers for language understanding. 895
arXiv preprint arXiv:1810.04805. 896

Soudabeh Taghian Dinani, Doina Caragea, and Nikesh 897
Gyawali. 2024. Disaster tweet classification using 898
fine-tuned deep learning models versus zero and few- 899
shot large language models. In Data Management 900
Technologies and Applications: 12th International 901
Conference, DATA 2023, Rome, Italy, July 11-13, 902
2023, Revised Selected Papers, volume 2105, page 73. 903
Springer Nature. 904

Wenying Du, Chang Ge, Shuang Yao, Nengcheng Chen, 905
and Lei Xu. 2023. Applicability analysis and ensem- 906
ble application of bert with tf-idf, textrank, mmr, and 907
lda for topic classification based on flood-related vgi. 908
ISPRS International Journal of Geo-Information, 909
12(6):240. 910

Premkumar Duraisamy and Yuvaraj Natarajan. 2024. 911
Twitter disaster prediction using different deep learn- 912
ing models. SN Computer Science, 5(1):179. 913

João MC Estêvão. 2024. Effectiveness of generative ai 914
for post-earthquake damage assessment. Buildings, 915
14(10):3255. 916

Hafiz Budi Firmansyah, Valerio Lorini, Mehmet Oguz 917
Mulayim, Jorge Gomes, and Jose Luis Fernandez- 918
Marquez. 2024. Improving social media geolocation 919
for disaster response by using text from images and 920
chatgpt. In Proceedings of the 2024 11th Multidis- 921
ciplinary International Social Networks Conference, 922
pages 67–72. 923

Spyros Fontalis, Alexandros Zamichos, Maria Tsourma, 924
Anastasios Drosou, and Dimitrios Tzovaras. 2023. A 925
comparative study of deep learning methods for the 926
detection and classification of natural disasters from 927
social media. In ICPRAM, pages 320–327. 928

Shengnan Fu, David M Schultz, Heng Lyu, Zhonghua 929
Zheng, and Chi Zhang. 2024. Extracting spatiotem- 930
poral flood information from news texts using ma- 931
chine learning for a national dataset in china. Hydrol- 932
ogy and Earth System Sciences Discussions, 2024:1– 933
32. 934

Piyush Kumar Garg, Roshni Chakraborty, Srishti Gupta, 935
and Sourav Kumar Dandapat. 2024. Ikdsumm: Incor- 936
porating key-phrases into bert for extractive disaster 937
tweet summarization. Computer Speech & Language, 938
87:101649. 939

Samujjwal Ghosh, Subhadeep Maji, and Maunen- 940
dra Sankar Desarkar. 2022. Gnom: graph neural net- 941
work enhanced language models for disaster related 942
multilingual text classification. In Proceedings of 943
the 14th ACM Web Science Conference 2022, pages 944
55–65. 945

10



Vinicius G Goecks and Nicholas R Waytowich. 2023.946
Disasterresponsegpt: Large language models for ac-947
celerated plan of action development in disaster re-948
sponse scenarios. arXiv preprint arXiv:2306.17271.949

Aneela Habib, Yasir Saleem Afridi, Madiha Sher, and950
Tiham Khan. 2024. Relevance classification of flood-951
related tweets using xlnet deep learning model.952

Stéphane Hallegatte, Jun Rentschler, and Brian Walsh.953
2018. Building back better: achieving resilience954
through stronger, faster, and more inclusive post-955
disaster reconstruction. World Bank.956

Jin Han, Zhe Zheng, Xin-Zheng Lu, Ke-Yin Chen, and957
Jia-Rui Lin. 2024a. Enhanced earthquake impact958
analysis based on social media texts via large lan-959
guage model. International Journal of Disaster Risk960
Reduction, page 104574.961

Jin Han, Zhe Zheng, Xin-Zheng Lu, Ke-Yin Chen, and962
Jia-Rui Lin. 2024b. Quakebert: Accurate classifica-963
tion of social media texts for rapid earthquake impact964
assessment. arXiv preprint arXiv:2405.06684.965

Muhammad Hanif, Muhammad Waqas, Amgad Muneer,966
Ayed Alwadain, Muhammad Atif Tahir, and Muham-967
mad Rafi. 2023. Deepsdc: Deep ensemble learner968
for the classification of social-media flooding events.969
Sustainability, 15(7):6049.970

Haley Hostetter, MZ Naser, Xinyan Huang, and971
John Gales. 2024. Large language models in fire972
engineering: An examination of technical ques-973
tions against domain knowledge. arXiv preprint974
arXiv:2403.04795.975

James Hou and Susu Xu. 2022. Near-real-time seis-976
mic human fatality information retrieval from social977
media with few-shot large-language models. In Pro-978
ceedings of the 20th ACM Conference on Embedded979
Networked Sensor Systems, pages 1141–1147.980

J Brian Houston, Betty Pfefferbaum, and Cathy Ellen981
Rosenholtz. 2012. Disaster news: Framing and frame982
changing in coverage of major us natural disasters,983
2000–2010. Journalism & Mass Communication984
Quarterly, 89(4):606–623.985

Xiyang Hu and Maryam Rahnemoonfar. 2024. Flood986
simulation: Integrating uas imagery and ai-generated987
data with diffusion model. In IGARSS 2024-2024988
IEEE International Geoscience and Remote Sensing989
Symposium, pages 565–568. IEEE.990

Yingjie Hu, Gengchen Mai, Chris Cundy, Kristy Choi,991
Ni Lao, Wei Liu, Gaurish Lakhanpal, Ryan Zhenqi992
Zhou, and Kenneth Joseph. 2023. Geo-knowledge-993
guided gpt models improve the extraction of loca-994
tion descriptions from disaster-related social media995
messages. International Journal of Geographical996
Information Science, 37(11):2289–2318.997

Muhammad Imran, Carlos Castillo, Fernando Diaz, and998
Sarah Vieweg. 2015. Processing social media mes-999
sages in mass emergency: A survey. ACM Comput-1000
ing Surveys (CSUR), 47(4):1–38.1001

Muhammad Imran, Carlos Castillo, Ji Lucas, Patrick 1002
Meier, and Sarah Vieweg. 2014. Aidr: Artificial 1003
intelligence for disaster response. In Proceedings of 1004
the 23rd international conference on world wide web, 1005
pages 159–162. 1006

Muhammad Imran, Shady Elbassuoni, Carlos Castillo, 1007
Fernando Diaz, and Patrick Meier. 2013. Practical 1008
extraction of disaster-relevant information from so- 1009
cial media. In Proceedings of the 22nd international 1010
conference on world wide web, pages 1021–1024. 1011

Muhammad Imran, Prasenjit Mitra, and Carlos Castillo. 1012
2016. Twitter as a lifeline: Human-annotated Twit- 1013
ter corpora for NLP of crisis-related messages. In 1014
Proceedings of the Tenth International Conference 1015
on Language Resources and Evaluation (LREC’16), 1016
pages 1638–1643, Portorož, Slovenia. European Lan- 1017
guage Resources Association (ELRA). 1018

G Indra and N Duraipandian. 2023. Modeling of opti- 1019
mal deep learning based flood forecasting model us- 1020
ing twitter data. Intell. Autom. Soft Comput, 35:1455– 1021
1470. 1022

Pallavi Jain, Robert Ross, and Bianca Schoen-Phelan. 1023
2019. Estimating distributed representation perfor- 1024
mance in disaster-related social media classification. 1025
In Proceedings of the 2019 IEEE/ACM international 1026
conference on advances in social networks analysis 1027
and mining, pages 723–727. 1028

Tarun Jain, Dinesh Gopalani, and Yogesh Kumar Meena. 1029
2024. Classification of humanitarian crisis response 1030
through unimodal multi-class textual classification. 1031
In 2024 International Conference on Emerging Sys- 1032
tems and Intelligent Computing (ESIC), pages 151– 1033
156. IEEE. 1034

Youngsun Jang, Maryam Moshrefizadeh, Abir Moham- 1035
mad Hadi, Kwanghee Won, and John Kim. 2024. 1036
Multimodal fusion of heterogeneous representations 1037
for anomaly classification in satellite imagery. In 1038
Proceedings of the 39th ACM/SIGAPP Symposium 1039
on Applied Computing, pages 1056–1058. 1040

Samiha Maisha Jeba, Tanjim Taharat Aurpa, and 1041
Md Rawnak Saif Adib. 2024. From facebook posts to 1042
news headlines: using transformer models to predict 1043
post-disaster impact on mass media content. Social 1044
Network Analysis and Mining, 14(1):200. 1045

Albert Q Jiang, Alexandre Sablayrolles, Antoine 1046
Roux, Arthur Mensch, Blanche Savary, Chris Bam- 1047
ford, Devendra Singh Chaplot, Diego de las Casas, 1048
Emma Bou Hanna, Florian Bressand, et al. 2024. 1049
Mixtral of experts. arXiv preprint arXiv:2401.04088. 1050

Yue Jiang. 2024. The applications of large language 1051
models in emergency management. In 2024 IEEE 1052
6th Advanced Information Management, Communi- 1053
cates, Electronic and Automation Control Conference 1054
(IMCEC), volume 6, pages 199–202. IEEE. 1055

Tarun Kalluri, Jihyeon Lee, Kihyuk Sohn, Sahil Singla, 1056
Manmohan Chandraker, Joseph Xu, and Jeremiah 1057

11

https://aclanthology.org/L16-1259
https://aclanthology.org/L16-1259
https://aclanthology.org/L16-1259


Liu. 2024. Robust disaster assessment from aerial1058
imagery using text-to-image synthetic data. In Pro-1059
ceedings of the IEEE/CVF Conference on Computer1060
Vision and Pattern Recognition, pages 7449–7459.1061

Supriya Kamoji, Mukesh Kalla, and Chandani Joshi.1062
2023. Fusion of multimodal textual and visual de-1063
scriptors for analyzing disaster response. In 20231064
5th International Conference on Smart Systems and1065
Inventive Technology (ICSSIT), pages 1614–1619.1066
IEEE.1067

A Krishna Kanth, P Chitra, and G Gayathri Sowmya.1068
2022. Deep learning-based assessment of flood sever-1069
ity using social media streams. Stochastic Environ-1070
mental Research and Risk Assessment, 36(2):473–1071
493.1072

Rishav Karanjit, Vidya Samadi, Amanda Hughes,1073
Pamela Murray-Tuite, and Keri Stephens. 2024. Con-1074
verging human intelligence with ai systems to ad-1075
vance flood evacuation decision making. Natural1076
Hazards and Earth System Sciences Discussions,1077
2024:1–29.1078

Anuradha Khattar and SMK Quadri. 2022. Camm:1079
cross-attention multimodal classification of disaster-1080
related tweets. IEEE Access, 10:92889–92902.1081

Rani Koshy and Sivasankar Elango. 2023. Multimodal1082
tweet classification in disaster response systems us-1083
ing transformer-based bidirectional attention model.1084
Neural Computing and Applications, 35(2):1607–1085
1627.1086

Rani Koshy and Sivasankar Elango. 2024. Applying1087
social media in emergency response: an attention-1088
based bidirectional deep learning system for location1089
reference recognition in disaster tweets. Applied1090
Intelligence, 54(7):5768–5793.1091

Saideshwar Kota, Smitha Haridasan, Ajita Rattani,1092
Aaron Bowen, Glyn Rimmington, and Atri Dutta.1093
2022. Multimodal combination of text and image1094
tweets for disaster response assessment. In D2R2.1095

Pranath Reddy Kumbam and Kshitij Maruti Vejre. 2024.1096
Floodlense: A framework for chatgpt-based real-time1097
flood detection. arXiv preprint arXiv:2401.15501.1098

Prashant Lakhera. 2024. Leveraging large language1099
models (llms) for enhanced disaster recovery in aws.1100
Authorea Preprints.1101

Rabindra Lamsal, Maria Rodriguez Read, and Shanika1102
Karunasekera. 2024a. Crisistransformers: Pre-1103
trained language models and sentence encoders for1104
crisis-related social media texts. Knowledge-Based1105
Systems, 296:111916.1106

Rabindra Lamsal, MariaRodriguez Read, Shanika1107
Karunasekera, and Muhammad Imran. 2024b.1108
Crema: Crisis response through computational iden-1109
tification and matching of cross-lingual requests and1110
offers shared on social media. IEEE Transactions on1111
Computational Social Systems.1112

Ben-Xiang Li and Chih-Yuan Chen. 2024. Typhoon- 1113
dig: Distinguishing, identifying and geo-tagging 1114
typhoon-related social media posts in taiwan. In 1115
2024 9th International Conference on Big Data Ana- 1116
lytics (ICBDA), pages 149–156. IEEE. 1117

Hongmin Li, Doina Caragea, and Cornelia Caragea. 1118
2021. Combining self-training with deep learning 1119
for disaster tweet classification. In The 18th interna- 1120
tional conference on information systems for crisis 1121
response and management (ISCRAM 2021). 1122

Rong Li, Lei Zhao, ZhiQiang Xie, Chunhou Ji, Jiamin 1123
Mo, Zhibing Yang, and Yuyun Feng. 2025. Mining 1124
and analyzing the evolution of public opinion in ex- 1125
treme disaster events from social media: A case study 1126
of the 2022 yingde flood in china. Natural Hazards 1127
Review, 26(1):05024015. 1128

Xiangpeng Li, Yuqin Jiang, and Ali Mostafavi. 2023. 1129
Ai-assisted protective action: Study of chatgpt as an 1130
information source for a population facing climate 1131
hazards. arXiv preprint arXiv:2304.06124. 1132

Bruce R Lindsay. 2011. Social media and disasters: 1133
Current uses, future options, and policy considera- 1134
tions. 1135

Gengyin Liu and Huaiyang Zhong. 2023. Harnessing 1136
diverse data for global disaster prediction: A multi- 1137
modal framework. arXiv preprint arXiv:2309.16747. 1138

Junhua Liu, Trisha Singhal, Lucienne TM Blessing, 1139
Kristin L Wood, and Kwan Hui Lim. 2021. Crisis- 1140
bert: a robust transformer for crisis classification and 1141
contextual crisis embedding. In Proceedings of the 1142
32nd ACM conference on hypertext and social media, 1143
pages 133–141. 1144

Zhuoran Liu, Danpei Zhao, and Bo Yuan. 2024. Res- 1145
cueadi: Adaptive disaster interpretation in remote 1146
sensing images with autonomous agents. arXiv 1147
preprint arXiv:2410.13384. 1148

Won Lubin, Choi Min-ji, Choi Ji-hoon, and Bae Byeong- 1149
jun. 2024. Text-to-3d cinemagraphs for generation 1150
of visual content in disaster alerts: A generative ai 1151
framework with llms and diffusion models. JOUR- 1152
NAL OF BROADCAST ENGINEERING, 29(5):662– 1153
675. 1154

Kai Ma, YongJian Tan, Zhong Xie, Qinjun Qiu, and 1155
Siqiong Chen. 2022. Chinese toponym recognition 1156
with variant neural structures from social media mes- 1157
sages based on bert methods. Journal of Geographi- 1158
cal Systems, 24(2):143–169. 1159

Kai Ma, Miao Tian, Yongjian Tan, Qinjun Qiu, Zhong 1160
Xie, and Rong Huang. 2023. Ontology-based bert 1161
model for automated information extraction from 1162
geological hazard reports. Journal of Earth Science, 1163
34(5):1390–1405. 1164

Sreenivasulu Madichetty and Sreekanth Madisetty. 2023. 1165
A roberta based model for identifying the multi- 1166
modal informative tweets during disaster. Multime- 1167
dia Tools and Applications, 82(24):37615–37633. 1168

12



Sreenivasulu Madichetty, Sridevi Muthukumarasamy,1169
and P Jayadev. 2021. Multi-modal classification1170
of twitter data during disasters for humanitarian re-1171
sponse. Journal of ambient intelligence and human-1172
ized computing, 12:10223–10237.1173

Sreenivasulu Madichetty and M Sridevi. 2021. A neural-1174
based approach for detecting the situational informa-1175
tion from twitter during disaster. IEEE Transactions1176
on Computational Social Systems, 8(4):870–880.1177

Muhammad Shahid Iqbal Malik, Muhammad Zeeshan1178
Younas, Mona Mamdouh Jamjoom, and Dmitry I1179
Ignatov. 2024. Categorization of tweets for dam-1180
ages: infrastructure and human damage assessment1181
using fine-tuned bert model. PeerJ Computer Sci-1182
ence, 10:e1859.1183

Satya Pranavi Manthena. 2023. Leveraging tweets for1184
rapid disaster response using bert-bilstm-cnn model.1185

Siambabala Bernard Manyena. 2006. The concept of1186
resilience revisited. Disasters, 30(4):434–450.1187

Rafaela Martelo and Ruo-Qian Wang. 2024. Towards1188
democratized flood risk management: An advanced1189
ai assistant enabled by gpt-4 for enhanced inter-1190
pretability and public engagement. arXiv preprint1191
arXiv:2403.03188.1192

Richard McCreadie and Cody Buntain. 2023. Crisis-1193
facts: building and evaluating crisis timelines.1194

Richard McCreadie, Cody Buntain, and Ian Soboroff.1195
2019. Trec incident streams: Finding actionable1196
information on social media.1197

Emma McDaniel, Samuel Scheele, and Jeff Liu.1198
2024. Zero-shot classification of crisis tweets using1199
instruction-finetuned large language models. arXiv1200
preprint arXiv:2410.00182.1201

Ayaz Mehmood, Muhammad Tayyab Zamir, Muham-1202
mad Asif Ayub, Nasir Ahmad, and Kashif Ah-1203
mad. 2024. A named entity recognition and topic1204
modeling-based solution for locating and better as-1205
sessment of natural disasters in social media. arXiv1206
preprint arXiv:2405.00903.1207

S Mostafa Mousavi, Marc Stogaitis, Tajinder Gadh,1208
Richard M Allen, Alexei Barski, Robert Bosch,1209
Patrick Robertson, Nivetha Thiruverahan, and Young-1210
min Cho. 2024. Gemini & physical world: Large1211
language models can estimate the intensity of earth-1212
quake shaking from multi-modal social media posts.1213
arXiv preprint arXiv:2405.18732.1214

Wisal Mukhtiar, Waliiya Rizwan, Aneela Habib,1215
Yasir Saleem Afridi, Laiq Hasan, and Kashif Ahmad.1216
2023. Relevance classification of flood-related twit-1217
ter posts via multiple transformers. arXiv preprint1218
arXiv:2301.00320.1219

Sumera Naaz, Zain Ul Abedin, and Danish Raza Rizvi.1220
2021. Sequence classification of tweets with transfer1221
learning via bert in the field of disaster management.1222

EAI Endorsed Transactions on Scalable Information 1223
Systems, 8(31):e8–e8. 1224

Dat Quoc Nguyen, Thanh Vu, and Anh Tuan Nguyen. 1225
2020. Bertweet: A pre-trained language model for 1226
english tweets. arXiv preprint arXiv:2005.10200. 1227

Thi Huyen Nguyen and Koustav Rudra. 2022a. Ra- 1228
tionale aware contrastive learning based approach 1229
to classify and summarize crisis-related microblogs. 1230
In Proceedings of the 31st ACM International Con- 1231
ference on Information & Knowledge Management, 1232
pages 1552–1562. 1233

Thi Huyen Nguyen and Koustav Rudra. 2022b. Towards 1234
an interpretable approach to classify and summarize 1235
crisis events from microblogs. In Proceedings of the 1236
ACM Web Conference 2022, pages 3641–3650. 1237

Thi Huyen Nguyen and Koustav Rudra. 2023. Learning 1238
faithful attention for interpretable classification of 1239
crisis-related microblogs under constrained human 1240
budget. In Proceedings of the ACM Web Conference 1241
2023, pages 3959–3967. 1242

Thi Huyen Nguyen, Miroslav Shaltev, and Koustav 1243
Rudra. 2022. Crisicsum: Interpretable classification 1244
and summarization platform for crisis events from 1245
microblogs. In Proceedings of the 31st ACM Inter- 1246
national Conference on Information & Knowledge 1247
Management, pages 4941–4945. 1248

AK Ningsih and AI Hadiana. 2021. Disaster tweets 1249
classification in disaster response using bidirectional 1250
encoder representations from transformer (bert). In 1251
IOP Conference Series: Materials Science and Engi- 1252
neering, volume 1115, page 012032. IOP Publishing. 1253

Alexandra Olteanu, Carlos Castillo, Fernando Diaz, and 1254
Sarah Vieweg. 2014. Crisislex: A lexicon for collect- 1255
ing and filtering microblogged communications in 1256
crises. In Proceedings of the international AAAI con- 1257
ference on web and social media, volume 8, pages 1258
376–385. 1259

Alexandra Olteanu, Sarah Vieweg, and Carlos Castillo. 1260
2015. What to expect when the unexpected hap- 1261
pens: Social media communications across crises. 1262
In Proceedings of the 18th ACM conference on com- 1263
puter supported cooperative work & social comput- 1264
ing, pages 994–1009. 1265

Hakan T Otal and M Abdullah Canbaz. 2024. Ai- 1266
powered crisis response: Streamlining emergency 1267
management with llms. In 2024 IEEE World Fo- 1268
rum on Public Safety Technology (WFPST), pages 1269
104–107. IEEE. 1270

Hakan T Otal, Eric Stern, and M Abdullah Canbaz. 1271
2024. Llm-assisted crisis management: Building 1272
advanced llm platforms for effective emergency re- 1273
sponse and public collaboration. In 2024 IEEE Con- 1274
ference on Artificial Intelligence (CAI), pages 851– 1275
859. IEEE. 1276

13



Tejit Pabari, Beth Tellman, Giannis Karamanolakis,1277
Mitchell Thomas, Max Mauerman, Eugene Wu, Up-1278
manu Lall, Marco Tedesco, Michael S Steckler, Paolo1279
Colosio, et al. 2023. Flood event extraction from1280
news media to support satellite-based flood insurance.1281
arXiv preprint arXiv:2312.14943.1282

Dimitrios Panagopoulos, Adolfo Perrusquia, and Weisi1283
Guo. 2024. Selective exploration and information1284
gathering in search and rescue using hierarchical1285
learning guided by natural language input. arXiv1286
preprint arXiv:2409.13445.1287

Nayan Ranjan Paul, Rakesh Chandra Balabantaray, and1288
Deepak Sahoo. 2023. Fine-tuning transformer-based1289
representations in active learning for labelling crisis1290
dataset of tweets. SN Computer Science, 4(5):553.1291

Jayr Pereira, Robson Fidalgo, Roberto Lotufo, and Ro-1292
drigo Nogueira. 2023. Crisis event social media sum-1293
marization with gpt-3 and neural reranking. In Pro-1294
ceedings of the 20th International ISCRAM Confer-1295
ence, pages 371–384.1296

Courtney J Powers, Ashwin Devaraj, Kaab Ashqeen,1297
Aman Dontula, Amit Joshi, Jayanth Shenoy, and Dhi-1298
raj Murthy. 2023. Using artificial intelligence to1299
identify emergency messages on social media during1300
a natural disaster: A deep learning approach. Inter-1301
national Journal of Information Management Data1302
Insights, 3(1):100164.1303

Maryam Rahnemoonfar, Tashnim Chowdhury, Argho1304
Sarkar, Debvrat Varshney, Masoud Yari, and1305
Robin Roberson Murphy. 2021. Floodnet: A high1306
resolution aerial imagery dataset for post flood scene1307
understanding. IEEE Access, 9:89644–89654.1308

SN Gokul Raj, P Chitra, AK Silesh, and R Lingesh-1309
waran. 2023. Flood severity assessment using dis-1310
tilbert and ner. In Machine Learning and Compu-1311
tational Intelligence Techniques for Data Engineer-1312
ing: Proceedings of the 4th International Confer-1313
ence MISP 2022, Volume 2, volume 998, page 391.1314
Springer Nature.1315

Aabha Ranade, Saurav Telge, and Yash Mate. 2021.1316
Predicting disasters from tweets using glove embed-1317
dings and bert layer classification. In International1318
Advanced Computing Conference, pages 492–503.1319
Springer.1320

Rajat Rawat. 2024. Disasterqa: A benchmark for as-1321
sessing the performance of llms in disaster response.1322
arXiv preprint arXiv:2410.20707.1323

Naina Said, Kashif Ahmad, Michael Riegler, Konstantin1324
Pogorelov, Laiq Hassan, Nasir Ahmad, and Nicola1325
Conci. 2019. Natural disasters detection in social1326
media and satellite imagery: a survey. Multimedia1327
Tools and Applications, 78:31267–31302.1328

Saima Saleem, Nabeela Hasan, Anuradha Khattar,1329
Priti Rai Jain, Tarun Kumar Gupta, and Monica1330
Mehrotra. 2024. Deltran15: A deep lightweight1331
transformer-based framework for multiclass classifi-1332
cation of disaster posts on x. IEEE Access.1333

Cinthia Sánchez, Hernan Sarmiento, Andres Abeliuk, 1334
Jorge Pérez, and Barbara Poblete. 2023. Cross- 1335
lingual and cross-domain crisis classification for low- 1336
resource scenarios. In Proceedings of the Interna- 1337
tional AAAI Conference on Web and Social Media, 1338
volume 17, pages 754–765. 1339

Argho Sarkar, Tashnim Chowdhury, Robin Roberson 1340
Murphy, Aryya Gangopadhyay, and Maryam Rah- 1341
nemoonfar. 2023. Sam-vqa: Supervised attention- 1342
based visual question answering model for post- 1343
disaster damage assessment on remote sensing im- 1344
agery. IEEE Transactions on Geoscience and Remote 1345
Sensing, 61:1–16. 1346

Anita Saroj and Sukomal Pal. 2020. Use of social me- 1347
dia in crisis management: A survey. International 1348
Journal of Disaster Risk Reduction, 48:101584. 1349

Philipp Seeberger and Korbinian Riedhammer. 2024a. 1350
Crisis2sum: An exploratory study on disaster sum- 1351
marization from multiple streams. ISCRAM Proceed- 1352
ings, 21. 1353

Philipp Seeberger and Korbinian Riedhammer. 2024b. 1354
Multi-query focused disaster summarization via 1355
instruction-based prompting. arXiv preprint 1356
arXiv:2402.09008. 1357

Sandeep Sharma, Saurabh Basu, Niraj Kant Kush- 1358
waha, Anugandula Naveen Kumar, and Pankai Ku- 1359
mar Dalela. 2021. Categorizing disaster tweets into 1360
actionable classes for disaster managers: An empiri- 1361
cal analysis on cyclone data. In 2021 International 1362
Conference on Electrical, Computer, Communica- 1363
tions and Mechatronics Engineering (ICECCME), 1364
pages 1–5. IEEE. 1365

Nisha P Shetty, Yash Bijalwan, Pranav Chaudhari, 1366
Jayashree Shetty, and Balachandra Muniyal. 2024. 1367
Disaster assessment from social media using multi- 1368
modal deep learning. Multimedia Tools and Applica- 1369
tions, pages 1–26. 1370

Pardeep Singh, Monika, Bhawna Shishodia, and Satish 1371
Chand. 2022. Twitter-based disaster response frame- 1372
work using electra transformer. In Workshop on Min- 1373
ing Data for Financial Applications, pages 507–516. 1374
Springer. 1375

By Rahul Sood, Geoffrey Stockdale, and Everett M 1376
Rogers. 1987. How the news media operate in natural 1377
disasters. Journal of communication, 37(3):27–41. 1378

Kevin Stowe, Martha Palmer, Jennings Anderson, Ma- 1379
rina Kogan, Leysia Palen, Kenneth M Anderson, 1380
Rebecca Morss, Julie Demuth, and Heather Lazrus. 1381
2018. Developing and evaluating annotation pro- 1382
cedures for twitter data during hazard events. In 1383
Proceedings of the Joint Workshop on Linguistic An- 1384
notation, Multiword Expressions and Constructions 1385
(LAW-MWE-CxG-2018), pages 133–143. 1386

Wenjuan Sun, Paolo Bocchini, and Brian D Davison. 1387
2020. Applications of artificial intelligence for dis- 1388
aster management. Natural Hazards, 103(3):2631– 1389
2689. 1390

14



Yimin Sun, Chao Wang, and Yan Peng. 2023. Unleash-1391
ing the potential of large language model: Zero-shot1392
vqa for flood disaster scenario. In Proceedings of1393
the 4th International Conference on Artificial Intelli-1394
gence and Computer Engineering, pages 368–373.1395

Reem Suwaileh, Tamer Elsayed, Muhammad Imran,1396
and Hassan Sajjad. 2022. When a disaster happens,1397
we are ready: Location mention recognition from1398
crisis tweets. International Journal of Disaster Risk1399
Reduction, 78:103107.1400

Soudabeh Taghian Dinani, Doina Caragea, and Nikesh1401
Gyawali. 2023. Disaster tweet classification using1402
fine-tuned deep learning models versus zero and few-1403
shot large language models. In International Confer-1404
ence on Data Management Technologies and Appli-1405
cations, pages 73–94. Springer.1406

Anthony Meng Huat Tiong, Junnan Li, Boyang Li, Sil-1407
vio Savarese, and Steven CH Hoi. 2022. Plug-and-1408
play vqa: Zero-shot vqa by conjoining large pre-1409
trained models with zero training. arXiv preprint1410
arXiv:2210.08773.1411

Cagri Toraman, Izzet Emre Kucukkaya, Oguzhan Ozce-1412
lik, and Umitcan Sahin. 2023. Tweets under the rub-1413
ble: Detection of messages calling for help in earth-1414
quake disaster. arXiv preprint arXiv:2302.13403.1415

Edgar Marko Trono, Yutaka Arakawa, Morihiko Tamai,1416
and Keiichi Yasumoto. 2015. Dtn mapex: Disaster1417
area mapping through distributed computing over a1418
delay tolerant network. In 2015 Eighth International1419
Conference on Mobile Computing and Ubiquitous1420
Networking (ICMU), pages 179–184. IEEE.1421

Ihsan Ullah, Anum Jamil, Imtiaz Ul Hassan, and Byung-1422
Seo Kim. 2023. Unveiling the power of deep learn-1423
ing: A comparative study of lstm, bert, and gru for1424
disaster tweet classification. IEIE Transactions on1425
Smart Processing & Computing, 12(6):526–534.1426

Sherin R Varghese, Sujitha Juliet, and NS Athish. 2024.1427
Social media text analysis for disaster management1428
using distilbert model. In 2024 international confer-1429
ence on science technology engineering and manage-1430
ment (ICSTEM), pages 1–7. IEEE.1431

Fedor Vitiugin and Carlos Castillo. 2022. Cross-lingual1432
query-based summarization of crisis-related social1433
media: An abstractive approach using transformers.1434
In Proceedings of the 33rd ACM Conference on Hy-1435
pertext and Social Media, pages 21–31.1436

Fedor Vitiugin and Hemant Purohit. 2024. Multilingual1437
serviceability model for detecting and ranking help1438
requests on social media during disasters. In Pro-1439
ceedings of the International AAAI Conference on1440
Web and Social Media, volume 18, pages 1571–1584.1441

Junaid Abdul Wahid, Lei Shi, Yufei Gao, Bei Yang,1442
Lin Wei, Yongcai Tao, Shabir Hussain, Muhammad1443
Ayoub, and Imam Yagoub. 2022. Topic2labels: A1444
framework to annotate and classify the social media1445
data through lda topics and deep learning models for1446

crisis response. Expert Systems with Applications, 1447
195:116562. 1448

Congcong Wang, Paul Nulty, and David Lillis. 1449
2021. Transformer-based multi-task learning for 1450
disaster tweet categorisation. arXiv preprint 1451
arXiv:2110.08010. 1452

Gelan Wang, Yu Liu, Shukai Liu, Ling Zhang, and 1453
Liqun Yang. 2024. Remflow: Rag-enhanced multi- 1454
factor rainfall flooding warning in sponge airports 1455
via large language model. 1456

Jing Wang and Kexin Wang. 2022. Bert-based semi- 1457
supervised domain adaptation for disastrous classifi- 1458
cation. Multimedia Systems, 28(6):2237–2246. 1459

Ethan Weber, Nuria Marzo, Dim P Papadopoulos, Ar- 1460
itro Biswas, Agata Lapedriza, Ferda Ofli, Muham- 1461
mad Imran, and Antonio Torralba. 2020. Detecting 1462
natural disasters, damage, and incidents in the wild. 1463
In Computer Vision–ECCV 2020: 16th European 1464
Conference, Glasgow, UK, August 23–28, 2020, Pro- 1465
ceedings, Part XIX 16, pages 331–350. Springer. 1466

Gwendolyn White and Sadie Liptak. 2024. Small 1467
business continuity and disaster recovery plans us- 1468
ing ai and chatgpt. Issues in Information Systems, 1469
25(4):118–126. 1470

Rohan Singh Wilkho, Shi Chang, and Nasir G 1471
Gharaibeh. 2024. Ff-bert: A bert-based ensemble 1472
for automated classification of web-based text on 1473
flash flood events. Advanced Engineering Informat- 1474
ics, 59:102293. 1475

Kristina Wolf, Dominik Winecki, and Arnab Nandi. 1476
2023. Camera-first form filling: Reducing the fric- 1477
tion in climate hazard reporting. In Proceedings of 1478
the Workshop on Human-In-the-Loop Data Analytics, 1479
pages 1–7. 1480

Zhengrong Wu, Haibo Yang, Yingchun Cai, Bo Yu, 1481
Chuangheng Liang, Zheng Duan, and Qiuhua Liang. 1482
2024. Intelligent monitoring applications of land- 1483
slide disaster knowledge graphs based on chatglm2. 1484
Remote Sensing, 16(21):4056. 1485

Yongqi Xia, Yi Huang, Qianqian Qiu, Xueying Zhang, 1486
Lizhi Miao, and Yixiang Chen. 2024. A question 1487
and answering service of typhoon disasters based on 1488
the t5 large language model. ISPRS International 1489
Journal of Geo-Information, 13(5):165. 1490

Yangxinyu Xie, Bowen Jiang, Tanwi Mallick, 1491
Joshua David Bergerson, John K Hutchison, Du- 1492
ane R Verner, Jordan Branham, M Ross Alexander, 1493
Robert B Ross, Yan Feng, et al. 2024. Wildfiregpt: 1494
Tailored large language model for wildfire analysis. 1495
arXiv preprint arXiv:2402.07877. 1496

Wei Xu, Xuanhua Xu, and Weiwei Zhang. Enhancing 1497
emergency decision making through risk quantifica- 1498
tion and action adjustment of human-llm dual agents. 1499
Available at SSRN 5037356. 1500

15



Futo Yamamoto, Tadahiko Kumamoto, Yu Suzuki, and1501
Akiyo Nadamoto. 2022. Methods of calculating use-1502
fulness ratings of behavioral facilitation tweets in1503
disaster situations. In Proceedings of the 11th Inter-1504
national Symposium on Information and Communi-1505
cation Technology, pages 88–95.1506

Pingjing Yang, Ly Dinh, Alex Stratton, and Jana Diesner.1507
2024. Detection and categorization of needs during1508
crises based on twitter data. In Proceedings of the1509
International AAAI Conference on Web and Social1510
Media, volume 18, pages 1713–1726.1511

Kai Yin, Chengkai Liu, Ali Mostafavi, and Xia Hu.1512
2024. Crisissense-llm: Instruction fine-tuned large1513
language model for multi-label social media text1514
classification in disaster informatics. arXiv preprint1515
arXiv:2406.15477.1516

Chen Yu and Zhiguo Wang. 2024. Multimodal social1517
sensing for the spatio-temporal evolution and assess-1518
ment of nature disasters. Sensors, 24(18):5889.1519

Manzhu Yu, Chaowei Yang, and Yun Li. 2018. Big1520
data in natural disaster management: a review. Geo-1521
sciences, 8(5):165.1522

Faxi Yuan, Chao Fan, Hamed Farahmand, Natalie Cole-1523
man, Amir Esmalian, Cheng-Chun Lee, Flavia I1524
Patrascu, Cheng Zhang, Shangjia Dong, and Ali1525
Mostafavi. 2022. Smart flood resilience: harnessing1526
community-scale big data for predictive flood risk1527
monitoring, rapid impact assessment, and situational1528
awareness. Environmental Research: Infrastructure1529
and Sustainability, 2(2):025006.1530

Hamada M Zahera, Rricha Jalota, Mohamed Ahmed1531
Sherif, and Axel-Cyrille Ngonga Ngomo. 2021. I-1532
aid: identifying actionable information from disaster-1533
related tweets. IEEE Access, 9:118861–118870.1534

Kiran Zahra, Muhammad Imran, and Frank O Oster-1535
mann. 2020. Automatic identification of eyewitness1536
messages on twitter during disasters. Information1537
processing & management, 57(1):102107.1538

Cynthia Zeng and Dimitris Bertsimas. 2023. Global1539
flood prediction: a multimodal machine learning ap-1540
proach. arXiv preprint arXiv:2301.12548.1541

Mengna Zhang, Qisong Huang, and Hua Liu. 2022. A1542
multimodal data analysis approach to social media1543
during natural disasters. Sustainability, 14(9):5536.1544

Min Zhang and Juanle Wang. 2023. Automatic extrac-1545
tion of flooding control knowledge from rich liter-1546
ature texts using deep learning. Applied Sciences,1547
13(4):2115.1548

Qiang Zhang, Keyang Ding, Tianwen Lyv, Xinda Wang,1549
Qingyu Yin, Yiwen Zhang, Jing Yu, Yuhao Wang,1550
Xiaotong Li, Zhuoyi Xiang, et al. 2024a. Scientific1551
large language models: A survey on biological &1552
chemical domains. arXiv preprint arXiv:2401.14656.1553

Xinsheng Zhang and Yulong Ma. 2023. An albert-based 1554
textcnn-hatt hybrid model enhanced with topic knowl- 1555
edge for sentiment analysis of sudden-onset disasters. 1556
Engineering Applications of Artificial Intelligence, 1557
123:106136. 1558

Yan Zhang, Zeqiang Chen, Xiang Zheng, Nengcheng 1559
Chen, and Yongqiang Wang. 2021. Extracting the 1560
location of flooding events in urban systems and an- 1561
alyzing the semantic risk using social sensing data. 1562
Journal of Hydrology, 603:127053. 1563

Yu Zhang, Xiusi Chen, Bowen Jin, Sheng Wang, Shui- 1564
wang Ji, Wei Wang, and Jiawei Han. 2024b. A com- 1565
prehensive survey of scientific large language models 1566
and their applications in scientific discovery. arXiv 1567
preprint arXiv:2406.10833. 1568

Tingting Zhao, Shubo Tian, Jordan Daly, Melissa 1569
Geiger, Minna Jia, and Jinfeng Zhang. 2024. Infor- 1570
mation retrieval and classification of real-time multi- 1571
source hurricane evacuation notices. arXiv preprint 1572
arXiv:2401.06789. 1573

Bing Zhou, Lei Zou, Ali Mostafavi, Binbin Lin, 1574
Mingzheng Yang, Nasir Gharaibeh, Heng Cai, Joynal 1575
Abedin, and Debayan Mandal. 2022. Victimfinder: 1576
Harvesting rescue requests in disaster response from 1577
social media with bert. Computers, Environment and 1578
Urban Systems, 95:101824. 1579

Jinyan Zhou, Xingang Wang, Ning Liu, Xiaoyu Liu, 1580
Jiandong Lv, Xiaomin Li, Hong Zhang, and Rui Cao. 1581
2023a. Visual and linguistic double transformer fu- 1582
sion model for multimodal tweet classification. In 1583
2023 International Joint Conference on Neural Net- 1584
works (IJCNN), pages 1–8. IEEE. 1585

Jinyan Zhou, Xingang Wang, Jiandong Lv, Ning Liu, 1586
Hong Zhang, Rui Cao, Xiaoyu Liu, and Xiaomin Li. 1587
2023b. Public crisis events tweet classification based 1588
on multimodal cycle-gan. In 2023 IEEE Interna- 1589
tional Conference on Systems, Man, and Cybernetics 1590
(SMC), pages 2251–2257. IEEE. 1591

Jun Zhu, Pei Dang, Yungang Cao, Jianbo Lai, Yukun 1592
Guo, Ping Wang, and Weilian Li. 2024. A flood 1593
knowledge-constrained large language model inter- 1594
actable with gis: enhancing public risk perception 1595
of floods. International Journal of Geographical 1596
Information Science, 38(4):603–625. 1597

Abdul Wahab Ziaullah, Ferda Ofli, and Muhammad Im- 1598
ran. 2024. Monitoring critical infrastructure facilities 1599
during disasters using large language models. arXiv 1600
preprint arXiv:2404.14432. 1601

Liwei Zou, Zhi He, Chengle Zhou, and Wenbing Zhu. 1602
2024. Multi-class multi-label classification of so- 1603
cial media texts for typhoon damage assessment: a 1604
two-stage model fully integrating the outputs of the 1605
hidden layers of bert. International Journal of Digi- 1606
tal Earth, 17(1):2348668. 1607

16



Encoder

Classifier

Encoder Image

Flood happens
 at the 14th street

I am trapped! #Flood

Identified Category: Rescue

Classifier
Identified Category: Rescue

I am trapped!
#Flood

Classification

Decoder

The tweet is 
disaster-related about rescue

The tweet is 

Encoder

Classifier

Flood happens
 at the 14th street

DecoderDecoder Image

Flood happens
 at the 14th street

The depth of flood? 

Classify the tweet into 
given categories / 
disaster-related?:

I am trapped! #Flood

The flood depth is 
approximately 1.50 feet

Query: what mitigation
measures should

 we consider for flood?
/ Generate a response plan

We can consider the following
 measures ... / Clear and 

secure the blocked roadway ..

Extraction

Estimation Generation

outside
token

loc
token

Frozen

Fine-tune

Encoder-based LLM

Decoder-based LLM

Multimodal LLM

Encoder

Estimator

I am trapped! #Flood

Usefulness Score: 0.78

Figure 2: Pipeline of major tasks performed by different types of LLMs in disaster management.

A Summary of Papers1608

A.1 Summary Table1609

Table 1 provides a summary of the surveyed papers1610

with their disaster phases, application scenarios,1611

specific tasks, and architecture types.1612

A.2 Pipeline Illustration1613

In this section, we present Figure 2 to illustrate1614

the use of LLMs in disaster management. The1615

figure outlines the major pipelines of three LLM1616

architectures—encoder-based, decoder-based, and1617

multimodal—applied across four task types in1618

our survey: classification, extraction, estimation,1619

and generation, offering critical insights into their1620

mechanisms for disaster management.1621

A.3 Statistics1622

To provide a comprehensive overview of the current1623

state of LLMs in disaster management, we present1624

statistics from the surveyed papers, highlighting a1625

significant gap between the NLP and disaster man-1626

agement communities. This gap underscores the1627

pressing need for better interdisciplinary collabora-1628

tion to bridge the two fields and realize the potential1629

of LLMs in addressing disaster-related challenges.1630

Figure 3 depicts the counts of publications lever-1631

aging existing LLMs and developing new frame-1632

works, which indicates that most studies are heav-1633

ily application-focused, relying on fine-tuning or1634

prompting existing LLMs for disaster management1635

tasks. In addition, while some efforts have yielded1636

valuable insights, the majority of these studies are1637

predominantly concentrated on the response phase 1638

of disaster management, with limited exploration 1639

across other disaster management scenarios. Fig- 1640

ure 4 illustrates the publication distribution across 1641

academic venues, revealing that relatively few dis- 1642

aster management papers are published in NLP or 1643

AI-specific conferences or journals. These findings 1644

reflect limited engagement from the LLM research 1645

community in this domain, highlighting a need to 1646

increase awareness and focus within the field. 1647

B Datasets 1648

Table 2 provides a summary of existing publicly 1649

available datasets. For classification tasks, we ex- 1650

clude datasets limited to a single disaster type that 1651

are already incorporated into comprehensive bench- 1652

marks such as CrisisBench (Alam et al., 2021b). 1653

B.1 Classification Datasets 1654

• CrisisLexT6 (Olteanu et al., 2014): This 1655

dataset is designed for relevance classifica- 1656

tion. It contains data from six crisis events 1657

between October 2012 and July 2013. 1658

• CrisisLexT26 (Olteanu et al., 2015): This 1659

dataset is an updated version of CrisisLexT6, 1660

which contains public data from 26 crisis 1661

events in 2012 and 2013 with relevance in- 1662

formation and six humanitarian categories. 1663

• CrisisNLP (Imran et al., 2016): This dataset 1664

is a large-scale dataset including classes from 1665

humanitarian disaster responses and classes 1666
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related to health emergencies. It is collected1667

from 19 different disaster events that hap-1668

pened between 2013 and 2015.1669

• SWDM2013 (Imran et al., 2013): This dataset1670

is utilized for relevance classification consist-1671

ing of tweets from two events: (i) the Joplin1672

collection contains tweets from the tornado1673

that struck Joplin, Missouri on May 22, 2011;1674

(ii) The Sandy collection contains tweets col-1675

lected from Hurricane Sandy that hit North-1676

eastern US on Oct 29, 2012.1677

• ISCRAM2013 (Imran et al., 2013): This1678

dataset consists of tweets collected from the1679

same events as in SWDM2013, containing1680

both relevance and humanitarian categories.1681

• Disaster Response Data (DRD) (Alam et al.,1682

2021b): This dataset consists of tweets col-1683

lected during various crisis events that took1684

place in 2010 and 2012. This dataset is anno-1685

tated using 36 classes that include relevance1686

as well as humanitarian categories.1687

• Disasters on Social Media (DSM) (Alam1688

et al., 2021b): This dataset comprises 10K1689

tweets annotated with relevance labels.1690

• AIDR (Imran et al., 2014): This dataset con-1691

tains data obtained from the AIDR system on1692

September 25, 2013, collecting tweets using1693

hashtags such as "#earthquake". It is utilized1694

for relevance and humanitarian classification.1695

• CrisisMMD (Alam et al., 2018): This dataset1696

is a multimodal and multitask dataset com-1697

prising 16k labeled tweets and corresponding1698

images. Tweets have been sourced from seven1699

natural disaster events that took place in 2017.1700

Each sample is annotated with relevance, hu-1701

manitarian (eight classes), and damage sever-1702

ity categories (mild, severe, and none).1703

• Multi-Crisis (Sánchez et al., 2023): This1704

dataset was proposed to evaluate transfer1705

learning scenarios where data from high-1706

resource languages (e.g., English) is used to1707

classify messages in low-resource languages1708

(e.g., Spanish, Italian) and unseen crisis do-1709

mains, with relevance and humanitarian cate-1710

gories. It is collected from 7 existing datasets,1711

53 crisis events, and contains 9 domains.1712
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Figure 3: Counts of publications leveraging existing
LLMs and developing new models across four phases.

• CrisisBench (Alam et al., 2021b): This 1713

dataset is a comprehensive benchmark con- 1714

solidated from 9 existing datasets, utilized for 1715

relevance and humanitarian classification. 1716

• Eyewitness Messages (Zahra et al., 2020): 1717

This dataset is proposed to identity disaster 1718

eyewitness related tweets and classifies them 1719

into three types: direct eyewitnesses, indirect 1720

eyewitnesses, and vulnerable eyewitnesses 1721

where people anticipate a disaster and were 1722

present in the region for which disaster warn- 1723

ings were issued. It is comprised of 14k data 1724

from earthquakes, hurricanes, and wildfires. 1725

• TREC Incident Streams (McCreadie et al., 1726

2019): This dataset has been developed as 1727

part of the TREC-IS 2018 evaluation chal- 1728

lenge and consists of 20k tweets labeled for 1729

actionable information identification and in- 1730

formation criticality assessment. 1731

• HumAID (Alam et al., 2021a): This dataset 1732

contains 77k labeled tweets, which are sam- 1733

pled from 24 million tweets collected during 1734

19 disasters between 2016 and 2019, including 1735

hurricanes, earthquakes, wildfires, and floods. 1736

It is balanced in terms of disaster types and 1737

contains 7 humanitarian categories. 1738

• EPIC: This dataset contains data primarily 1739

collected from Hurricane Sandy, including 1740

tweets from 93 users across four annotation 1741

schemes, with data spanning three weeks 1742

around the hurricane’s landfall. It is used for 1743

relevance and humanitarian classification. 1744

B.2 Estimation Datasets 1745

• Did You Feel It (DYFI) (Atkinson and Wald, 1746

2007): This dataset contains ground shaking 1747
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intensity and geographic distribution informa-1748

tion, collected from post-earthquake reports1749

(through 750k online questionnaire responses)1750

from individuals who experienced the event.1751

• FloodDepth (Akinboyewa et al., 2024): This1752

dataset contains 150 flood photos collected1753

online, which is utilized to estimate floodwa-1754

ter depth based on different reference objects,1755

including stop signs, vehicles, and humans.1756

• Behavioral Facilitation (BF) (Yamamoto1757

et al., 2022): This datasets, collected after1758

the 2018 Hokkaido earthquake, contains data1759

labeled with usefulness ratings with respect to1760

behavioral facilitation information.1761

B.3 Extraction Datasets1762

• (Fu et al., 2024): This dataset contains1763

county-level data from news media collected1764

during urban flood events from 2000 to 2022.1765

It is utilized to extract information such as the1766

time and location of disasters.1767

• (Ma et al., 2023): This dataset is used for en-1768

tity and relation extraction, containing 5, 5601769

annotated data, 12, 980 entities, and 6, 895 re-1770

lations, from report during geological hazards.1771

• DisasterMM (Andreadis et al., 2022): This1772

dataset is collected from Twitter by search-1773

ing for flood-related keywords. It comprises1774

two subsets: RCTP, containing 6,672 tweets1775

for relevance classification; LETT, consisting1776

of 4,992 tweets used for location extraction,1777

where words are labeled with “B-LOC” for1778

the first word of a sequence that refers to a1779

location, “I-LOC” for the subsequent word of1780

a sequence that refers to a location, and “O”1781

for any non-location word.1782

• (Suwaileh et al., 2022): This dataset contain 1783

22k crisis-related tweets from several disas- 1784

ters including floods, earthquakes, and hurri- 1785

cane. It is labeled with location-related tags 1786

such as "inLOC" and "outLOC". 1787

• Re´SoCIO (Caillaut et al., 2024): This 1788

dataset is constructed by merging Wikipedia 1789

datasets and multiple disaster-related datasets, 1790

annotated with a set of 9 NER labels with 1791

different types of information. 1792

• (Nguyen and Rudra, 2022a): This dataset 1793

contains tweet data with annotated rationales 1794

from 4 subsets of CrisisNLP. It is utilized for 1795

rationale extraction, and the extracted ratio- 1796

nales can assist in disaster classification. 1797

B.4 Generation Datasets 1798

• (Vitiugin and Castillo, 2022): This dataset 1799

is utilized to generate summaries for various 1800

disaster events, where the ground truth is the 1801

official report of each event. 1802

• CrisisFACTS (McCreadie and Buntain, 1803

2023): This dataset is a multiple-stream 1804

dataset with data related to 8 crisis events 1805

from various platforms. It is utilized to con- 1806

sume daily multi-platform streams and pro- 1807

duce summaries for a given information need, 1808

such as "Have airports closed?". 1809

• DisasterQA (Rawat, 2024): This dataset in- 1810

cludes disaster-related multiple choice ques- 1811

tions from 7 different sources, examples could 1812

be "What causes a tsunami?". 1813

• FFD-IQA (Sun et al., 2023): This dataset 1814

includes 2,058 images and 22,422 question- 1815

meta ground truth pairs related to the safety 1816

of individuals trapped in disaster sites and the 1817

availability of emergency services. In total, 1818

three types of questions are included: free- 1819

form questions, multiple choice questions, 1820

and yes-no questions. 1821

• FloodNet (Rahnemoonfar et al., 2021): The 1822

dataset contains 4,500 question-image pairs 1823

collected after Hurricane Harvey. Questions 1824

are related to the building, road, and the entire 1825

image, and are divided into 4 groups: "Simple 1826

Counting", "Complex Counting", "yes/no", 1827

and "Condition Recognition". 1828
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Table 1: Summary of LLMs in disaster management with their disaster phases, application scenarios, specific tasks,
and architecture types. "Arch": Type of LLM architectures used; "NM": Whether the paper presents novel methods.

Paper Phase Application Task Arch NM

(Chowdhury et al.,
2024)

Mitigation Vulnerability Assessment Vulnerability Classification Decoder No

(Martelo and Wang,
2024)

Mitigation Vulnerability Assessment Answer Generation Decoder Yes

(Fu et al., 2024) Preparedness Public Awareness Enhancement Knowledge Extraction Encoder No
(Zhang and Wang,
2023)

Preparedness Public Awareness Enhancement Knowledge Extraction Encoder No

(Ma et al., 2023) Preparedness Public Awareness Enhancement Knowledge Extraction Encoder Yes
(Wu et al., 2024) Preparedness Public Awareness Enhancement Knowledge Extraction Decoder No
(Hostetter et al., 2024) Preparedness Public Awareness Enhancement Answer Generation Decoder No
(Martelo and Wang,
2024)

Preparedness Public Awareness Enhancement Answer Generation Decoder No

(Li et al., 2023) Preparedness Public Awareness Enhancement Answer Generation Decoder No
(Indra and
Duraipandian, 2023)

Preparedness Disaster Forecast Occurrence Classification Encoder Yes

(Zeng and Bertsimas,
2023)

Preparedness Disaster Forecast Occurrence Classification Multimodal Yes

(Liu and Zhong, 2023) Preparedness Disaster Forecast Occurrence Classification Multimodal Yes
(Wang et al., 2024) Preparedness Disaster Forecast Occurrence Classification Decoder No
(Chandra et al., 2024) Preparedness Disaster Warning Warning Generation Decoder No
(Martelo and Wang,
2024)

Preparedness Disaster Warning Warning Generation Decoder No

(Lubin et al., 2024) Preparedness Disaster Warning Image Generation Multimodal Yes
(Hostetter et al., 2024) Preparedness Evacuation Planning Plan Generation Decoder No
(Ningsih and Hadiana,
2021)

Response Disaster Identification Relevance Classification Encoder No

(Madichetty and
Madisetty, 2023)

Response Disaster Identification Relevance Classification Encoder No

(Singh et al., 2022) Response Disaster Identification Relevance Classification Encoder No
(Ranade et al., 2021) Response Disaster Identification Relevance Classification Encoder No
(Powers et al., 2023) Response Disaster Identification Relevance Classification Encoder No
(Jain et al., 2019) Response Disaster Identification Relevance Classification Encoder No
(Duraisamy and
Natarajan, 2024)

Response Disaster Identification Relevance Classification Encoder No

(Ullah et al., 2023) Response Disaster Identification Relevance Classification Encoder No
(Li and Chen, 2024) Response Disaster Identification Relevance Classification Encoder No
(Zhao et al., 2024) Response Disaster Identification Relevance Classification Encoder No
(Karanjit et al., 2024) Response Disaster Identification Relevance Classification Encoder No
(Pabari et al., 2023) Response Disaster Identification Relevance Classification Encoder No
(de Bruijn et al., 2019) Response Disaster Identification Relevance Classification Encoder No
(Zhao et al., 2024) Response Disaster Identification Relevance Classification Encoder No
(Wang et al., 2021) Response Disaster Identification Relevance Classification Encoder No
(Habib et al., 2024) Response Disaster Identification Relevance Classification Encoder No
(Liu et al., 2021) Response Disaster Identification Relevance Classification Encoder No
(Fontalis et al., 2023) Response Disaster Identification Relevance Classification Encoder No
(Mehmood et al., 2024) Response Disaster Identification Relevance Classification Encoder No
(Paul et al., 2023) Response Disaster Identification Relevance Classification Encoder Yes
(Lamsal et al., 2024a) Response Disaster Identification Relevance Classification Encoder Yes
(Manthena, 2023) Response Disaster Identification Relevance Classification Encoder Yes
(Danday and Murthy,
2022)

Response Disaster Identification Relevance Classification Encoder Yes

(Ghosh et al., 2022) Response Disaster Identification Relevance Classification Encoder Yes
(Taghian Dinani et al.,
2023)

Response Disaster Identification Relevance Classification Decoder No

(Kamoji et al., 2023) Response Disaster Identification Relevance Classification Multimodal Yes
(Madichetty et al.,
2021)

Response Disaster Identification Relevance Classification Multimodal Yes

(Koshy and Elango,
2023)

Response Disaster Identification Relevance Classification Multimodal Yes

(Shetty et al., 2024) Response Disaster Identification Relevance Classification Multimodal Yes
(Zhou et al., 2023b) Response Disaster Identification Relevance Classification Multimodal Yes
(Yu and Wang, 2024) Response Disaster Identification Relevance Classification Multimodal Yes
(Zhang et al., 2022) Response Disaster Identification Relevance Classification Multimodal Yes
(Kota et al., 2022) Response Disaster Identification Relevance Classification Multimodal Yes
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Paper Phase Application Task Arch NM

(Wang and Wang, 2022) Response Disaster Identification Relevance Classification Multimodal Yes
(Hanif et al., 2023) Response Disaster Identification Relevance Classification Multimodal Yes
(Jang et al., 2024) Response Disaster Identification Relevance Classification Multimodal Yes
(Madichetty and
Sridevi, 2021)

Response Disaster Situation Assessment Situation Classification Encoder Yes

(Raj et al., 2023) Response Disaster Situation Assessment Situation Classification Encoder Yes
(Kanth et al., 2022) Response Disaster Situation Assessment Situation Classification Multimodal Yes
(Mousavi et al., 2024) Response Disaster Situation Assessment Severity Estimation Decoder No
(Akinboyewa et al.,
2024)

Response Disaster Situation Assessment Severity Estimation Multimodal No

(Hu and Rahnemoonfar,
2024)

Response Disaster Situation Assessment Description Generation Multimodal No

(Wolf et al., 2023) Response Disaster Situation Assessment Description Generation Multimodal No
(Yamamoto et al., 2022) Response Disaster Information Coordination Usefulness Estimation Encoder No
(Blomeier et al., 2024) Response Disaster Information Coordination Relevance Classification Encoder No
(Adesokan et al., 2023) Response Disaster Information Coordination Information Classification Encoder No
(Wahid et al., 2022) Response Disaster Information Coordination Information Classification Encoder No
(Chandrakala and Raj,
2022)

Response Disaster Information Coordination Information Classification Encoder No

(Naaz et al., 2021) Response Disaster Information Coordination Information Classification Encoder No
(Du et al., 2023) Response Disaster Information Coordination Information Classification Encoder No
(Adesokan et al., 2023) Response Disaster Information Coordination Information Classification Encoder No
(Han et al., 2024b) Response Disaster Information Coordination Information Classification Encoder No
(Sharma et al., 2021) Response Disaster Information Coordination Information Classification Encoder No
(Yuan et al., 2022) Response Disaster Information Coordination Information Classification Encoder No
(Liu et al., 2021) Response Disaster Information Coordination Information Classification Encoder No
(Boros et al., 2022) Response Disaster Information Coordination Information Classification Encoder Yes
(Li et al., 2021) Response Disaster Information Coordination Information Classification Encoder Yes
(Zou et al., 2024) Response Disaster Information Coordination Information Classification Encoder Yes
(Zahera et al., 2021) Response Disaster Information Coordination Information Classification Encoder Yes
(Wilkho et al., 2024) Response Disaster Information Coordination Information Classification Encoder Yes
(Nguyen and Rudra,
2022b)

Response Disaster Information Coordination Information Classification Encoder Yes

(Nguyen and Rudra,
2023)

Response Disaster Information Coordination Information Classification Encoder Yes

(Nguyen and Rudra,
2022a)

Response Disaster Information Coordination Information Classification Encoder Yes

(Otal and Canbaz,
2024)

Response Disaster Information Coordination Information Classification Decoder No

(Yin et al., 2024) Response Disaster Information Coordination Information Classification Decoder No
(Dinani et al., 2024) Response Disaster Information Coordination Information Classification Decoder No
(Zhang et al., 2022) Response Disaster Information Coordination Information Classification Multimodal Yes
(Yu and Wang, 2024) Response Disaster Information Coordination Information Classification Multimodal Yes
(Shetty et al., 2024) Response Disaster Information Coordination Information Classification Multimodal Yes
(Abavisani et al., 2020) Response Disaster Information Coordination Information Classification Multimodal Yes
(Zhou et al., 2023a) Response Disaster Information Coordination Information Classification Multimodal Yes
(Basit et al., 2023) Response Disaster Information Coordination Information Classification Multimodal Yes
(Yang et al., 2024) Response Disaster Information Coordination Need Classification Encoder No
(Toraman et al., 2023) Response Disaster Information Coordination Need Classification Encoder No
(Zhou et al., 2022) Response Disaster Information Coordination Need Classification Encoder No
(Vitiugin and Purohit,
2024)

Response Disaster Information Coordination Need Classification Encoder Yes

(Conneau, 2019) Response Disaster Information Coordination Need Classification Encoder Yes
(Lamsal et al., 2024b) Response Disaster Information Coordination Need Classification Encoder Yes
(Mehmood et al., 2024) Response Disaster Information Coordination Location Extraction Encoder No
(Suwaileh et al., 2022) Response Disaster Information Coordination Location Extraction Encoder No
(Koshy and Elango,
2024)

Response Disaster Information Coordination Location Extraction Encoder Yes

(Ma et al., 2022) Response Disaster Information Coordination Location Extraction Encoder Yes
(Zhang et al., 2021) Response Disaster Information Coordination Location Extraction Encoder Yes
(Caillaut et al., 2024) Response Disaster Information Coordination Location Extraction Encoder Yes
(Yu and Wang, 2024) Response Disaster Information Coordination Location Extraction Decoder No
(Hu et al., 2023) Response Disaster Information Coordination Location Extraction Decoder No
(Firmansyah et al.,
2024)

Response Disaster Information Coordination Location Extraction Decoder No

(Nguyen and Rudra,
2022a)

Response Disaster Information Coordination Summary Extraction Encoder Yes

(Nguyen et al., 2022) Response Disaster Information Coordination Summary Extraction Encoder Yes
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(Garg et al., 2024) Response Disaster Information Coordination Summary Extraction Encoder Yes
(Vitiugin and Castillo,
2022)

Response Disaster Information Coordination Summary Extraction Decoder Yes

(Colverd et al., 2023) Response Disaster Information Coordination Report Generation Decoder No
(Pereira et al., 2023) Response Disaster Information Coordination Report Generation Decoder No
(Seeberger and
Riedhammer, 2024b)

Response Disaster Information Coordination Report Generation Decoder Yes

(Seeberger and
Riedhammer, 2024a)

Response Disaster Information Coordination Report Generation Decoder Yes

(Goecks and
Waytowich, 2023)

Response Disaster Rescuing Plan Generation Decoder No

(Panagopoulos et al.,
2024)

Response Disaster Rescuing Code Generation Decoder No

(Rawat, 2024) Response Disaster Issue Consultation Answer Generation Decoder No
(Chen and Fang, 2024) Response Disaster Issue Consultation Answer Generation Decoder No
(Xie et al., 2024) Response Disaster Issue Consultation Answer Generation Decoder No
(Chen et al., 2024) Response Disaster Issue Consultation Answer Generation Decoder Yes
(Xia et al., 2024) Response Disaster Issue Consultation Answer Generation Decoder Yes
(Sun et al., 2023) Response Disaster Issue Consultation Answer Generation Multimodal No
(Liu et al., 2024) Response Disaster Issue Consultation Answer Generation Multimodal Yes
(Kumbam and Vejre,
2024)

Response Disaster Issue Consultation Answer Generation Multimodal Yes

(Malik et al., 2024) Recovery Disaster Impact Assessment Damage Classification Encoder No
(Chen and Lim, 2021) Recovery Disaster Impact Assessment Damage Classification Encoder No
(Jeba et al., 2024) Recovery Disaster Impact Assessment Damage Classification Encoder No
(Zou et al., 2024) Recovery Disaster Impact Assessment Damage Classification Encoder Yes
(Chen and Lim, 2021) Recovery Disaster Impact Assessment Damage Estimation Encoder Yes
(Ziaullah et al., 2024) Recovery Disaster Impact Assessment Answer Generation Decoder No
(Estêvão, 2024) Recovery Disaster Impact Assessment Answer Generation Multimodal No
(Sarkar et al., 2023) Recovery Disaster Impact Assessment Answer Generation Multimodal No
(Alsan and Arsan,
2023)

Recovery Disaster Impact Assessment Answer Generation Multimodal No

(Hou and Xu, 2022) Recovery Disaster Impact Assessment Statistic Extraction Decoder No
(Han et al., 2024a) Recovery Disaster Impact Assessment Sentiment Classification Encoder No
(Alharm and Naim) Recovery Disaster Impact Assessment Sentiment Classification Encoder No
(Zhang and Ma, 2023) Recovery Disaster Impact Assessment Sentiment Classification Encoder No
(Varghese et al., 2024) Recovery Disaster Impact Assessment Sentiment Classification Encoder No
(Berbère et al., 2023) Recovery Disaster Impact Assessment Sentiment Classification Encoder No
(Li et al., 2025) Recovery Disaster Impact Assessment Sentiment Classification Decoder No
(White and Liptak,
2024)

Recovery Recovery Plan Generation Plan Generation Decoder No

(Lakhera, 2024) Recovery Recovery Plan Generation Plan Generation Decoder No
(CONTRERAS et al.) Recovery Recovery Process Tracking Sentiment Classification Encoder No

Table 2: Summary of publicly available datasets utilized in disaster management. For Application, "DI": Disaster
Identification; "DInf": Disaster Information Coordination; "DIC": Disaster Issue Consultation; "DSA": Disaster
Situation Assessment; "PAE": Public Awareness Enhancement; "DIA": Disaster Impact Assessment. For Disaster
Type, "Mix" denotes the datasets contain various types of disasters.

Dataset Phase Application Task Disaster Type Modality Used in #Sample

CrisisLexT6 (Olteanu
et al., 2014)

Response DI Classification Mix Text (McDaniel
et al., 2024)

60,082

CrisisLexT26 (Olteanu
et al., 2015)

Response DI, DInf Classification Mix Text (McDaniel
et al., 2024)

27,933

CrisisNLP (Imran
et al., 2016)

Response DI, DInf Classification Mix Text (Taghian Di-
nani et al.,
2023)

52,656

SWDM13 (Imran
et al., 2013)

Response DI, DInf Classification Mix Text (McDaniel
et al., 2024)

1,543

ISCRAM2013 (Im-
ran et al., 2013)

Response DI, DInf Classification Mix Text (McDaniel
et al., 2024)

3,617

DRD (Alam et al.,
2021b)

Response DI, DInf Classification Mix Text (McDaniel
et al., 2024)

26,235
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DSM (Alam et al.,
2021b)

Response DI Classification Mix Text (McDaniel
et al., 2024)

10,876

AIDR (Imran et al.,
2014)

Response DI, DInf Classification Mix Text (McDaniel
et al., 2024)

7,411

CrisisMMD (Alam
et al., 2018)

Response DI, DInf Classification Mix Text,
Image

(Jain et al.,
2024)

16,058

Multi-
Crisis (Sánchez
et al., 2023)

Response DI, DInf Classification Mix Text (Sánchez
et al., 2023)

164,625

CrisisBench (Alam
et al., 2021b)

Response DI, DInf Classification Mix Text (McDaniel
et al., 2024)

109,796

Eyewitness
Messages (Zahra
et al., 2020)

Response DInf Classification Mix Text (Zahra
et al., 2020)

14,000

TREC Incident
Streams (Mc-
Creadie et al.,
2019)

Response DI, DInf Classification Mix Text (Khattar
and Quadri,
2022)

19,784

HumAID (Alam
et al., 2021a)

Response DInf Classification Mix Text (Basit et al.,
2023)

77,000

EPIC (Stowe et al.,
2018)

Response DI, DInf Classification Mix Text (Adesokan
et al., 2023)

3469

Did You Feel It
(DYFI) (Mousavi
et al., 2024)

Response DSA Estimation Earthquake Text (Mousavi
et al., 2024)

750,000

FloodDepth (Akin-
boyewa et al., 2024)

Response DSA Estimation Flood Text,
Image

(Akinboyewa
et al., 2024)

150

Behavioral
Facilitation
(BF) (Yamamoto
et al., 2022)

Response DInf Estimation Earthquake Text (Yamamoto
et al., 2022)

1,400

(Fu et al., 2024) Preparedness PAE Extraction Flood Text (Fu et al.,
2024)

633

(Ma et al., 2023) Preparedness PAE Extraction Landslide Text (Ma et al.,
2023)

5,560

DisasterMM (An-
dreadis et al., 2022)

Response DI, DInf Classification,
Extraction

Flood Text (Mehmood
et al., 2024)

6,672,
4,992

(Suwaileh et al.,
2022)

Response DInf Extraction Mix Text (Suwaileh
et al., 2022)

22,137

Re´SoCIO (Cail-
laut et al., 2024)

Response DInf Extraction Flood Text (Caillaut
et al., 2024)

4,617

(Nguyen and
Rudra, 2022a)

Response DInf Extraction Mix Text (Nguyen
and Rudra,
2022a)

32

(Vitiugin and
Castillo, 2022)

Response DInf Generation Mix Text (Vitiugin
and
Castillo,
2022)

5,791

CrisisFACTS (Mc-
Creadie and
Buntain, 2023)

Response DIC Generation Mix Text (Pereira
et al., 2023)

748,466

DisasterQA (Rawat,
2024)

Response PAE, DIC Generation Mix Text (Rawat,
2024)

707

FFD-IQA (Sun
et al., 2023)

Response DIC Generation Flood Text,
Image

(Sun et al.,
2023)

22,422

FloodNet (Rah-
nemoonfar et al.,
2021)

Recovery DIA Generation Flood Text,
Image

(Sarkar
et al., 2023)

4,500

23
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