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A B S T R A C T

We proposes an AI-assisted framework for integrated natural disaster prevention and emergency response,
leveraging the DeepSeek large language model (LLM) to advance intelligent decision-making in geohazard
management. We systematically analyze the technical pathways for deploying LLMs in disaster scenarios,
emphasizing three breakthrough directions: (1) knowledge graph-driven dynamic risk modeling, (2) reinforce-
ment learning-optimized emergency decision systems, and (3) secure local deployment architectures. The
DeepSeek model demonstrates unique advantages through its hybrid reasoning mechanism combining semantic
analysis with geospatial pattern recognition, enabling cost-effective processing of multi-source data spanning
historical disaster records, real-time IoT sensor feeds, and socio-environmental parameters. A modular system
architecture is designed to achieve three critical objectives: (a) automated construction of domain-specific
knowledge graphs through unsupervised learning of disaster physics relationships, (b) scenario-adaptive
resource allocation using risk simulations, and (c) preserving emergency coordination via federated learning
across distributed response nodes. The proposed local deployment paradigm addresses critical data security
concerns in cross-border disaster management while complying with the FAIR principles (Findable, Accessible,
Interoperable, Reusable) for geoscientific data governance. This work establishes a methodological foundation for
next-generation AI-earth science convergence in disaster mitigation.
1. Introduction

In the era of rapidly advancing technology, the exploration and
breakthroughs in the field of artificial intelligence (AI) are profoundly
influencing the development patterns of numerous industries (Xu and Xue,
2024). Among these, the evolution of AI large language model technology
is particularly eye-catching. Currently, the global technology of AI large
language models has entered a crucial stage of multi-modality fusion. This
transformation provides a broader space and stronger capability support
for the expansion of AI applications (Huang et al., 2024a). The domestic
DeepSeek series has shown remarkable performance among the numerous
AI large language models. With its outstanding achievements in the opti-
mization of attention mechanisms and algorithmic innovation, it has
demonstrated extraordinary strength in core areas such as semantic
anagement of China, National In
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understanding and knowledge reasoning. This undoubtedly represents a
new step in domestic AI large language model technology (Gao et al.,
2025). Its training cost has been significantly reduced compared to similar
international models by several times or even more. This provides a more
cost-effective choice for the application of various industries (Guo et al.,
2024; Kotsis, 2025; Peng et al., 2025). However, in the important field of
natural disaster prevention and control, which concerns the safety of
people's lives and property, there are still pain points to be solved. Firstly,
traditional natural disaster prevention and control rely on manual expe-
rience analysis. Based on the accumulated knowledge, skills, observations,
and research over a long period, judgments and predictive assessments are
made on current or future situations. This method is relatively slow. In the
face of massive information, such as meteorological observation data and
seismic-geological monitoring data (Huang et al., 2023; Xu et al., 2014a), it
stitute of Natural Hazards, Beijing 100085, China.
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Fig. 1. Schematic diagram of the “Feng Lei” large model.
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takes much time and manpower to integrate and analyze the data, making
it hard tomake real-time and comprehensive decisions on events. Also, due
to different understandings of professional knowledge, different disciplines
may have different evaluation criteria, leading to inconsistent analysis and
decision-making results (Shirzaei et al., 2025). Extreme events can trigger
multiple natural disasters, causing huge losses (Xie et al., 2025b; Xu et al.,
2014b). As research on natural disasters deepens and their complexity is
better understood, it's crucial to fully and accurately grasp the occurrence
mechanisms, development trends, and impact scopes of disasters (Shao
et al., 2024; Xiao et al., 2023). We need to build connections between
different disciplines and use basic data from various disaster events for
comprehensive analysis and evaluation of coupled disaster impacts.
Moreover, promptly issuing precise and effective dynamic emergency
plans in critical moments to deal with disasters and minimize losses is now
an urgent issue to solve (Wu et al., 2025).

In view of this, we focus on closely combining the advanced tech-
nology of AI large language models with the actual needs of the natural
disaster prevention and control field. We propose a research framework
for an AI-assisted system for natural disaster prevention and control
based on DeepSeek. The aim is to explore an integrated, intelligent,
professional, and efficient new path for natural disaster prevention and
control. It is expected to contribute to the protection of people's lives and
property safety and provide beneficial references and examples for
technological innovation and development in the field of natural disaster
prevention and control.
Fig. 2. Developmental history of l
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2. The application level of AI large language models in natural
disaster prevention and control

2.1. Existing application platforms

Based on their application domains, AI large models are categorized
into general-purpose and industry-specific large models. In the field of
natural disaster prevention and mitigation, a limited number of
industry-specific large models have emerged (Bi et al., 2023; Chen
et al., 2023; Han et al., 2024; Huang et al., 2024b). For instance, on
June 18, 2024, the China Meteorological Administration released three
AI meteorological large model systems. Among them, “Fengqing” en-
hances the timeliness and accuracy of medium-to short-term forecasts;
“Fengshun” optimizes sub-seasonal to seasonal predictions and im-
proves precipitation forecasting skills; and “Fenglei” enhances radar
echo forecasting capabilities to achieve short-term forecasting. As
shown in Fig. 1, observational data are processed through a mesoscale
evolution network and a convective-scale generative network, com-
bined with random noise to generate short-term forecasting results.
These results are calibrated and optimized physically using conserva-
tive evolution operators, multi-scale spatiotemporal discriminative
networks, and chaos-tolerant consistency modules to ensure forecasting
accuracy and consistency. On August 7, 2024, the Ministry of Emer-
gency Management officially released the “Jiu An” large model for the
emergency management sector (News, 2024). The "Jiu An" large model
arge models(Xu et al., 2024).
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drives industrial intelligence through five core innovations. It estab-
lishes China’s first privately deployed industry-specific AI foundation,
integrating domestic hardware and software via supervised fine-tuning,
OP-RAG optimization, and multimodal routing for customized appli-
cations. The system synthesizes over 180 PB of cross-modal data and
emergency domain corpora to build an expert-level knowledge frame-
work, enabling multimodal query support spanning text, imagery, and
video. By leveraging the model’s visual comprehension capabilities, it
innovates safety supervision in high-risk industries, rapidly identifying
hazards through image/video analysis to enhance regulatory efficiency.
The model further strengthens disaster preparedness by integrating
communication tower metrics, meteorological data, and geospatial in-
puts for real-time hazard assessment and rescue strategy optimization.
Its "Smart Emergency Brain" enables sub-second incident response plan
generation, 30-second cross-departmental coordination, and one-click
orchestration of 40þ operational systems, significantly improving
rescue precision and emergency chain efficiency. These advancements
collectively advance intelligent emergency management through
tailored AI infrastructure, domain-specific knowledge fusion, and rapid
decision-making workflows.

2.2. Existing technological pathways

The current technological approaches of AI large language models in
the natural disaster field center on disaster simulation, multimodal
integration, and intelligent decision-making (Fig. 2). They analyze sat-
ellite remote-sensing data, ground-sensor information, and historical
disaster cases, employing deep learning and machine learning algorithms
to process massive amounts of meteorological, geological, and historical
disaster data from diverse and heterogeneous sources. This leads to the
development of high-precision predictionmodels for forecasting typhoon
paths, flood peaks, or seismically active areas (Adnan et al., 2025; Xiao
et al., 2024). Based on pre-trained models, Domain-adaptive Fine-tuning
is used to enhance disaster-scene adaptability (Gema et al., 2023). For
instance, the “Jiu An” AI large language model uses a multi-task transfer
learning framework with specialized datasets for floods, wildfires, etc. It
dynamically adjusts loss function weights (such as using Focal Loss to
ease class imbalance), enabling real-time identification of abnormal
water accumulation and dust explosions in high-risk areas, and
increasing early-warning accuracy by 18 %. Considering the unique na-
ture of disaster tasks, multi-modal structured prompt templates are
designed (e.g., “Based on [satellite images] and [historical precipitation
data], predict flood areas in the next 24 hr”). Through reinforcement
learning feedback mechanisms, prompt words are iteratively optimized
to reduce model misjudgments from ambiguous instructions (Liao et al.,
2024; Liu et al., 2023b). Integrating multi-modal data such as satellite
images, weather radar, social-media text, knowledge graphs, and causal
reasoning models helps assess disaster spread and consequences.
Contrastive Learning aligns text descriptions with image features (Wang
and Qi, 2022) (for example, linking the keyword “road collapse” with
crack regions in satellite images), improving comprehensive disaster
identification (Xue et al., 2023). In real-time disaster analysis, the
Chain-of-Thought prompt guides the model to process information
step-by-step (Wei et al., 2022) (e.g., “Step 1: Extract location keywords
from social-media text; Step 2: Match with strong rainfall regions in
weather radar; Step 3: Evaluate landslide probability”), significantly
reducing errors in multi-source data fusion. Disaster impact and eco-
nomic losses are quantified by leveraging reinforcement learning and
edge computing.

2.3. Designing decision-making agents

Multimodal models, model fine-tuning, and prompt optimization are
three key technologies for enhancing AI performance. Multimodal
models (e.g., GPT-4, CLIP), by integrating data from multiple modalities
such as text, images, and speech, endow AI with cross-modal
3

understanding and generation capabilities, enabling it to handle more
complex scenarios. Based on pre-trained models, model fine-tuning in-
volves targeted training using domain-specific data (e.g., medical, legal)
to optimize task adaptability. Prompt optimization enhances answer
accuracy by introducing external knowledge bases through RAG
(Retrieval-Augmented Generation) or guides model logical reasoning
step-by-step using CoT (Chain of Thought), significantly improving the
efficiency of solving complex problems. These three technologies com-
plement each other and collectively drive AI accuracy, generalization,
and interactivity breakthroughs.

Earthquakes are one of the most frequent natural disasters (Xu et al.,
2025), and it is crucial to construct earthquake decision-making agents.
Building such agents requires a deep integration of multimodal data,
domain knowledge bases, and adaptive AI technologies (Naghshvar-
ianjahromi et al., 2023). Real-time collection of seismic waveforms,
surface deformation, and disaster-related text is achieved through seis-
mometers, satellite remote sensing, and social media. A structured
knowledge base is constructed with historical earthquake catalogs and
geological models (Hou et al., 2024). Multimodal models are used to
align textual, imaging, and temporal data features, and the capabilities
for magnitude prediction and fault classification are fine-tuned using
seismology-labeled data. RAG is employed to dynamically retrieve
emergency plans and historical cases, and CoT is used to guide
step-by-step reasoning (risk assessment-aftershock prediction-resource
scheduling) to generate decision chains while incorporating uncertainty
quantification and dynamic prompt adjustments. Ultimately, an
edge-cloud collaborative architecture enables second-level early warn-
ings and precise emergency plan outputs (Wu, 2024), enhancing earth-
quake response speed and decision-making scientificity through a
multi-technology closed loop (Ghaffarian et al., 2025). Integrating
existing DeepSeek large model technology can further optimize this
agent. Its multimodal architecture deeply integrates heterogeneous data
such as seismic waveforms, satellite images, and disaster text, and com-
bines RAG technology to real-time access seismology knowledge bases
and historical cases, addressing the “hallucination” issue of
general-purpose large models. It outputs interpretable decision steps and
confidence intervals by simulating expert logic step-by-step with CoT
(e.g., risk assessment-aftershock prediction-resource scheduling).
Simultaneously, the open-source and low-cost characteristics enable
private deployment and dynamic knowledge updates, supporting a
collaborative architecture between edge-device sub-second warnings and
cloud-based complex analysis. This approach demonstrates significantly
improved computational efficiency and domain-specific adaptability
compared to traditional models, offering an AI solution for earthquake
response that combines real-time responsiveness, accuracy, and scientific
rigor.

To demonstrate the practicality of the above-mentioned earthquake
decision-making agent, we posit its application in the Kumamoto
Earthquake risk assessment. By integrating real-time seismograph
waveforms, satellite deformation data, and historical earthquake cata-
logs, and leveraging Retrieval-Augmented Generation (RAG) technology
to accurately retrieve the precursor patterns of the Hanshin Earthquake
and Coulomb stress models, we drive a multimodal model to achieve
three core decision-making steps. First, based on the characteristics of
increased minor seismic frequency and fault stress accumulation reach-
ing a critical value, we calculate the probability of seismic intensity
exceeding 6.5 in the future year. Second, by combining population
density, we predict the impact range of intensity exceeding 6 degrees and
identify the number of people in Kumamoto City and surrounding areas
who need evacuation. Finally, by dynamically retrieving post-disaster
traffic data, we generate optimized evacuation routes that avoid high-
risk bridges. This process simultaneously outputs confidence annota-
tions, supporting expert review and real-time knowledge base updates,
and through edge-end lightweight models, it enables minute-level
warning alerts, showcasing the core advantages of multimodal correla-
tion analysis, explainable reasoning chains, and low-cost deployment.



Fig. 3. Technology roadmap of large language models.
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This compresses the traditional emergency response time from several
hours to the minute level.

3. The development trend of AI large language models and the
technological advantages of DeepSeek

3.1. Definition of large AI models and feasibility of DeepSeek

Large language AI models are those with massive parameters (usually
billions to tens of billions) and complex structures (Xu, 2023). Relying on
deep learning tech (like Transformer), they can process multimodal data
including natural language, images, and audio. They're adapted to
diverse tasks through pre-training and fine-tuning (Li et al., 2024; Tang
et al., 2024; Yao et al., 2024). Both domestic and foreign large-language
AI models now perform excellently. Take the LLaMA series fromMeta for
example. Based on the Transformer architecture, its parameter scale
ranges from 7 billion to 70 billion. It's stable in general-purpose language
tasks but has low inference efficiency and relies heavily on large-scale
computing power (Inan et al., 2023; Yeom et al., 2024). The GPT series
by OpenAI has parameters reaching the trillion level. It's known for
production capacity and multimodal integration, leading in text gener-
ation and complex reasoning tasks. However, its training cost is
extremely high, over $100 million for GPT-4o (Achiam et al., 2023;
Baktash and Dawodi, 2023). Domestically, the Qwen series also has
advanced performance. With 18 trillion tokens of pre-training data, it's
good at multilingual tasks and complex logical reasoning. Yet, it needs
improvement in resource consumption, understanding of complex in-
structions, structured output constraints, and training data bias (Bai
et al., 2023; Yang et al., 2024). The Kimi series has technical highlights,
supporting 128k long-context processing and optimizing multimodal task
4

performance. However, it has shortcomings like dependence on
computing power, average data processing ability, no multilingual sup-
port, and limited reasoning ability (Team et al., 2025). The DeepSeek
series adopts a Mixture-of-Experts (MoE) architecture, dynamically
activating sub-models (e.g., DeepSeek-V3 with 37 billion activated pa-
rameters out of a total of 67.1 billion). This reduces computing resource
needs. It also uses Multi-Head Latent Attention (MLA) to optimize
memory usage and long-sequence processing. FP8 mixed-precision
training cuts training costs and boosts efficiency. But DeepSeek still
faces major limitations and challenges like data purity, case dependency,
optimization bottlenecks, and international competitiveness (Bi et al.,
2024; Liu et al., 2024a, 2024b; Lu et al., 2024). Globally, models like GPT
and LLaMA enhance performance by expanding parameter scales and
have made significant progress in multimodal integration. Chinese
models, however, show unique advantages in efficient training and
reasoning optimization. DeepSeek performs well, especially in math and
coding problems, reaching a leading level (Gao et al., 2025). Kimi stands
out in multimodal and long-context tasks. Qwen has strong capabilities in
multilingual and complex reasoning tasks. In particular, DeepSeek and
Kimi offer higher cost-effectiveness for practical applications.
3.2. Technological evolution and development trends

The introduction and development of generative large models, which
are constructed based on deep learning technology and feature a vast
number of parameters and complex structures (Brown et al., 2020), have
garnered significant attention. These models generate content such as
text, images, and audio videos through learning probability distributions.
The core evolution of generative largemodels has shifted from deepening
multi-modal capabilities (such as Sora's dynamic video generation and



Fig. 4. Schematic diagram of the architecture for AI-based intelligent auxiliary system.
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Suno's complete song creation) to accelerating open-source accessibility
and cost reduction (Fig. 2). Despite mainstream models lowering tech-
nological barriers through open-source ecosystems (e.g., DeepSeek R1
and Alibaba's Qwen), and reducing API costs to 3 % of OpenAI's via
techniques like model distillation and FP8 precision training, techno-
logical iteration shows no signs of slowing down. On one hand, vertical
domain applications and long text processing capabilities continue to be
optimized. On the other hand, DeepSeek has enhanced its reasoning
abilities through a “deep thinking” mode, pioneered the MLATM mech-
anism to reduce memory usage by 30 %, and is building a global
developer ecosystem with a fully open-source strategy (Liu et al., 2023a).

3.3. Key technological breakthroughs

First, based on the self-attention mechanism, long sequences are
computed and processed in parallel. Next, the model automatically learns
from massive amounts of data via masked language models and other
methods. Then, both data-parallel and model-parallel computing speed
up the training process. Furthermore, the efficiency of the model is
improved by means of quantization, distillation, etc. As shown in Fig. 3,
the process involves extracting data from multiple sources and per-
forming vectorization, storing the data in a vector database. User queries
retrieve relevant information from the vector database, and prompt en-
gineering optimizes the input to a large language model (LLM) to
generate answers, thereby enabling the functions of summarization,
classification, analysis, and response generation. The technological
breakthroughs of AI large models in natural disaster prevention and
control revolve around the “perception-decision-universal benefit” chain.
First, multi-modal data fusion integrates satellite remote sensing, ground
sensors, and social media (such as dynamic flood range calculation and
disaster-affected demand mining). Then, a real-time disaster perception
network is constructed, combining DeepSeek's FP8 precision optimiza-
tion to achieve second-level early warnings on edge devices (such as
landslide prediction). Second, reinforcement learning-driven dynamic
decision-making simulates disaster chain reactions (earthquake-
5

secondary disaster-traffic disruption), generates multi-level emergency
plans, and optimizes resource scheduling (such as real-time adjustment
of typhoon path avoidance strategies). Open-source ecosystems and low-
cost technologies, represented by DeepSeek-R1 and Alibaba's Qwen,
reduce training costs to 1/70 of OpenAI's through model distillation,
enabling the deployment of edge AI devices in remote areas (such as
thermal imaging fire situation analysis by drones in offline environ-
ments). Synthetic data and architectural innovation break through the
bottleneck of rare disaster data, with the MLATM mechanism reducing
memory usage by 30 %, supporting the local operation of TB-level
models for high-precision 3D flood simulation. Finally, knowledge
graphs and generative AI work together to output post-disaster recon-
struction plans (such as planning resettlement sites and prioritizing
infrastructure repair).

4. Design and implementation of an intelligent system for
natural disaster prevention and control based on AI large
language models

4.1. Requirement analysis

Existing web-based or enterprise-level AI models have certain limi-
tations in application. High concurrency can lead to server overload and
reduced response speed, affecting the user experience. While commercial
APIs can provide higher performance, their high cost increases the
burden on users. Additionally, privacy and security issues during data
transmission cannot be ignored. Given these considerations, the solution
of deploying AI large models locally, supported by open-source frame-
works such as the DeepSeek model, has gained favor with an increasing
number of domestic institutions. Based on the localization of AI models,
integrating the vast professional literature library of the natural disaster
industry and developing intelligent auxiliary systems based on the API
interfaces of local AI models is a feasible solution to ensure data security,
get rid of external dependencies, and meet the new demands of natural
disaster prevention, control, and emergency work.



Fig. 5. Process of the data-model-application framework in natural disaster prevention and control.
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4.2. System architecture and technical implementation

The AI intelligent auxiliary system follows the traditional Model-
View-Controller (MVC) pattern (Pop and Altar, 2014). In terms of tech-
nical structure, it can adopt a three-layer architecture design of “data
layer algorithm layer application layer”. It deeply integrates multi source
heterogeneous data and domain specific knowledge to achieve the full
process application and management of natural disaster knowledge
graph construction, intelligent decision making, and emergency response
(Fig. 4).

The data layer supports the construction of a multi modal natural
disaster knowledge base, including basic databases of natural disasters,
case libraries, literature libraries, and necessary real time data streams,
etc. It cleanses and standardizes the structured and unstructured text,
information, and data in multi modal data. By using technologies such as
text embedding models (e.g., the nomic-embed-text model), it builds a
natural disaster knowledge base to achieve the goal of knowledge
distillation. The algorithm layer is mainly based on existing open-source
AI large models. It integrates domain specific knowledge bases of natural
6

disasters for vertical fine tuning, enhancing the AI models' understanding
of complex scenarios and professional backgrounds. The application
layer integrates and presents the intelligent and auxiliary functions of the
system through user views. For example, it can quickly query, organize,
and summarize relevant knowledge through natural language interac-
tion, providing decision making support for natural disaster prevention
and emergency response in complex environments. It can also automat-
ically match emergency plans and dynamically adjust resource allocation
plans. Through characteristics such as knowledge driven, rapid response,
and dynamic adaptation, the intelligent auxiliary system based on AI
large models can achieve full chain intelligent auxiliary services for
natural disaster prevention and emergency response. As shown in Fig. 5,
the data layer integrates real-time sensor, basic database, case-library,
and literature-library data, covering seismic, typhoon-related data, and
population distribution (Xie et al., 2025a). The model layer applies al-
gorithms and technologies like fine-tuning, diffusion models, and rein-
forcement learning, combined with methods such as Transformer,
pre-training, and multi-modal fusion, using specific algorithms like
SAM-E, Leo, and RoboCat. The application layer fulfills functions like



Fig. 6. Schematic representation of the envisioned synergy between AI and humans(Zhao et al., 2023).
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emergency alerting, replanning escape routes, selecting shelters, medical
rescue, and disaster-impact assessment. It is associated with concepts like
emergency planning, crisis planning, resource prioritization, and con-
tingency and supports disaster decision-making and emergency planning.

5. Conclusions and prospects

5.1. Conclusions

The research framework of the natural disaster prevention and
emergency AI auxiliary system integrating the domestic DeepSeek large
model proposed in this paper provides new ideas and methods for
enhancing the intelligent level of natural disaster prevention. By deeply
analyzing the current status of application platforms and technical paths
of AI large models in natural disaster prevention, and summarizing the
functions and technical paths of existing AI large models for natural
disaster prevention, the development directions of key technologies such
as disaster simulation, multi-modal data fusion, and intelligent decision
making are clarified. Meanwhile, it elaborates on the definition and
evolution of large AI models, examines the feasibility and advantages of
the DeepSeek large model, and relates it to existing disaster prevention
measures for integrative conceptualization. Then, solid technical support
7

is provided for the system design and implementation by combining the
technical advantages of the DeepSeek large model, such as reinforcement
learning-driven reasoning model, architectural innovation, open-source
deployment, and low cost. In terms of system design and implementa-
tion, a three-layer architecture of “data layer-algorithm layer-application
layer” is adopted to achieve the full process application and management
of natural disaster knowledge graph construction, intelligent decision
making, and emergency response. This architecture can not only effec-
tively integrate multi source heterogeneous data but also ensure data
security through local deployment of AI large models, adapting to the
new demands of natural disaster prevention and emergency work.
5.2. Prospects

AI large models are gaining traction across fields, yet their develop-
ment faces multifaceted challenges. Balancing model and data scale is
critical, with researchers exploring data augmentation, transfer learning,
and model compression to reduce costs and enhance efficiency (Che
et al., 2023). Innovations in network architecture are also key; the
Transformer's limitations have spurred designs like the state-space-based
Mamba model to boost computational efficiency and generalization
(Chen et al., 2024). Prompt engineering, an emerging paradigm,
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improves model performance via specific prompts, though designing
robust prompts remains an open research question. The emergence of
abilities like contextual reasoning suggests models may internalize
human-like cognitive mechanisms, yet their nature and controllability
require further exploration. Knowledge updating, interpretability, pri-
vacy and security, and issues of data bias and misleading information are
also significant challenges (Luo et al., 2023; Sun, 2024; Wang et al.,
2023). Addressing these is vital for technological advancement,
expanded applications, and broader societal impact. As shown in Fig. 6,
future AI-human collaboration is envisioned in three modes: embedding,
copilot, and agent (Zhao et al., 2023). In embedding mode, humans set
goals, AI offers information and suggestions, and humans independently
complete tasks. In copilot mode, after receiving AI's input, humans
modify, adjust, and confirm tasks before independent completion. In
agent mode, humans set goals, and AI fully participates in handling task
decomposition, tool selection, progress control, resource provision, and
result monitoring, while humans retain final task completion. These
modes reflect varying degrees of AI involvement, from auxiliary support
to full task execution.
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