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Abstract

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

1 Introduction

Natural disasters have become increasingly fre-
quent and severe, posing unprecedented threats
to human life, infrastructure, and the environ-
ment (Manyena, 2006; Yu et al., 2018; Chaudhary
and Piracha, 2021). The 2010 Haiti earthquake, for
instance, led to more than 200,000 fatalities and
widespread infrastructure devastation (DesRoches
et al., 2011). Similarly, the 2020 Australian bush-
fires have resulted in the deaths of at least 33
people and an estimated one billion animals (Deb
et al., 2020). The profound impacts of such catas-
trophic events have highlighted the urgent need
for effective disaster management strategies. Re-
cently, large language models (LLMs) have revo-
lutionized the scientific research area due to their
unparalleled abilities in contextual understanding,
logical generation, and complex problem-solving
with textual data and data from various modali-
ties (Zhang et al., 2024b,a). These capabilities

make LL.Ms well-suited for natural disaster man-
agement, with models capable of analyzing vast
disaster real-time data, facilitating dynamic com-
munication with affected communities, and sup-
porting critical decision-making (Otal et al., 2024).
Despite the potential of LL.Ms in disaster man-
agement, a systematic review is still missing. This
absence hinders researchers and practitioners from
identify best practices, uncovering research gaps,
and optimizing the deployment of LLM:s for effec-
tively addressing disaster-related challenges. To ad-
dress this gap, this paper systematically surveys the
applications of LLMs based on three types of archi-
tectures across the four disaster phases: mitigation,
preparedness, response, and recovery. We then pro-
pose a novel taxonomy that integrates application
scenarios, specific tasks, and the architectures of
models addressing these tasks. Furthermore, we
summarize publicly available datasets, identify key
challenges, and investigate avenues for improving
the effectiveness, efficiency, and trustworthiness
of LLMs. This review aims to inspire and guide
Al researchers, policymakers, and practitioners to-
wards developing LLM-aided disaster management
frameworks. Our contributions are listed below:

* We systematically introduce the current ex-
plorations handling disaster management with
LLMs across four disaster phases.

* We propose a taxonomy integrating applica-
tion scenarios, tasks, and model architectures,
offering practical and technical insights.

* We collect key resources such as public
datasets and highlight the current challenges
and future research opportunities.

2 Background

Disaster management is a multidisciplinary field
focused on coordinating resources, expertise, and
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Figure 1: Taxonomy of applications of LLMs in disaster management. This survey categorizes the utilization of
LLM:s 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-
creasingly severe disasters, minimizing immediate
damage while fostering long-term resilience and
adaptive recovery. Disaster management consists
of four interconnected phases (Sun et al., 2020):

» Mitigation. This phase involves identifying
risks and vulnerabilities and implementing
proactive measures for disaster prevention.

* Preparedness. This phase includes compre-
hensive planning and public education to en-
sure readiness for upcoming disasters.

* Response. This phase identifies and addresses
immediate needs during a disaster, including
rescue and resource distribution.

* Recovery. This phase involves rebuilding af-
fected areas, addressing both physical and so-
cial impacts to facilitate a return to normalcy.

In general, LLMs are able to serve as a general-
purpose foundation for building specialized Al
tools in disaster management. Here, we catego-
rize LLM architectures into: (1) encoder-based
LLM (e.g., BERT (Devlin, 2018)) primarily for
extracting textual features for downstream tasks;

(2) decoder-based LLM (e.g., GPT (Brown, 2020))
for text generation from given textual queries; (3)
multimodal LLMs that integrate multiple modali-
ties via alignment (Tiong et al., 2022) or feature
fusion (Madichetty et al., 2021). For disaster man-
agement, downstream tasks usually include classi-
fication (e.g., disaster detection), estimation (e.g.,
severity estimation), extraction (e.g., knowledge
extraction), and generation (e.g., report generation).
Techniques such as fine-tuning, prompting, and ad-
ditional adapters are commonly employed to adapt
LLMs for specific downstream applications.

3 LLM For Disaster Management

Foundation models can be applied to four phases
of disaster management, namely mitigation, pre-
paredness, response, and recovery. For each phase,
works are organized by application scenarios, tasks,
and model architectures. We present the taxonomy
in Figure 1 and summaries in Appendix A.

3.1 Disaster Mitigation

Assessing vulnerabilities is a critical aspect of dis-
aster mitigation, where LLMs have shown promis-
ing potential. This process typically involves identi-
fying and analyzing infrastructure or communities



that are susceptible to disasters.

Vulnerability Classification. Infrastructure Om-
budsman has compared the supervised classifi-
cation with encoder-based LLMs and zero-shot
prompt learning with decoder-based LLMs in
detecting specific types of concerns about po-
tential infrastructure failures from social media
data (Chowdhury et al., 2024), facilitating decision-
makers in effectively prioritizing resources.
Answer Generation. Apart from the infrastruc-
ture vulnerability, decoder-based LLMs can as-
sist in answering community vulnerability-related
queries based on retrieval of social vulnerability
index (SVI) (Martelo and Wang, 2024).

3.2 Disaster Preparedness

In the long term, LLMs can play a pivotal role
in disaster preparation via (1) public awareness
enhancement and consistent (2) disaster forecast.
Building on the forecasts, LLMs can support
decision-makers in issuing (3) disaster warnings
to the public, which can enhance preparedness in
the short term. Furthermore, LLMs can assist in
well-structured (4) evacuation planning, ensuring
safe relocation of individuals and property.

3.2.1 Public Awareness Enhancement

It is critical to enhance public awareness regard-
ing disasters by providing insights and knowledge
extracted from previous disaster experiences.
Knowledge Extraction. Encoder-based LLMs
are particularly valuable due to their exceptional
knowledge extraction capabilities. BERT has been
fine-tuned to extract disaster-related knowledge
from news and social media (Fu et al., 2024), and
extensive literature (Zhang and Wang, 2023). To
enhance the logical coherence of extracted entities,
Ma et al. propose BERT-BiGRU-CRF for name
entity and relation recognition (NER) to construct
disaster knowledge graphs (Ma et al., 2023). With
enhanced reasoning ability, decoder-based LLMs
have been utilized, where ChatGLM?2 is fine-tuned
to extract knowledge triplets from documents to
construct a knowledge graph (Wu et al., 2024).
Answer Generation. The derived knowledge
could be incorporated in decoder-based LLMs’
prompts, which could facilitate answering wild-
fire (Hostetter et al., 2024) and flood risk-related
questions (Martelo and Wang, 2024), and offering
personalized mitigation guidance (Li et al., 2023).
In addition, techniques such as retrieval-augmented
generation (RAG) have been utilized for knowledge

incorporation, with knowledge retrieved from flood
and geographic information system (GIS) knowl-
edge graph (Zhu et al., 2024).

3.2.2 Disaster Forecast

Effective disaster preparedness also hinges on accu-
rate and robust forecasting and risk level prediction.
Occurrence Classification. With their extensive
internal knowledge, encoder-based LLMs have
proven to be powerful tools for classification-based
disaster forecasting. For instance, Indra et al.
streamline BERT, GRU, and CNN to anticipate dis-
aster (Indra and Duraipandian, 2023), improving
their ability to capture temporal dependencies and
local patterns in large-scale social media text. How-
ever, textual data is limited due to its subjective
and imprecise nature, which leads to multimodal
LLMs integrating various data modalities. Zeng et
al. combine historical flood data and BERT embed-
dings extracted from geographical description, then
utilize XGBoost to predict the disaster risk (Zeng
and Bertsimas, 2023). Debata et al. further ex-
tract features from statistical data with k-nearest
neighbors (KNN) for better incorporation. Further
advancements incorporate additional satellite im-
agery features derived from ResNet for more infor-
mative disaster prediction (Liu and Zhong, 2023).
To facilitate disaster risk prediction with explicit ex-
ternal knowledge, decoder-based LLMs have been
utilized with RAG to retrieve historical flood data
from disaster knowledge base to derive risk level
and action recommendation (Wang et al., 2024).

3.2.3 Disaster Warning

Once a disaster has been foreseen, timely warnings
and suggestions are crucial to public safety.
Warning Generation. Decoder-based LLMs have
been a valuable tool in generating clear warn-
ing messages from rule-based alerts derived from
streaming data (Chandra et al., 2024), significantly
enhancing the responsiveness of warning systems.
In addition, LLMs have been utilized to retrieve dis-
aster alerts from National Weather Service’s API
to provide detailed, real-time information about
upcoming disaster (Martelo and Wang, 2024).
Image Generation In addition to textual warn-
ings, visual warnings can convey vivid descriptions,
reaching a broader audience. To achieve this, mul-
timodal LLMs enhanced by diffusion-based text-to-
image generative models can produce vivid visual
representations of impending disasters (Lubin et al.,
2024), improving the clarity of alerts.



3.2.4 Evacuation Planning

Plan Generation To ensure the safety of indi-
viduals and properties, structured evacuation plans
have been developed. Leveraging the exceptional
reasoning capabilities, decoder-based LLMs have
been prompted to plan escapes and provide evac-
uation suggestions (Hostetter et al., 2024), thus
enhancing public safety against incoming disasters.

3.3 Disaster Response

With accurate and real-time (1) disaster identifica-
tion and (2) situation assessment, decision makers
can gain essential knowledge to form a response ba-
sis. In addition, LLM can facilitate the (3) disaster
information coordination, thus boosting a collabo-
rative disaster response among stakeholders. Con-
sequently, decision makers can execute effective
actions empowered by LLMs, such as (4) disaster
rescue, and offering (5) disaster issue consultation.

3.3.1 Disaster Identification

Effective disaster response begins with accurate
and real-time identification to enable efficient in-
terventions (Said et al., 2019; Weber et al., 2020),
with social media serving as a valuable avenue by
providing real-time updates from affected individu-
als (Anderson, 2016; Trono et al., 2015).
Relevance Classification. Leveraging their ad-
vanced capabilities, LLMs have become prominent
disaster detection tools, particularly by performing
binary classification for disaster-related posts.

Encoder-based LLMs, with a trainable adapter
appended, are widely utilized in this application
via fine-tuning (Ningsih and Hadiana, 2021; Singh
etal., 2022). Beyond fine-tuning existing LLMs, re-
searchers have developed novel techniques tailored
to specific disaster contexts. CrisisTransformers
has pre-trained transformers initialized randomly or
with RoBERTa weights on a large dataset with mil-
lions of crisis-related tweets before fine-tuning for
specific downstream tasks (Lamsal et al., 2024a),
thus enhancing extensive disaster knowledge in-
corporation. Additionally, Paul et al. tackle the
challenge of limited labeled data by incorporating
active learning, which fine-tunes transformer-based
representations to prioritize the labeling of the most
informative samples (Paul et al., 2023).

More innovations focus on framework design,
where ensemble models have been employed to
integrate the strengths of various LLMs (Mukhtiar
et al., 2023). Furthermore, additive modifications
also enhance LLMs. For instance, several studies

append CNN and att-BiLSTM to capture temporal
dependencies and local patterns (Manthena, 2023).
In addition, graph neural networks (GNN) can en-
hance word relation modeling. For instance, Dan-
day et al. construct a word relationship graph from
DistilBERT embeddings, which are sent to GNN
for classification (Danday and Murthy, 2022). For
better modality fusion, GNom integrates graph fea-
tures derived from multilingual word graphs and
BERT text embeddings with a novel cross-attention
mechanism (Ghosh et al., 2022).

In addition, advanced decoder-based LLMs such
as Llama-2 and GPT-4 demonstrate exceptional
contextual understanding ability, being prompted
for classification (Taghian Dinani et al., 2023).

Image data also offer valuable insights, where
multimodal LLMs—combining text and other
images—has emerged as a promising approach,
enhancing the accuracy of disaster identification.
Several approaches combine text features from
encoder-based LLMs and image features by ag-
gregation (Kamoji et al., 2023; Madichetty et al.,
2021). In addition, Koshy et al. append a BiILSTM
module after RoOBERTa for better sequential model-
ing (Koshy and Elango, 2023). To improve modal-
ity alignment, Shetty et al. utilize the attention
mechanism to fuse text and image features (Shetty
et al., 2024), while Zhou et al. adopt a Cycle-
GAN with mixed fusion strategy to address the
multimodal heterogeneity challenges (Zhou et al.,
2023b). Beyond modality alignment, aligning fea-
tures across various disaster events is critical in
label-scarce scenarios. Jang et al. introduce a semi-
supervised minimax entropy domain adaptation
framework unifying multimodal features from vari-
ous disaster events, enabling generalization across
diverse contexts (Wang and Wang, 2022). To com-
bine strengths of diverse LLMs and visual models,
the ensemble is further utilized (Hanif et al., 2023).

In addition to social media data, other real-time
data sources, such as satellite imagery and news
articles, can also provide valuable insights. For
instance, Jang et al. utilize ResNet to process satel-
lite images and BERT to process descriptions of
the disasters from news (Jang et al., 2024).

3.3.2 Disaster Situation Assessment

After identifying a disaster, evaluating its severity
and spread is crucial for response strategies. This
information is often embedded in textual data, such
as social media posts reporting situation (Saroj and
Pal, 2020), and news reports offering precise de-



scriptions (Houston et al., 2012; Sood et al., 1987).
Situation Classification. Madichetty et al. fine-
tune encoder-based LLMs to identify situational
posts (Madichetty and Sridevi, 2021), combining
the RoOBERTa and SVM representations for binary
classification. Raj et al. utilize BERT to filter
disaster-related tweets, followed by NER to extract
locations, with location counts indicating disaster
severity (Raj et al., 2023). In addition, visual data
from the web and satellites is also integrated and
processed by multimodal LLMs to enhance the dis-
aster assessment. Kanth et al. utilize BERT and
CNN to filter disaster-related tweets and classify
the disaster severity based on the images associated
with informative tweets (Kanth et al., 2022).
Severity Estimation. Classification only offers
a coarse understanding, while severity estimation
provides precise quantitative insights. Mousavi et
al. utilize chain-of-thoughts (CoT) prompting on
decoder-based LLMs (e.g. Gemini) to estimate the
earthquake intensity as Modified Mercalli Intensity
(MMI) values (Mousavi et al., 2024). In addition,
multimodal LLMs can be utilized to perform image-
related estimation. For instance, FloodDepth-GPT
uses prompts to guide GPT-4 to estimate the flood-
water depth of the floodwater (Akinboyewa et al.,
2024) from flood images and descriptions.
Description Generation. Beyond categorical and
statistical descriptions, multi-modal LLMs can gen-
erate more comprehensible textual situational de-
scriptions. For instance, GPT-4V is prompted to
translate situational images to descriptions (Hu and
Rahnemoonfar, 2024), while Wolf et al. prompts
GPT-4 to generate assessment descriptions (Wolf
et al., 2023) with disaster image data.

3.3.3 Disaster Information Coordination

Coordinating disaster-related information is essen-
tial for an organized, collaborative response (Com-
fort et al., 2004; Bharosa et al., 2010). Social media
plays a pivotal role, with individuals sharing posts
on warnings, needs, and other types of informa-
tion (Lindsay, 2011; Imran et al., 2015).
Usefulness Estimation. To enhance the accessibil-
ity of useful information, Yamamoto et al. leverage
encoder-base LLMs (e.g. BERT and RoBERTa) to
filter informative tweets by calculating usefulness
ratings (Yamamoto et al., 2022).

Relevance Classification. However, it requires a
pre-defined threshold to determine tweet relevance.
Several studies fine-tune encoder-based LLMs for
binary relevance classification, which can also be

regarded as disaster identification. Furthermore,
BERT is applied to classify posts by relevance with
multiple relevance levels (Blomeier et al., 2024).

Information Classification. To facilitate infor-
mation dissemination, several studies fine-tuned
encoder-based LLMs to classify posts by informa-
tion types, including actionable types such as "im-
portant for managers" (Sharma et al., 2021); hu-
manitarian types such as "Injured people" (Yuan
et al., 2022); and disaster types (Liu et al., 2021).

Several studies introduce advanced techniques
to improve performance, with some focusing on
augmenting data. Boros et al. augment tweets with
hashtags and entities, leveraging RoBERTa for clas-
sification and tweet prioritizing (Boros et al., 2022).
Addressing data label scarcity, Li et al. introduce
self-training with BerTweet (Nguyen et al., 2020)
soft-labeling data for training (Li et al., 2021).

Novel frameworks have been introduced to im-
prove performance. For instance, Zou et al. utilize
a BERT-Bi-LSTM-CNN model to classify tweets
into damage types (Zou et al., 2024), with better
abilities in capturing temporal dependencies and
local patterns. In addition, Zahera et al. utilize a
graph attention network (GAT) to capture correla-
tions between tweet embeddings and information
types (Zahera et al., 2021). Furthermore, FF-BERT
combines model strengths with an ensemble of
BERT and CNN (Wilkho et al., 2024).

Other works enhance LLMs by introducing in-
ductive bias. Nguyen et al. leverage BERTweet
to extract rationales (classification supporting ev-
idence) from tweets for humanitarian classifica-
tion (Nguyen and Rudra, 2022b) and integrate
them with attention mechanisms for better fu-
sion (Nguyen and Rudra, 2023). RACLC (Nguyen
and Rudra, 2022a) further adopts a two-stage
framework, using contrastive learning to refine ra-
tionale extraction and facilitate classification.

Furthermore, advanced decoder-based LLMs
have been utilized, through instruction-tuning (Otal
and Canbaz, 2024; Yin et al., 2024), zero-shot, and
few-shot prompting (Dinani et al., 2024) for disas-
ter type and humanitarian classification.

Visual data from social media is further incor-
porated by multimodal LLMs, where several stud-
ies have combined features from BERT and visual
models via aggregation (Zhang et al., 2022; Yu
and Wang, 2024). Better fusion strategies have
been proposed, where Abavisan et al. propose a
cross-attention mechanism to fuse DenseNet im-
age features with BERT text embeddings for hu-



manitarian classification (Abavisani et al., 2020).
Zhou et al. advance this approach by utilizing dual
transformers to fuse ALBERT text features and S-
CBAM-VGG image features (Zhou et al., 2023a).
In addition, Basit et al. classify posts into humani-
tarian or structural types using the "OR" set of text
and image classification results (Basit et al., 2023).
Need Classification. Social media also allows indi-
viduals to express needs, inspiring LLMs for need
identification. Encoder-based LLMs have been uti-
lized to detect disaster needs (Yang et al., 2024)
and rescue request (Toraman et al., 2023). Fur-
thermore, MulTMR employs multiple teacher mod-
els with task knowledge to fine-tune BERT and
RoBERTa for ranking and detecting actionable help
requests (Vitiugin and Purohit, 2024). Responders
also share resources on social media. Lamsal et al.
have adopted LLMs to match needs with resources
through cosine similarity-based retrieval methods
where both offer and request posts are embedded
by XLM-RoBERTa (Conneau, 2019), optimizing
resource allocation (Lamsal et al., 2024b).

Location Extraction. Additionally, efficient pro-
cessing of posts enhances information dissemina-
tion, especially through location extraction. Several
studies fine-tune encoder-based LLMs for location
reference recognition (LRR), classifying tokens
into categories such as "Inside Locations" (ILOC),
and "Other Tokens"(O) (Mehmood et al., 2024,
Suwaileh et al., 2022). Koshy et al. further im-
prove LRR by adding attention and Bi-LSTM lay-
ers(Koshy and Elango, 2024), while others use a
BERT-BiLSTM-CRF model to improve the logic
consistency of extracted locations (Ma et al., 2022;
Zhang et al., 2021). External knowledge bases fur-
ther aid location extraction. For instance, Caillaut
et al. utilize cosine similarity to match post entities
with knowledge base (Caillaut et al., 2024), improv-
ing performance. Decoder-based LLMs are also
widely applied, where Yu et al. prompt Llama-3
to extract location-relevant words (Yu and Wang,
2024). External knowledge has been utilized for
more accurate location extraction. Hu et al. lever-
age GPT-4 for detailed location descriptions, incor-
porating geo-knowledge within the prompts (Hu
et al., 2023). In addition, GeoChatGPT augments
LLMs with geographic data and Object Character
Recognition (OCR)-based object descriptions to
predict disaster locations (Firmansyah et al., 2024).
Summary Extraction. Furthermore, extracting
and summarizing critical posts provides a macro
understanding during disasters. Nguyen et al utilize

integer linear programming (ILP) with encoder-
based LLM:s to identify critical posts and rationales
for summaries (Nguyen and Rudra, 2022a; Nguyen
et al., 2022). Garg et al. calculate salience scores
using BERT embeddings and word2vec key-phrase
embeddings from rapid automatic keyword extrac-
tion (RAKE)(Garg et al., 2024). Decoder-based
LLMs go further by generating summaries from
retrieved tweets. For instance, Vitiugin et al. rank
important tweets utilizing LSTM and then use a
T5 model to generate the summaries based on top
retrieved tweets (Vitiugin and Castillo, 2022).

Report Generation. Organizations also use
decoder-based LLMs for structured disaster re-
porting, especially through zero-shot search-based
generation (Colverd et al., 2023). In addition,
Seeberger et al. utilize multiple LLMs each for
document retrieval, reranking, and instruction-
following summarization (Seeberger and Riedham-
mer, 2024b), while chain-of-thought (CoT) reason-
ing is further utilized (Pereira et al., 2023). Build-
ing on these methods, Crisis2Sum further organizes
query-related information into topic clusters sum-
marized by Mixtral (Jiang et al., 2024), and pro-
duces a final report by combining key nuggets from
each cluster (Seeberger and Riedhammer, 2024a).

3.3.4 Disaster Rescuing

Grounded in a comprehensive disaster situation
understanding, disaster rescuing aims to save lives
and property through timely, coordinated actions.
Plan Generation. Effective rescue operations
typically require comprehensive rescue plans.
Grounded with rich disaster-related knowledge,
decoder-based LLMs have been prompted to gener-
ate actionable response plans that provide essential
guidance (Goecks and Waytowich, 2023).

Code Generation. Once a plan is established,
decoder-based LLMs can assist in execution per-
formed by organizations and rescue teams, such as
assisting in guiding robotic systems by translating
verbal inputs into actionable operational commands
using RAG (Panagopoulos et al., 2024).

3.3.5 Disaster Issue Consultation

During disasters, affected individuals and organiza-
tions often seek reliable guidance. Disaster issue
consultation offers advice, safety updates, and ex-
pert guidance, thus helping them access resources,
evaluate options, and make decisions (Jiang, 2024).
Answer Generation. Decoder-based LLMs have
been prompted to generate answers for frequently



asked questions and offer guidance (Rawat, 2024;
Chen and Fang, 2024). To mitigate hallucina-
tion, LLMs integrate RAG with verified disaster-
related documents. For instance, WildfireGPT re-
trieves wildfire literature and data to augment the
prompts (Xie et al., 2024). Chen et al. guide LLM
reasoning over KG by a prompt chain, adding struc-
tured knowledge (Chen et al., 2024). Unlike tradi-
tional RAG approaches that rely on prompt learn-
ing, Xia et al. integrate fine-tuning with RAG to
enhance LLMs by combining implicit and exter-
nal knowledge. (Xia et al., 2024). Additionally,
multi-modal LLMs can integrate textual and vi-
sual data. For instance, several VQA models (e.g.,
Plug-and-Play VQA) (Tiong et al., 2022) have been
prompted for zero-shot visual question answering
for disaster scenarios (Sun et al., 2023). To in-
terpret complex user queries, ADI further intro-
duces sequential modular tools including VLM,
object detection models, and semantic segmenta-
tion models (Liu et al., 2024). In addition, Flood-
Lense integrates ChatGPT and diffusion models
to highlight disaster-affected areas from images
to improve flood-related geographical question an-
swering (Kumbam and Vejre, 2024).

3.4 Disaster Recovery

LLMs can perform accurate (1) disaster impact as-
sessment, a critical step for disaster recovery. With
a comprehensive impact understanding, LL.Ms can
assist decision makers in (2) recovery plans gen-
eration. In addition, disaster responders have uti-
lized LLMs for (3) recovery process tracking con-
sistently, ensuring the recovery effectiveness.

3.4.1 Disaster Impact Assessment

Accurate assessment of the damage degree across
physical and social dimensions helps prioritize re-
covery efforts effectively. Physically, disasters dis-
rupt infrastructure, damage property, and threaten
human lives, requiring robust frameworks for the
identification and estimation of damage and loss.

Damage Classification. Various encoder-based
LLMs have been employed to identify and cate-
gorize disaster damage. For instance, Malik et al.
utilize BERT to identify the damage-related posts
and categorize them as "human damage" or "infras-
tructure damage" (Malik et al., 2024). Chen et al.
further categorize damage into four types such as
"Water or Power Supply" with BERT (Chen and
Lim, 2021). In addition, Zou et al. propose a BERT-
BiLSTM-Sit-CNN framework for damage-related

posts identification and damage-type classification
with improved textual understanding (Zou et al.,
2024). Furthermore, several studies utilize LLMs
to measure damage severity, where Jeba et al. lever-
age BERT for damage impact degree classification
on social media posts and news (Jeba et al., 2024).
Damage Estimation. Damage severity could be
better modeled quantitatively by estimation with a
fine-grained understanding. Chen et al. calculate
the damage severity scores based on the similari-
ties between post tokens and several seed words’
embeddings, where both embeddings are derived
from encoder-based LLMs (Chen and Lim, 2021).
Answer Generation. In addition, decoder-based
LLMs can answer specific assessment questions.
For instance, Ziaullah et al. prompt LL.Ms with
RAG to obtain the operation status of critical infras-
tructure facilities using social media data (Ziaullah
et al., 2024). Multimodal LLMs further incorporate
remote sensing data, with Estevao et al. prompting
GPT-40 to generate damage assessment using build-
ing images (Estévao, 2024). To improve modal-
ity alignment, SAM-VQA employs a supervised
attention-based VLM to integrate image and ques-
tion features for VQA tasks (Sarkar et al., 2023).
Additionally, axillary tasks have been utilized to
improve the VQA performance, where DATWEP
dynamically balances the importance of segmenta-
tion and VQA tasks, adjusting class weights during
training (Alsan and Arsan, 2023).

Statistic Extraction. Furthermore, decoder-based
LLMs are prompted to extract fatalities (Hou and
Xu, 2022) from social media via few-shot learning,
thus offering timely insights into human loss.
Sentiment Classification. From the social dimen-
sion, disasters influence public sentiment and be-
havior, where encoder-based LLMs (Han et al.,
2024a; Berbere et al., 2023) have been fine-tuned to
classify social media posts into positive and nega-
tive emotions. In addition, Li et al. utilize decoder-
based LLM (e.g. GPT 3.5) to classify the posts into
five emotional types such as "panic" and "sadness"
with zero-shot prompting (Li et al., 2025), thus aid-
ing responders in understanding and addressing the
disaster’s emotional impact.

3.4.2 Recovery Plan Generation

Based on impact assessment, a recovery plan is
developed to rebuild infrastructure, restore services,
and enhance resilience (Hallegatte et al., 2018).

Plan Generation. Decoder-based LLMs have been
utilized in certain recovery scenarios by generating



recovery and reconstruction plans. For instance,
ChatGPT has been prompted to build disaster re-
covery plans for business restoration (White and
Liptak, 2024; Lakhera, 2024).

3.4.3 Recovery Process Tracking

Continuous tracking of the recovery process en-
sures that progress aligns with the planned timeline
and goals and decision-makers can adapt recovery
strategies to meet evolving needs.

Sentiment Classification. Encoder-based LLM
(e.g. BERTweet) has been utilized to assess pub-
lic sentiment throughout the post-disaster recovery
period (CONTRERAS et al.), thus enabling respon-
ders to tailor their recovery efforts to address emo-
tional needs of affected population effectively.

4 Datasets

Numerous disaster-related datasets have been uti-
lized to evaluate LLMs in disaster management,
and we present a comprehensive list of publicly
available datasets in Appendix B.

Classification datasets are primarily designed with
textual inputs from platforms like Twitter and
news outlets, categorizing data by informativeness
(relevance) (Olteanu et al., 2014), humanitarian
types (Imran et al., 2016), damage levels (Alam
et al., 2021b), and other attributes. Some also in-
clude visual data, such as satellite imagery or social
media images (Alam et al., 2018). Models are eval-
uated with metrics like accuracy and F1 score.
Estimation datasets include textual and visual in-
puts and provide quantitative labels such as flood
depths (Akinboyewa et al., 2024), evaluated using
metrics such as Mean Absolute Error (MAE).
Generation datasets are also extensively used, pri-
marily in two categories: question answering and
summarization. Question-answering datasets pro-
vide disaster-related questions paired with crowd-
source annotated answers (Rawat, 2024). Multi-
modal question-answering datasets, which incorpo-
rate disaster-related images as contextual informa-
tion, are widely utilized as well (Sun et al., 2023).
For summarization task, large sets of documents
are used as inputs, with reference summaries cu-
rated by domain experts (McCreadie and Buntain,
2023). Both types of generation tasks are evaluated
using metrics like ROUGE and BLEU.
Extraction datasets identify and label specific ele-
ments within sentence, such as keywords (Nguyen
and Rudra, 2022a) and locations (Suwaileh et al.,
2022), labeling tokens as “outside,” “start,” or “end”

to specify their extraction status. These datasets are
primarily used for token-level classification tasks,
and is measured with classification metrics.

5 Challenges and Opportunities

Large language models (LLMs) show promise in
disaster management but face key limitations. Ap-
plications are disproportionately focused on disas-
ter response, as illustrated in Figure 1, highlight-
ing the need to expand their use across all disaster
phases. Additionally, there is a gap between re-
searchers focusing on novel architectures and prac-
titioners needing disaster-specific solutions, neces-
sitating LLMs tailored to various challenges.
Dataset Scarcity. Current datasets are heavily
skewed toward classification tasks, leaving other
critical areas underrepresented. Creating high-
quality datasets requires significant effort and re-
sources, making the process both labor- and data-
intensive. Innovative solutions like synthetic data
generation (Kalluri et al., 2024) are promising to
expand coverage across disaster-related scenarios.
Efficient Deployment. large-scale LL.Ms face la-
tency and computational challenges, hindering real-
time decision-making in emergent disaster scenar-
ios. Lightweight models provide a faster, resource-
efficient alternative (Saleem et al., 2024), but they
often sacrifice accuracy and robustness. Advancing
these models to balance efficiency with reliability
is crucial for effective disaster management.
Robust Generation. Decoder-based LLMs may
hallucinate, where outputs can be factually inaccu-
rate, posing serious risks in disaster contexts, such
as false evacuation routes, resource misallocation,
and potential loss of lives. Integrating RAG with
external knowledge bases (Colverd et al., 2023),
extensive domain-specific training (Lamsal et al.,
2024a), and uncertainty estimation (Xu et al.) can
potentially deal with hallucinated outputs.

6 Conclusion

This paper surveys LLMs in disaster management
across four disaster phases, with a taxonomy inte-
grating application scenarios, specific tasks, and
the architectures of models addressing these tasks.
With introducing publicly available datasets and
identifying challenges, we inspire the collabora-
tive efforts between Al researchers and decision-
makers, in order to fully leveraging the power of
LLMs for more resilient communities and proac-
tive disaster management practices.



Limitations

This work focuses exclusively on disaster manage-
ment applications only where existing LLMs have
been utilized, leaving out other potential scenarios
that have not yet been explored by current LLM
research. While these unexplored areas hold sig-
nificant promise for future advancements, they are
beyond the scope of this work due to space con-
straints. Additionally, we include only a subset
of datasets employed in existing studies, prioritiz-
ing those that are easily accessible. Many datasets
are either not open-sourced, have restrictive access
policies, or lack assured quality, making them less
viable for reproducibility and further research.
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Figure 2: Pipeline of major tasks performed by different types of LLMs in disaster management.

A Summary of Papers predominantly concentrated on the response phase
of disaster management, with limited exploration
across other disaster management scenarios. Fig-
Table 1 provides a summary of the surveyed papers  ure 4 illustrates the publication distribution across
with their disaster phases, application scenarios, academic venues, revealing that relatively few dis-

A.1 Summary Table

specific tasks, and architecture types. aster management papers are published in NLP or
o ] Al-specific conferences or journals. These findings
A.2  Pipeline Illustration reflect limited engagement from the LLM research

In this section, we present Figure 2 to illustrate ~ community in this domain, highlighting a need to
the use of LLMs in disaster management. The increase awareness and focus within the field.
figure outlines the major pipelines of three LLM

architectures—encoder-based, decoder-based, and B Datasets

multimodal—applied across four task types in
our survey: classification, extraction, estimation,
and generation, offering critical insights into their
mechanisms for disaster management.

Table 2 provides a summary of existing publicly

clude datasets limited to a single disaster type that
are already incorporated into comprehensive bench-

A3 Statistics marks such as CrisisBench (Alam et al., 2021b).

To provide a comprehensive overview of the current  B.1  Classification Datasets

state of LLMs in disaster management, we present e CrisisLexT6 (Olteanu et al., 2014): This

SFatl,SnCS from the surveyed papers, hlghhghtlng a dataset is designed for relevance classifica-
significant gap between the NLP and disaster man- . . ..
tion. It contains data from six crisis events

agement communities. This gap underscores the between October 2012 and July 2013.
pressing need for better interdisciplinary collabora-
tion to bridge the two fields and realize the potential « CrisisLexT26 (Olteanu et al., 2015): This
of LLMs in addressing disaster-related challenges. dataset is an updated version of CrisisLexT6,
Figure 3 depicts the counts of publications lever- which contains public data from 26 crisis
aging existing LLMs and developing new frame- events in 2012 and 2013 with relevance in-
works, which indicates that most studies are heav- formation and six humanitarian categories.
ily application-focused, relying on fine-tuning or
prompting existing LLMs for disaster management * CrisisNLP (Imran et al., 2016): This dataset
tasks. In addition, while some efforts have yielded is a large-scale dataset including classes from
valuable insights, the majority of these studies are humanitarian disaster responses and classes
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available datasets. For classification tasks, we ex-



related to health emergencies. It is collected
from 19 different disaster events that hap-
pened between 2013 and 2015.

SWDM2013 (Imran et al., 2013): This dataset
is utilized for relevance classification consist-
ing of tweets from two events: (i) the Joplin
collection contains tweets from the tornado
that struck Joplin, Missouri on May 22, 2011;
(i1) The Sandy collection contains tweets col-
lected from Hurricane Sandy that hit North-
eastern US on Oct 29, 2012.

ISCRAM2013 (Imran et al., 2013): This
dataset consists of tweets collected from the
same events as in SWDM?2013, containing
both relevance and humanitarian categories.

Disaster Response Data (DRD) (Alam et al.,
2021b): This dataset consists of tweets col-
lected during various crisis events that took
place in 2010 and 2012. This dataset is anno-
tated using 36 classes that include relevance
as well as humanitarian categories.

Disasters on Social Media (DSM) (Alam
et al., 2021b): This dataset comprises 10K
tweets annotated with relevance labels.

AIDR (Imran et al., 2014): This dataset con-
tains data obtained from the AIDR system on
September 25, 2013, collecting tweets using
hashtags such as "#earthquake". It is utilized
for relevance and humanitarian classification.

CrisisMMD (Alam et al., 2018): This dataset
is a multimodal and multitask dataset com-
prising 16k labeled tweets and corresponding
images. Tweets have been sourced from seven
natural disaster events that took place in 2017.
Each sample is annotated with relevance, hu-
manitarian (eight classes), and damage sever-
ity categories (mild, severe, and none).

Multi-Crisis (Sanchez et al., 2023): This
dataset was proposed to evaluate transfer
learning scenarios where data from high-
resource languages (e.g., English) is used to
classify messages in low-resource languages
(e.g., Spanish, Italian) and unseen crisis do-
mains, with relevance and humanitarian cate-
gories. It is collected from 7 existing datasets,
53 crisis events, and contains 9 domains.
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Figure 3: Counts of publications leveraging existing
LLMs and developing new models across four phases.

B.2

CrisisBench (Alam et al.,, 2021b): This
dataset is a comprehensive benchmark con-
solidated from 9 existing datasets, utilized for
relevance and humanitarian classification.

Eyewitness Messages (Zahra et al., 2020):
This dataset is proposed to identity disaster
eyewitness related tweets and classifies them
into three types: direct eyewitnesses, indirect
eyewitnesses, and vulnerable eyewitnesses
where people anticipate a disaster and were
present in the region for which disaster warn-
ings were issued. It is comprised of 14k data
from earthquakes, hurricanes, and wildfires.

TREC Incident Streams (McCreadie et al.,
2019): This dataset has been developed as
part of the TREC-IS 2018 evaluation chal-
lenge and consists of 20k tweets labeled for
actionable information identification and in-
formation criticality assessment.

HumAID (Alam et al., 2021a): This dataset
contains 77k labeled tweets, which are sam-
pled from 24 million tweets collected during
19 disasters between 2016 and 2019, including
hurricanes, earthquakes, wildfires, and floods.
It is balanced in terms of disaster types and
contains 7 humanitarian categories.

EPIC: This dataset contains data primarily
collected from Hurricane Sandy, including
tweets from 93 users across four annotation
schemes, with data spanning three weeks
around the hurricane’s landfall. It is used for
relevance and humanitarian classification.

Estimation Datasets

Did You Feel It (DYFI) (Atkinson and Wald,
2007): This dataset contains ground shaking



NOTINN NGRS 0 0““6‘;9 (\“g%f\se\f\e%no?\w“ﬁ\‘; N rane®
Ty

Figure 4: Publication distribution across various aca-
demic venues, with a focus on model design on the left
and application-based research on the right.

B.3

intensity and geographic distribution informa-
tion, collected from post-earthquake reports
(through 750k online questionnaire responses)
from individuals who experienced the event.

FloodDepth (Akinboyewa et al., 2024): This
dataset contains 150 flood photos collected
online, which is utilized to estimate floodwa-
ter depth based on different reference objects,
including stop signs, vehicles, and humans.

Behavioral Facilitation (BF) (Yamamoto
et al., 2022): This datasets, collected after
the 2018 Hokkaido earthquake, contains data
labeled with usefulness ratings with respect to
behavioral facilitation information.

Extraction Datasets

(Fu et al.,, 2024): This dataset contains
county-level data from news media collected
during urban flood events from 2000 to 2022.
It is utilized to extract information such as the
time and location of disasters.

(Ma et al., 2023): This dataset is used for en-
tity and relation extraction, containing 5, 560
annotated data, 12, 980 entities, and 6, 895 re-
lations, from report during geological hazards.

DisasterMM (Andreadis et al., 2022): This
dataset is collected from Twitter by search-
ing for flood-related keywords. It comprises
two subsets: RCTP, containing 6,672 tweets
for relevance classification; LETT, consisting
of 4,992 tweets used for location extraction,
where words are labeled with “B-LOC” for
the first word of a sequence that refers to a
location, “I-LOC” for the subsequent word of
a sequence that refers to a location, and “O”
for any non-location word.
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B4

* (Suwaileh et al., 2022): This dataset contain
22k crisis-related tweets from several disas-
ters including floods, earthquakes, and hurri-
cane. It is labeled with location-related tags
such as "inLOC" and "outLOC".

* Re’SoCIO (Caillaut et al., 2024): This
dataset is constructed by merging Wikipedia
datasets and multiple disaster-related datasets,
annotated with a set of 9 NER labels with
different types of information.

* (Nguyen and Rudra, 2022a): This dataset
contains tweet data with annotated rationales
from 4 subsets of CrisisNLP. It is utilized for
rationale extraction, and the extracted ratio-
nales can assist in disaster classification.

Generation Datasets

* (Vitiugin and Castillo, 2022): This dataset
is utilized to generate summaries for various
disaster events, where the ground truth is the
official report of each event.

* CrisisFACTS (McCreadie and Buntain,
2023): This dataset is a multiple-stream
dataset with data related to 8 crisis events
from various platforms. It is utilized to con-
sume daily multi-platform streams and pro-
duce summaries for a given information need,
such as "Have airports closed?".

* DisasterQA (Rawat, 2024): This dataset in-
cludes disaster-related multiple choice ques-
tions from 7 different sources, examples could
be "What causes a tsunami?".

* FFD-IQA (Sun et al., 2023): This dataset
includes 2,058 images and 22,422 question-
meta ground truth pairs related to the safety
of individuals trapped in disaster sites and the
availability of emergency services. In total,
three types of questions are included: free-
form questions, multiple choice questions,
and yes-no questions.

* FloodNet (Rahnemoonfar et al., 2021): The
dataset contains 4,500 question-image pairs
collected after Hurricane Harvey. Questions
are related to the building, road, and the entire
image, and are divided into 4 groups: "Simple
Counting", "Complex Counting", "yes/no",
and "Condition Recognition".



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., Mitigation Vulnerability Assessment Vulnerability Classification ~Decoder ~ No
2024)

(Martelo and Wang, Mitigation Vulnerability Assessment Answer Generation Decoder  Yes
2024)

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

(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, Preparedness Public Awareness Enhancement Answer Generation Decoder  No
2024)

(Li et al., 2023) Preparedness Public Awareness Enhancement Answer Generation Decoder No
(Indra and Preparedness Disaster Forecast Occurrence Classification ~ Encoder  Yes
Duraipandian, 2023)

(Zeng and Bertsimas, Preparedness Disaster Forecast Occurrence Classification ~ Multimodal Yes
2023)

(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, Preparedness Disaster Warning Warning Generation Decoder  No
2024)

(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, Response Disaster Identification Relevance Classification Encoder  No
2021)

(Madichetty and Response Disaster Identification Relevance Classification Encoder  No
Madisetty, 2023)

(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 Response Disaster Identification Relevance Classification Encoder No
Natarajan, 2024)

(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, Response Disaster Identification Relevance Classification Encoder  Yes
2022)

(Ghosh et al., 2022) Response Disaster Identification Relevance Classification Encoder Yes
(Taghian Dinani et al., Response Disaster Identification Relevance Classification Decoder  No
2023)

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

(Koshy and Elango, Response Disaster Identification Relevance Classification Multimodal Yes
2023)

(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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(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 Response Disaster Situation Assessment Situation Classification Encoder Yes
Sridevi, 2021)

(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., Response Disaster Situation Assessment Severity Estimation Multimodal No
2024)

(Hu and Rahnemoonfar, ~Response Disaster Situation Assessment Description Generation Multimodal No
2024)

(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, Response Disaster Information Coordination  Information Classification =~ Encoder =~ No
2022)

(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
(Lietal., 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, Response Disaster Information Coordination  Information Classification ~ Encoder  Yes
2022b)

(Nguyen and Rudra, Response Disaster Information Coordination  Information Classification ~ Encoder  Yes
2023)

(Nguyen and Rudra, Response Disaster Information Coordination  Information Classification =~ Encoder  Yes
2022a)

(Otal and Canbaz, Response Disaster Information Coordination  Information Classification = Decoder =~ No
2024)

(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, Response Disaster Information Coordination ~ Need Classification Encoder Yes
2024)

(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, Response Disaster Information Coordination ~ Location Extraction Encoder  Yes
2024)

(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., Response Disaster Information Coordination ~ Location Extraction Decoder  No
2024)

(Nguyen and Rudra, Response Disaster Information Coordination =~ Summary Extraction Encoder  Yes
2022a)

(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, Response Disaster Information Coordination ~ Summary Extraction Decoder  Yes
2022)

(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 Response Disaster Information Coordination ~ Report Generation Decoder  Yes
Riedhammer, 2024b)

(Seeberger and Response Disaster Information Coordination ~ Report Generation Decoder Yes
Riedhammer, 2024a)

(Goecks and Response Disaster Rescuing Plan Generation Decoder  No
Waytowich, 2023)

(Panagopoulos et al., Response Disaster Rescuing Code Generation Decoder  No
2024)

(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, Response Disaster Issue Consultation Answer Generation Multimodal Yes
2024)

(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
(Estévao, 2024) Recovery Disaster Impact Assessment Answer Generation Multimodal No
(Sarkar et al., 2023) Recovery Disaster Impact Assessment Answer Generation Multimodal No
(Alsan and Arsan, Recovery Disaster Impact Assessment Answer Generation Multimodal No
2023)

(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
(Berbere 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, Recovery Recovery Plan Generation Plan Generation Decoder  No
2024)

(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 Response DI Classification Mix Text (McDaniel 60,082
etal., 2014) etal., 2024)
CrisisLexT26 (Olteanu Response DI, DInf Classification Mix Text (McDaniel 27,933
et al., 2015) etal., 2024)
CrisisNLP (Imran Response DI, DInf Classification Mix Text (Taghian Di- 52,656
et al., 2016) nani et al.,

2023)
SWDM13 (Imran Response DI, DInf Classification Mix Text (McDaniel 1,543
etal., 2013) etal., 2024)
ISCRAM2013 (Im-  Response DI, DInf Classification Mix Text (McDaniel 3,617
ran et al., 2013) et al., 2024)
DRD (Alam et al., Response DI, DInf Classification Mix Text (McDaniel 26,235
2021b) etal., 2024)
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DSM (Alam et al., Response DI Classification Mix Text (McDaniel 10,876
2021b) etal., 2024)
AIDR (Imran et al.,  Response DI, DInf Classification Mix Text (McDaniel 7411
2014) etal., 2024)
CrisisMMD (Alam  Response DI, DInf Classification Mix Text, (Jain et al., 16,058
et al., 2018) Image 2024)
Multi- Response DI, DInf Classification Mix Text (Séanchez 164,625
Crisis (Sanchez et al., 2023)
et al., 2023)
CrisisBench (Alam  Response DI, DInf Classification Mix Text (McDaniel 109,796
et al., 2021b) et al., 2024)
Eyewitness Response DInf Classification Mix Text (Zahra 14,000
Messages (Zahra et al., 2020)
et al., 2020)
TREC Incident Response DI, DInf Classification Mix Text (Khattar 19,784
Streams (Mc- and Quadri,
Creadie et al., 2022)
2019)
HumAID (Alam Response DInf Classification Mix Text (Basitetal.,, 77,000
etal., 2021a) 2023)
EPIC (Stowe et al.,  Response DI, DInf Classification Mix Text (Adesokan 3469
2018) et al., 2023)
Did You Feel It Response DSA Estimation Earthquake Text (Mousavi 750,000
(DYFI) (Mousavi etal., 2024)
et al., 2024)
FloodDepth (Akin-  Response DSA Estimation Flood Text, (Akinboyewa 150
boyewa et al., 2024) Image et al., 2024)
Behavioral Response DInf Estimation Earthquake Text (Yamamoto 1,400
Facilitation et al., 2022)
(BF) (Yamamoto
et al., 2022)
(Fu et al., 2024) Preparedness PAE Extraction Flood Text (Fu et al., 633
2024)
(Ma et al., 2023) Preparedness PAE Extraction Landslide Text Ma et al., 5,560
2023)
DisasterMM (An- Response DI, DInf Classification, Flood Text (Mehmood 6,672,
dreadis et al., 2022) Extraction etal., 2024) 4,992
(Suwaileh et al., Response DInf Extraction Mix Text (Suwaileh 22,137
2022) etal., 2022)
Re “SoCIO (Cail- Response DInf Extraction Flood Text (Caillaut 4,617
laut et al., 2024) et al., 2024)
(Nguyen and Response DInf Extraction Mix Text (Nguyen 32
Rudra, 2022a) and Rudra,
2022a)
(Vitiugin and Response DInf Generation Mix Text (Vitiugin 5,791
Castillo, 2022) and
Castillo,
2022)
CrisisFACTS (Mc- Response DIC Generation Mix Text (Pereira 748,466
Creadie and et al., 2023)
Buntain, 2023)
DisasterQA (Rawat, Response PAE, DIC Generation Mix Text (Rawat, 707
2024) 2024)
FFD-IQA (Sun Response DIC Generation Flood Text, (Sun et al.,, 22422
et al., 2023) Image 2023)
FloodNet (Rah- Recovery DIA Generation Flood Text, (Sarkar 4,500
nemoonfar et al., Image etal., 2023)

2021)
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