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Abstract

Effective post-disaster management requires continuous and reliable monitoring of the
evolving disaster situation. While remote sensing provides objective measurements of
ground deformation, social media data offer dynamic insights into public perception and
disaster progression. However, integrating these complementary data sources to achieve
sustained monitoring of disaster remains a challenge. To address this, we propose a novel
framework that combines Sentinel-1 SAR data with Sina Weibo posts to improve dynamic
earthquake impact assessment. Physical damage was quantified using D-InSAR-derived
deformation. Disaster-related locations were identified using a fine-tuned pre-trained lan-
guage model, and public sentiment was inferred through prompt-based few-shot learning
with a large language model. Spatiotemporal analysis was performed to examine the re-
lationship between sentiment dynamics and varying levels of physical damage, followed
by an analysis of topic transitions within regional semantic networks to compare discus-
sion patterns across areas. A case study of the 2023 Jishishan earthquake demonstrates the
framework’s capability to continuously track disaster evolution: regions experiencing se-
vere physical damage exhibit clear concentrations of negative sentiment, whereas increases
in positive sentiment coincide with areas where rescue operations are effectively underway.
These findings indicate that integrating the two data sources improves continuous disaster
monitoring and situational awareness, thereby supporting emergency response.

Keywords: earthquake; VGI; remote sensing; data fusion; situation awareness; spatiotemporal
analysis

1. Introduction

Earthquakes rank among the most devastating natural hazards owing to their sudden
onset and extreme destructiveness [1]. Although their occurrence is relatively infrequent,
the resulting losses often surpass those caused by other types of disasters. According to
EM-DAT statistics [2], earthquakes accounted for only 6.56% of all recorded natural events
worldwide between 2000 and 2024, yet they were responsible for nearly half (49.3%) of the
total disaster-related fatalities. This disproportionate impact reflects the rapid collapse of
built structures and the severe exposure of affected populations. Moreover, timely search-
and-rescue operations are critical, as the survival probability of trapped victims declines
sharply after the “golden 72 h” [3,4]. Taken together, the severe human losses caused by
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earthquakes and the pressing need for rapid emergency response underscore the necessity
of developing more effective approaches capable of comprehensively assessing disaster
impacts and continuously monitoring their evolution. Such approaches should enable the
timely detection of critical changes in affected areas—such as emerging gaps in response
or shifts in relief priorities—thereby supporting rapid emergency action and mitigation
efforts [5].

Remote sensing remains one of the most effective technologies for acquiring and eval-
uating earthquake-related information [6]. Satellite-based observations provide large-area
coverage and allow the timely collection of imagery for comprehensive monitoring of af-
fected regions. Advanced image processing and damage assessment techniques further
support the detection of earthquake-induced impacts—such as ground deformation [7],
landslides [8], building collapses [6] and road destruction [9] —thereby contributing essen-
tial information for emergency response and decision-making. However, despite these
advantages, remote sensing offers only discrete temporal snapshots and cannot capture
the evolving dynamics of disaster progression or the public’s real-time response from a
human-centered perspective [10].

The proliferation of mobile internet technologies has positioned social media plat-
forms as crucial channels for Volunteered Geographic Information (VGI) [11], enabling
individuals—often referred to as “citizen sensors” —to report disaster-related observations
in real time [12]. During emergencies, affected residents generate rich spatiotemporal data
streams, complementing conventional observation systems [13,14]. User-generated con-
tent has been increasingly utilized in disaster management research across various haz-
ards, including typhoons [15], floods [16], and earthquakes [17]. Sentiment analysis has
proven effective in tracing the dynamic evolution of collective emotions, providing guid-
ance for public communication and psychological interventions [18]. Topic modeling has
been employed to characterize event development and support situational understand-
ing [19], while semantic network analysis reveals evolving discussion themes and hotspots,
informing information governance and post-disaster evaluation [20]. Given that social me-
dia ecosystems vary across regions, platform-specific characteristics must be considered
when leveraging VGI for disaster studies. In the Chinese context, Sina Weibo—one of the
largest social media platforms with over 605 million monthly active users [21] —serves as a
major channel for generating real-time, user-contributed disaster information. Weibo data
have proven effective in capturing event updates, monitoring sentiment dynamics, and
tracing topic evolution during emergencies, making it a valuable VGI source for disaster
assessment and situational awareness [22,23].

Remote sensing provides comprehensive, quantitative information on physical dam-
age in disaster-affected areas, while social media reflects real-time disaster evolution and
public response from a human-centered perspective. The integration of these complemen-
tary data sources is crucial for achieving continuous disaster monitoring and improving
situational awareness. Nevertheless, systematic integration of these heterogeneous data
streams remains limited in current research [24]. In particular, the correspondence be-
tween the spatiotemporal patterns of public sentiment inferred from social media and the
severity of physical damage detected via remote sensing has not been comprehensively
investigated. Additionally, the underlying factors driving sentiment evolution across af-
fected regions remain poorly understood, constraining the ability to leverage social signals
for operational decision-making. Addressing these gaps is essential for the synergistic ex-
ploitation of remote sensing and VGI, and for providing methodological guidance on their
integrated application in disaster monitoring and response frameworks.

To address these challenges, this study develops a framework for the synergistic in-
tegration of remote sensing and social media for post-earthquake impact assessment. The
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framework consists of three main components: (1) Physical damage assessment. Spatial
patterns of damage were quantified using surface deformation extracted from Sentinel-1
imagery using D-InSAR. (2) Social response extraction. Disaster-affected locations were
identified using a fine-tuned BERT-WWM-ext model, a Chinese pre-trained language
model optimized through whole-word masking. Public sentiment was inferred from Sina
Weibo posts using DeepSeek-R1, a large-scale reasoning-oriented language model, guided
by a sentiment analysis prompt. (3) Spatiotemporal and evolution analysis. The frame-
work investigates the temporal dynamics and spatial distribution of public sentiment in
relation to varying levels of physical damage and explores the driving factors behind sen-
timent recovery by analyzing topic transitions within semantic networks.

2. Methodology

This study proposes a framework for the integrated use of social media and remote
sensing to support comprehensive monitoring of disaster evolution. The methodological
workflow is illustrated in Figure 1.

2.1 Assessing Physical Damage with SAR Imagery

Preprocessing Interferometry . Phase Unwrapping Geocoding Displacement
SAR '~ Back gecodin e | e el B
images | & ne Formation : faphu-unwrapping i1 Range-Doppler
| Enhanced Spectral ! | Goldstein Phase ! | . ! Terrain Correction | !
! . . P o . Phase to Dispalcement ! | .
Diversity i Filtering o 1

i i <zt No
| Chinese-BERT-wwm-ext NER croups {WeibOJ i
| Fine-tuni | e : e :
ine-tuning | ' Deepseck-R1 SA CRISPE Initial SA |
; ' prompt prompt
NER model ; Text
Prediction ; i Yes
Named Entity 3 i Sentiment
‘Recognition(NER) i Location Sentiment | READEE Selprompt analysis(SA) |

2.3 Analyzing Spatiotemporal Characteristics and Mining Topics in Affected Areas Using Dual-
Dimensional Information

Topic Transition ‘

Co-occurrence Network Topic Transition
Weibo | Keyword ky Q= L [A - ﬂ} a(cicp)
A |k ke ks | K2 ZmZ]_: U om |79

3

B |ky |ks —

/ 1 1
p = ! |
/ i i ) o _ IR 1 '
{ (" (" o = v ! !
ioj' 2\ A\ i it s AY [ !
i 1 " ot = 4 } i ') N
\ \ '1- S b > 7 v ' !
| < e } i
\ A g >~ & ' !
\ oo 4 I !
\ 3 ot ” LY ' '
i D X s i e | ! P
& - N H i
! i N
( L | ! NF w=5
{ { J Negative | | i \
R S ST : ;

py il ppt

'S
S

Figure 1. Workflow of the proposed framework.

2.1. Assessing Physical Damage with SAR Imagery

Differential Interferometric Synthetic Aperture Radar (D-InSAR) exploits the phase
difference between two SAR imagery to detect subtle surface deformations with millimeter-
level precision [25]. Following an earthquake, D-InSAR facilitates rapid quantification of
the spatial distribution and magnitude of surface displacement, providing a reliable quan-
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titative basis for physical damage assessment [26]. In this study, a two-pass D-InSAR pro-
cessing strategy was adopted to streamline the workflow and accelerate computation.

The D-InSAR workflow began with precise orbit correction and co-registration of the
master and slave images. To prevent phase discontinuities between adjacent burst inter-
ferograms, an azimuth co-registration accuracy of 0.001 pixels was required. Residual off-
sets were estimated using the Enhanced Spectral Diversity (ESD) technique, improving
subpixel-level registration accuracy [27]. Subsequently, interferograms were generated
and filtered with the Goldstein adaptive filter to suppress phase noise and enhance phase
continuity. The 30 m SRTM DEM was applied to remove the topographic phase compo-
nent, thereby minimizing distortions caused by orbital residuals and terrain-dependent ef-
fects. Phase unwrapping was subsequently performed using the SNAPHU algorithm [28]
to ensure spatially consistent recovery of the absolute phase. The unwrapped interfer-
ogram was then geocoded into the WGS84 geographic coordinate system to derive the
line-of-sight (LOS) deformation field.

To convert the LOS deformation field into an interpretable indicator of physical dam-
age, coseismic displacement was used as a proxy for structural disturbance, with larger
surface deformation typically reflecting more severe impacts on buildings and infrastruc-
ture. Accordingly, the affected area was classified into three deformation-based damage
levels—severe (>3 cm), moderate (1-3 cm), and minor (<1 cm)—as summarized in Table 1.
This scheme provides a quantitative basis for mapping damage patterns and supports the
subsequent spatiotemporal analysis.

Table 1. Classification of physical damage levels based on surface deformation.

Level Damage Category Surface Deformation (cm)
1 Severe >3
2 Moderate 1-3
3 Minor <1

2.2. Extracting Disaster Information in Social Media

Social media constitutes a rich source of disaster-related information and thus rep-
resents a valuable resource for situational awareness [29,30]. However, the inherently un-
structured nature of social media data poses challenges for direct application in disaster as-
sessment. To address this, natural language processing (NLP) techniques were employed
to extract structured disaster-related information, including the locations of affected areas
and public sentiment regarding disaster progression and relief interventions.

2.2.1. Extracting Disaster-Affected Locations in Sina Weibo Texts

Geotagged posts typically represent fewer than 10% of all available social media
data [31,32]. Nevertheless, Texts often contain implicit references to affected locations [33].
Named Entity Recognition (NER) is a widely used technique for automatically extracting
location and other relevant entities from unstructured text [34,35]. In this study, we em-
ployed a NER approach based on the BERT-WWDM-ext [36], an open-source Chinese pre-
trained model. The Whole Word Masking (WWM) strategy during pre-training, which
masks entire Chinese words rather than individual characters, enhances the model’s abil-
ity to preserve semantic integrity, improving robustness in downstream NER tasks [37].

A BIO annotation scheme was employed manual labeling of disaster-related Weibo
data, where “B” denotes the beginning of an entity, “I” indicates its continuation, and
“O” represents tokens outside any entities. A dataset comprising 1000 annotated instances
was constructed, targeting location entities exclusively, and partitioned into training, vali-
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dation, and test sets in a 6:2:2 ratio. Model performance was primarily evaluated using the
F1-score, defined as Equation (1):

Fl-score 2 X Precision x Recall )
"~ Precision + Recall ’

2.2.2. Analyzing Sentiment in Sina Weibo Texts

Public sentiment strongly correlates with critical factors such as damage severity and
the progress of relief efforts. A high prevalence of negative sentiment can indicate severe
or urgent disaster conditions [38], providing valuable support for emergency response in
events such as earthquakes [39] and typhoons [40].

Sentiment analysis (SA) methodologies can be broadly categorized into two groups.
Dictionary-based methods [39] use manually constructed lexicons but require frequent up-
dates. Machine learning-based approaches, especially deep learning techniques [41], can
automatically learn semantic features but typically demand large labeled datasets and sub-
stantial computational resources. More recently, large language models (LLMs) have ad-
vanced SA performance with minimal task-specific annotation, demonstrating superior
generalization and robustness in complex contexts [42—44].

DeepSeek-R1 [45] demonstrates strong capabilities in contextual modeling and seman-
tic reasoning, with prior studies reporting high performance in both radiology report gen-
eration [46] and general NLP tasks [47]. Accordingly, we employed DeepSeek-R1 [43] as
our sentiment analysis tool. Prompt engineering, a critical technique for enhancing LLM
outputs, was implemented to improve the accuracy and reliability of sentiment classifica-
tion [48,49]. A specialized prompt optimization strategy was adopted. First, task require-
ments were communicated to the model to generate an initial SA prompt. This was fol-
lowed by multiple rounds of interactive refinement, progressively improving the prompt
until the final version was obtained (Figure 2). The CRISPE (Capacity/Role, Insight, State-
ment, Personality, Experiment) framework was applied to systematically guide prompt re-
finement, mitigating uncertainties inherent in LLM-based open-ended text generation [50].
Furthermore, the decoding temperature parameter was fixed at zero to reduce stochastic
variability in model outputs.

Generate a prompt for an
"Sentiment Analysis Expert"

Prompt
Prompt
Al Refinement
Input Output
Yes SA Prompt Weibo Sentiment
Prompt Optimization Sentiment Analysis

Figure 2. Iterative prompt optimization workflow for SA, with the refined prompts subsequently
applied to generate SA outputs.
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DeepSeek-R1 generated sentiment classifications by categorizing texts into three
classes: positive, negative, and neutral. The inclusion of the neutral category helps prevent
the misclassification of news reports and other non-opinionated content as either positive
or negative.

To validate the effectiveness of DeepSeek-R1 for Chinese sentiment analysis, we used
the publicly available ChnSentiCorp dataset (https://aistudio.baidu.com/datasetdetail/15
8737, accessed on 4 December 2025) [51] was employed as a benchmark (Table 2). The
dataset consists of two sentiment categories—positive and negative. As the original
prompt was designed for three-way classification (positive, negative, and neutral), it was
adapted for this evaluation by constraining the output to two classes while maintaining
the overall prompt structure.

Table 2. Sample distribution of the ChnSentiCorp dataset.

Dataset Train Test Val
ChnSentiCorp 9600 1200 1200

2.3. Analyzing Spatiotemporal Characteristics and Mining Topics in Affected Areas Using
Dual-Dimensional Information

2.3.1. Analyzing Spatiotemporal Characteristics of Public Sentiment with Different
Physical Damage

Building on the spatial distribution of surface deformation derived from D-InSAR
analysis, this study further integrates social media—based sentiment data to characterize
their spatiotemporal patterns.

1.  Construction and Quantification of Public Sentiment Grids

Sentiment expressed by social media users not only reflects individual attitudes but
can also represent broader collective sentiment, including that of populations not actively
engaged on these platforms [52,53]. To quantify spatial variations in public sentiment, GIS-
based spatial aggregation was applied to convert discrete point-level sentiment data into
aregular grid structure. The study area was divided into 100 m x 100 m grid cells, within
which the ratio of positive to negative sentiment was used to derive a composite sentiment
index. The sentiment index for each grid cell was computed as Equation (2)

Posj — Negj
Ej=5——71—, 2)
Pos; 4 Neg;
where E; denotes the sentiment index of the j-th grid cell, Posj and Neg; represent the num-
ber of positive and negative sentiment samples within the cell, respectively. The index
ranges from —1 to 1, with values approaching 1 indicating predominantly positive senti-
ment, values near —1 indicating predominantly negative sentiment.

2. Spatiotemporal Analysis of Dual-Dimensional Information

Following the deformation-based classification (Table 1), the study area was seg-
mented into three physical damage levels. Subsequently, a GIS-based spatial overlay anal-
ysis was conducted to integrate the sentiment grid data with the surface deformation re-
sults, enabling a joint examination of both physical and social dimensions. The temporal
evolution of sentiment indices was then analyzed in relation to varying degrees of physi-
cal damage, revealing the spatiotemporal association between physical damage and public
sentiment. This integrated analytical approach facilitates the precise identification of areas
exhibiting both severe physical damage and persistently negative sentiment. Such areas
represent critical priorities for post-disaster relief operations. Moreover, the temporal evo-
lution of public sentiment provides insights into shifting rescue priorities, thereby support-


https://aistudio.baidu.com/datasetdetail/158737
https://aistudio.baidu.com/datasetdetail/158737

Appl. Sci. 2025, 15, 13125

7 of 22

ing adaptive allocation of relief resources and enhancing situational awareness throughout
the disaster process.

2.3.2. Analyzing Disaster-Related Topics Based on Semantic Networks

Semantic networks were constructed for each disaster phase, and community detec-
tion algorithms were applied to identify clusters of disaster-related topics and their tem-
poral transitions. By comparing topic structures associated with positive and negative
sentiments, the key factors driving sentiment recovery were identified.

1.  Extraction Disaster-Related Keywords

Disaster-related keywords capture the essential information within textual content,
enabling a concise semantic representation that facilitates rapid understanding of disaster-
related topics. Chinese lacks explicit word boundaries (e.g., spaces) between lexical
units. The widely used Jieba segmentation tool was adopted for Chinese word segmen-
tation. And stop words—such as “ff]” (possessive marker), “ T ” (aspect marker), and “7£”
(preposition) —which convey limited semantic value, were removed to improve analytical
efficiency and accuracy.

The TF-IDF method [48] was then employed to extract representative keywords, pre-

sented as Equations (3)—(5):
ni, ]

TF; = ank,j’ ®)

D
IDF; = log —————— 4
PTG € 4y @
TF-IDF; ; = TF; ; x IDF;, ®)

where n;, j denotes the number of occurrences of term i in document j, )y ny j represents
the total number of terms in documentj, D is the entire corpus; and [{j: t; € d;}|indicates
the number of documents containing term i.

2. Construction Disaster-Related Semantic network

Each Weibo post was treated as an individual document, and the co-occurrence fre-
quencies of keywords within each post were computed to construct a term co-occurrence
matrix. This matrix was subsequently transformed into a weighted, undirected network,
where nodes represent keywords and edge weights correspond to the frequency of their
co-occurrence across the corpus (Figure 3).

3. Detection Disaster-Related Community

The Louvain modularity maximization algorithm was applied to detect communities
within the semantic network, thereby identifying clusters of keywords that frequently co-
occur within the same semantic context. Each detected community represents a potential
thematic group, allowing a more detailed exploration of post-earthquake public needs and
societal responses. In the Louvain algorithm, modularity Q serves as the primary metric
for assessing the quality of community partitioning, as defined in Equation (6):

:H 1] 2m

1 ki k;
Q . {Ai,j - ]}O-(Ci/ G), (6)

Here, A; j denotes the weight of the edge between nodes i and j, k; represents the
degree of node i, m is the sum of the weights of all edges in the network, and o(c;, ¢)
is an indicator function that equals 1 if nodes i and j belong to the same community, and
0 otherwise.
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Figure 3. Keyword extraction and semantic network construction.

3. Study Area and Data
3.1. Stuay Area

On 18 December 2023 at 23:59 Beijing Time, a magnitude 6.2 earthquake occurred
in Liugou Township, Jishishan Bonan-Dongxiang-Salar Autonomous County (35.70° N,
102.79° E). The event originated at an approximate focal depth of 10 km, and the epicen-
tral region experienced a maximum intensity of VIII on the China Seismic Intensity Scale.
Jishishan Bonan-Dongxiang-Salar Autonomous County (hereafter, Jishishan) was selected
as the study area due to its status as one of the most severely affected regions. The county
has a population of approximately 240,000. By the end of 2023, mobile phone penetra-
tion reached 115.6 units per 100 inhabitants, with 4G/5G users comprising roughly 93% of
all mobile subscribers [54]. Such widespread mobile infrastructure ensures broad access to
online platforms, including Sina Weibo, thereby providing a robust basis for leveraging so-
cial media—derived Volunteered Geographic Information (VGI) to assess disaster impacts.
The fundamental geographical and disaster-related context of the study area is illustrated
in Figure 4.

3.2. Data Acquisition
3.2.1. Social Media Data Acquisition

Sina Weibo, one of China’s largest microblogging platforms, enables users to share
text, images, and short videos, often accompanied by hashtags, mentions, and geotags.
These features generate rich, structured, and georeferenced content, which can be ex-
ploited for targeted data retrieval, advanced filtering, and spatially explicit analyses, mak-
ing Weibo a valuable source of Volunteered Geographic Information (VGI) for disaster
research. A Python-based (version 3.8.3) data collection framework was developed to ac-
quire earthquake-related posts via the platform’s “Advanced Search” function. Posts con-
taining disaster-specific keywords (e.g., “Gansu Earthquake,” “earthquake,” “Jishishan
Earthquake”) were retrieved within the temporal window of 18-26 December 2023, cap-
turing the post ID, content, and timestamp. After removing duplicate entries based on

post ID, a total of 28,051 unique Weibo posts were retained for subsequent analysis.
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Figure 4. Geographical overview of the study area, showing (a) land-use [55] patterns and
(b) population distribution [56].

3.2.2. Remote Sensing Data Acquisition

Remote sensing data were obtained from the Sentinel-1 satellite mission, operated by
the European Space Agency (ESA), which provides all-weather, day-and-night imaging for
consistent monitoring of disaster-affected areas. Two Sentinel-1A Interferometric Wide
(IW) mode scenes, acquired before (2 December 2023) and after (26 December 2023) the
earthquake, were selected for analysis.

4. Result

4.1. Disaster Information Extraction from Social Media
4.1.1. Locations Extracted in the Affected Areas

The fine-tuned BERT-WWDM-ext achieved satisfactory performance on the test set, as
summarized in Table 3. However, the model exhibit certain limitations when processing
nested entities [57]. For instance, the location entity “F{f 1 £ K Z#8” (Jishishan County
Dahejia Town) is occasionally recognized as “f7 Ll £ KA #” (Shishan County Dahejia
Town). This error likely results from the model’s morpheme segmentation, in which the
character “#1” is misinterpreted as a non-toponymic morpheme (e.g., “accumulation”),
leading to incorrect boundary segmentation.
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Table 3. Evaluation results of the fine-tuned BERT-WWM-ext model.

Model Precision (%) Recall (%) F1-Score (%)
BERT-WWM-ext (fine-tuned) 83.01 87.59 85.24

Using the fine-tuned BERT-WWM-ext model, a total of 3536 unique location entities
were extracted from Weibo posts collected during this earthquake. These entities were
geocoded using the Amap API (https://Ibs.amap.com/api/webservice/guide/api/georegeo,
accessed on 4 December 2025) [58], and the resulting coordinates were standardized
to the WGS84 reference system. Higher-level administrative divisions (e.g., provinces,
prefecture-level cities, and counties/districts) were excluded according to the study re-
quirements, retaining only fine-grained entities such as towns, townships, villages, and
points of interest (POls). Entities located outside the study area were further removed,
yielding a final set of 507 unique locations for spatial analysis.

4.1.2. Public Sentiment Extracted from Sina Weibo

The first, referred to as the expert prompt, guided DeepSeek-R1 in generating and
iteratively refining task-specific prompts for sentiment analysis (SA). The second, termed
the SA prompt, was used to perform sentiment classification of Weibo texts. The contents
of both prompts are summarized in Table 4.

Table 4. Contents of the Expert Prompt and Sentiment Analysis Prompt.

Expert prompt:

You are a large language model prompt engineering expert. Please generate a prompt for an intelligent
assistant according to the user’s requirements, following these rules:

1. Align with the user’s needs, specifying the assistant’s role, capabilities, and knowledge base.

2. Ensure the prompt is clear, precise, and concise, while maintaining high quality.

3. Output only the prompt itself, without any additional explanations.

Sentiment analysis prompt:

## Role

You are a sentiment classification expert, specialized in identifying the sentiment polarity of text. With
extensive experience in sentiment analysis, you can accurately recognize the sentiment tone expressed in any
given text.

## Capabilities

1. Sentiment Classification: Accurately determine whether the text expresses “Positive,” “Negative,” or
“Neutral” sentiment.

## Output Requirements

1. Output only the sentiment classification result; do not include explanations or additional text.

2. The output must be one of the following three options: “Positive,” “Negative,” or “Neutral.”

3. Maintain a clear, concise, and structured output format.

## Procedure

1. Read the input text carefully.

2. Determine its sentiment polarity.

3. Output the classification result according to the Output Requirements.

## Example

Input: “Please stop the earthquakes. I really can’t sleep anymore.”

Output: Negative

Input: “May the world be free from disasters. The people of Gansu must persevere!”

Output: Positive

Inference was conducted on the test set from the ChnSentiCorp. The results are sum-
marized in Table 5. Furthermore, the SA prompt was applied to analyze disaster-related
Weibo posts. Using DeepSeek-R1, the texts were classified into three sentiment categories —


https://lbs.amap.com/api/webservice/guide/api/georegeo

Appl. Sci. 2025, 15, 13125

11 of 22

positive, negative, and neutral —while ensuring consistent formatting and semantic coher-
ence. Representative examples of the classification results are presented in Table 6.

Table 5. Performance metrics of the DeepSeek-R1 model evaluated on the ChnSentiCorp test set.

Model Accuracy (%)  Precision (%) Recall (%) F1-Score (%)
DeepSeek-R1 96.90 98.14 95.49 96.80

Table 6. Representative examples of sentiment classification results on disaster-related Weibo posts
using the DeepSeek-R1 model.

Number Weibo Post (Chinese) Weibo Post (English) Sentiment
Wishing the world could be free
1 A B FBCA RAE, TN R IR RR T 2 from disasters. Hang in there, Positive
Gansu!
It's Winter Solstice after the quake.
. e s - A hot pot of noodl t
2 SRISMXE, AR A ORI, us 1;) pSOur?/i\rfl(())lZ irf tseorlrllpo;)a‘;varm Positive
B2 B 1952 G A 5 RS 7 P- porary
shelters and volunteers are still
holding on.
Just fell asleep and the quake
3 WIHHE B PR R, PRPE SR IR R ZY, shook me awake. The bed was Negative
IAEZRANERIE S 1 swaying so hard. Too scared to &
sleep now.
I literall d out of
4 }\ﬁﬁ’j AR T, w‘;’fsls IT?If:t ii)iiﬁlt \(/)vlzlas(;omy Negative
50— 18] 2L P T S T . o &
terrifying.
After the quake, some areas got hit
R RAESE, really bad. Rescue and aid efforts
5 B X 52 R H . BARAOR TAEA 14T, are underway. Aerial shots of the Neutral
=, Rdk DR 5 Bk ], epicenter show teams working
ENEEINN-LISEN between buildings, with lots more
emergency tents now.
4.2. Spatiotemporal Characteristics of Disaster Impacts in Affected Areas Based on
Dual-Dimensional Information
To systematically analyze the spatiotemporal characteristics of dual-dimensional in-
formation after the earthquake, the disaster process was divided into three phases: Re-
sponse phase, Rescue phase, and Recovery phase. The specific temporal ranges and char-
acteristics of each phase are summarized in Table 7.
Table 7. Post-disaster phases, temporal ranges, and key characteristics.
Phase Temporal Range Key Characteristics
Response phase 19 December Immediate emergency response, situation assessment, and rapid mobilization.
Rescue phase 20-21 December Large-scale search, rescue, and relief operations.
Recovery phase 22-26 December Resettlement arrangements and preparation for reconstruction efforts.

4.2.1. Spatial Distribution of Physical Damage in Affected Areas

The deformation map shows a maximum line-of-sight (LOS) displacement of 8.5 cm
(Figure 5a), which is close to previously reported studies [59]. Based on the classification
criteria summarized in Table 1, the deformation field was categorized into three levels—
minor, moderate, severe—yielding the classified deformation map shown in Figure 5b. In
the Dahejia-Liuji-Chuimatan area, the displacement falls within the severe deformation
category according to this classification, and the affected zone exhibits an approximately el-
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liptical pattern, with a major axis of ~23 km and a minor axis of ~18 km. Integration of build-
ing distribution data [60] and road network information [61] shows that the study area has
underdeveloped transportation infrastructure and relatively low local economic develop-
ment. Most settlements are aligned along roads, forming linear clusters corresponding to
town and village centers, whereas mountainous areas are largely uninhabited. Dahejia
(A1) and Chuimatan (A2) exhibit relatively dense and well-connected road networks. In
contrast, within the most severely affected area (red ellipse), transportation infrastructure
is limited: only a single major arterial road traverses the region, while the remaining roads
with restricted traffic capacity. For instance, villages marked in purple (V2) rely on several
tertiary-level roads for access, whereas green-marked villages (V1) depend primarily on
the G310 highway for connectivity.
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Figure 5. D-InSAR deformation results and corresponding damage levels. (a) Map of LOS defor-
mation field with administrative boundaries, red circle indicate areas severely affected by the earth-
quake. (b) Deformation-based damage levels with road networks and building distribution.

This decentralized settlement pattern, combined with a fragile and sparse road net-
work, presents substantial challenges for post-earthquake rescue and relocation operations.
Rescue efforts must be dispersed across numerous small and spatially isolated communi-
ties, substantially increasing the complexity of coordination and resource allocation. More-
over, the limited road network is highly susceptible to congestion and disruption caused
by secondary hazards, thereby constraining access for external rescue teams and leading
to supply shortages, isolated populations, and uneven aid distribution. To address these
challenges, we further incorporated social media data to identify affected locations and
capture public responses across different regions during the disaster process.

4.2.2. Temporal Evolution of Public Sentiment in Weibo Texts

We analyzed the temporal evolution of public sentiment across the entire study area,
with results illustrated in Figure 6. On the first day following the earthquake (19 Decem-
ber), public sentiment exhibited pronounced volatility, with a sharp surge in negative sen-
timent forming the first peak (P1), reflecting widespread shock and anxiety to the sudden
event. Beginning on the second (20 December), sentiment dynamics became more regular.
Positive sentiment displayed a distinct diurnal oscillation characterized by daytime peaks
and nighttime troughs, with gradually increasing amplitudes over subsequent days. This
trend indicates a progressive stabilization of the overall emotional state of the public. Anal-
ysis of Weibo posts suggests that this stabilization was closely associated with the timely
organization of governmental rescue and relief operations, which helped alleviate public
panic [62]. However, negative sentiment remained persistently elevated during nighttime
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periods, likely reflecting limited nighttime rescue activity and insufficient dissemination
of relief information, which exacerbated public anxiety and uncertainty. Based on these
observations, emergency management should prioritize the allocation of rescue resources
and psychological support measures during nighttime hours, as such interventions can
effectively reduce the accumulation of negative sentiment.
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Figure 6. Positive and negative sentiment trends following the earthquake.

A second pronounced peak (P2) in negative sentiment occurred on 25 December,
driven by memorial events that triggered widespread grief and emotional resonance across
social media platforms. Accordingly, disaster management authorities should strengthen
sentiment monitoring and public guidance during collective mourning activities to ensure
their orderly conduct and mitigate potential psychosocial ripple effects. These measures
are essential for reinforcing people-centered principles and promoting risk-informed coor-
dination within comprehensive emergency management frameworks [62].

4.2.3. Spatiotemporal Association Between Surface Deformation and Public Sentiment

Figure 7 illustrates the spatiotemporal dynamics of public sentiment superimposed on
the spatial distribution of physical damage. Sentiment is visualized using a gridded repre-
sentation, with grid cells of 1 km x 1 km. Color intensity indicates sentiment, with warmer
tones representing stronger positive sentiment and cooler tones representing stronger neg-
ative sentiment. The figure is organized into three panels, each corresponding to one post-
earthquake phase. Spatially, negative sentiment is predominantly concentrated in areas ex-
periencing significant surface deformation, underscoring the dominant influence of physi-
cal damage on public emotional responses. Temporally, sentiment grids in the initial stage
are sparse and largely negative, reflecting limited information flow and heightened public
concern immediately after the event. As the disaster response progresses, the density of
sentiment grids increases, and positive sentiment gradually becomes predominant, signal-
ing growing public confidence as rescue and relief efforts intensify. Table 8 provides the
detailed sentiment proportions across the three phases.

In the Response phase (19 December), negative sentiment accounts for 44.38% of
all sentiment expressions (Table 8). Spatially, negative sentiments were primarily con-
centrated in the severely damaged areas (Figure 7a), such as Al (Liuji Town) and A3
(Chuimatan Town). Notably, although A2 (Dahejia Town) also lies within a zone of pro-
nounced surface deformation, its sentiment distribution was predominantly positive. This
divergence suggests that severe physical damage does not necessarily translate into uni-
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formly negative public sentiment across space, highlighting the need for further topic-level
analysis to explore the contextual factors shaping these differences.
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Figure 7. Spatiotemporal characteristics of public sentiment and physical damage across three post-
earthquake phases: (a) Response phase (19 December), (b) Rescue phase (20-21 December), and
(c) Recovery phase (22-26 December).

Table 8. Proportions of sentiment by post-disaster phase.

Phase Negative (%) Positive (%) Neutral (%)
Response phase 44.38 38.81 16.81
Rescue phase 31.50 52.73 15.77
Recovery phase 22.35 59.32 18.33

Entering the Rescue phase (20-21 December), negative sentiment decreased to 31.50%,
while positive sentiment increased substantially to 52.73%, indicating a clear shift toward
positive public sentiment (Table 8). Spatially, as illustrated in Figure 7b, severely dam-
aged areas showed a pronounced decline in negative sentiment. The positive sentiment
cluster previously observed in A2 expanded into a larger contiguous cluster (A4), while
A3, which had been dominated by negative sentiment in the preceding phase, transitioned
to a predominantly positive sentiment pattern (A6). In minor-damage areas, early negative
sentiment largely dissipated, and sentiment stabilized toward neutral or positive expres-
sions, suggesting that psychological stress was effectively mitigated as rescue coverage
expanded. Notably, a new cluster of negative sentiment emerged in A7, which, according
to Weibo text analysis, primarily reflected concerns about the safety of family and friends
rather than direct responses to physical damage.



Appl. Sci. 2025, 15, 13125

15 of 22

During the Recovery phase (2226 December), positive sentiment further increased
to 59.32%, and negative sentiment declined to 22.35% (Table 8). Spatially (Figure 7c), Neg-
ative sentiment had largely dissipated across the study area, persisting only in isolated
localities. The sentiment grids during this phase were denser and exhibited a broader spa-
tial distribution, covering much of the study area. Against this backdrop of widespread
recovery, A8, one of the most severely affected areas, remained an exception, with residual
negative sentiment persisting. This spatial pattern underscores the heterogeneity of post-
disaster sentiment recovery: despite the overall stabilization of public sentiment, regions
experiencing severe physical damage tend to recover more slowly and are more prone to
sustained negative expressions.

Across the evolution of the disaster, remote sensing and social media data exhib-
ited consistent information on disaster impacts. Negative sentiment was primarily con-
centrated in areas experiencing the most severe surface deformation, with both its spa-
tial extent and intensity gradually diminishing over time. At the same time, analysis of
social media sentiment reveals notable heterogeneity. For example, regions R1 and R2
experienced comparable levels of surface deformation, yet their sentiment trajectories dif-
fered markedly. R1 exhibited early emergence of positive sentiment, which progressively
strengthened over time, whereas R2 maintained persistently high levels of negative senti-
ment. These divergent patterns may reflect differences in the distribution and effectiveness
of rescue efforts. R1, with a more developed road network than R2, likely benefited from
more efficient resource allocation and deployment of rescue teams, resulting in a faster shift
toward positive sentiment. This disparity highlights the need for further analysis of local
social media content to identify the key factors driving sentiment heterogeneity, which can
inform targeted resource allocation and guide effective disaster mitigation strategies.

4.3. Topic Transitions of Semantic Network in Affected Areas

To further explore the factors driving differing sentiment patterns in representative
heterogeneous regions, we focus on R1 and R2 (Figure 7). For each region, semantic net-
works were constructed for each phase, and Louvain community detection was applied to
identify topic clusters.

In Response phase, the positive sentiment network in R1 comprised three clusters
(Figure 8a): (1) the orange cluster, with topic of supply distribution and evacuee reloca-
tion; (2) the blue cluster, with topic of infrastructure emergency repair and rescue efforts
deployment; (3) the green cluster, with topic of search and rescue operations for trapped
individuals. Core keyword such as “#$(” (Search and Rescue) and “i%£7"” (Overnight)
were strongly linked to high-frequency keywords including “#£|” (Arrive) and “fit5”
(Supplies), suggesting that this region benefited from timely relief efforts following the
earthquake. The dominance of positive sentiment reflects public recognition and trust in
the efficiency and promptness of these efforts. The negative sentiment network in R2 also
consisted of three clusters (Figure 8b): (1) the orange cluster, with topic of building damage;
(2) the purple cluster, with topic of emergency infrastructure repairs; (3) the green cluster,
with topic of dissemination of casualty-related information. Core keyword such as “#(1-"
(Perish), “f5135” (Collapse) and “42/&” (Aftershock) emphasize severe life-threatening con-
ditions and secondary disaster risks. Additional keywords, including “/%H.” (power out-
ages), “18#” (Roads) and “¥i&"” (Distance), highlighted obstructive factors such as dis-
rupted transportation and challenging environmental conditions, which may have delayed
the arrival of rescue efforts. Public sentiment in this region was dominated by anxiety and
apprehension, largely driven by physical damage and concern for personal safety. Overall,
during Response phase, R1’s semantic network emphasized rescue and relocation, corre-
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sponding to predominantly positive sentiment, whereas R2’s network centered on damage
and disruption, aligning with persistent anxiety and concern.
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Figure 8. Semantic network graph during Response phase. (a) Network of topics in R1; (b) Network
of topics in R2.

In Rescue phase, the positive sentiment network in R1 comprised four main topic
clusters (Figure 9a): (1) the blue cluster, with topic of search and rescue of trapped indi-
viduals; (2) the orange cluster, with topic of livelihood support and restoration of order;
(3) the purple cluster, with topic of supply distribution and service provision; (4) the green
cluster, with topic of sentiment support and psychological care. Core keyword “%&” (Re-
settlement) was densely linked with keywords such as “Supplies” (fft}i7), “Rescue Teams”
(RIEPN), “Tents” (k%) and “Beef Noddle” (4 H), reflecting the effective coordination
of rescue efforts and the diversity of relief supplies. The persistence of positive sentiment
suggests that R1 had entered a phase characterized by stable resettlement, livelihood sup-
port, and psychological recovery. The negative sentiment network in R2 consisted of three
topic clusters (Figure 9b): (1) the green cluster, with topic of resettlement and livelihood
support; (2) the blue cluster, with topic of urgent rescue operations and resource scarcity;
(3) the orange cluster, with topic of sentiment impact and casualty-related information.
Core keyword “Rescue” (Bl#E), together with keywords such as “urgently needed” (5.7%),
“injured” (3%1%) and “Deceased” (i) reflects a persistent state of acute emergency driven
by ongoing rescue demands and environmental constraints. Negative sentiment was fur-
ther reinforced by grief-related expressions such as “¥ii{H” (tearful), underscoring the sus-
tained psychological burden on affected populations. Overall, in Rescue phase, R1 empha-
sized livelihood support, psychological recovery, and community cohesion, with positive
sentiment predominating. In contrast, sentiment in R2 remained dominated by anxiety
and grief, shaped by insufficient rescue capacity, resource shortages, and continued hu-
man losses.

In Recovery phase, the positive sentiment network in R1 comprised three topic clus-
ters (Figure 10a): (1) the blue cluster, with topic of infrastructure development and im-
provement of living conditions; (2) the green cluster, with topic of interim resettlement
and material supply; (3) the purple cluster, with topic of emergency response and safety
maintenance. Core keyword remained “Resettlement” (% &), keywords such as “Power
supply” (H./J#tRi) and “Prefabricated house” (il J7) highlight the ongoing restoration
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of essential services and notable improvements in living conditions. The predominance
of positive sentiment indicates a steady transition from emergency response toward re-
covery and reconstruction. The negative sentiment network in R2 comprised two topic
clusters (Figure 10b): (1) the green cluster, with topic of mourning and commemoration
of the deceased; (2) the orange cluster, centered on prolonged socio-economic challenges.
Keywords such as “Mourning” (% 1#) and “Tribute” (f{#) reflect a profound sense of loss
and grief, whereas keywords including “Elderly” (£ \), “Poverty” (3 ) and “Old house”
(IHJ%) indicate low community resilience, encompassing an aging population, left-behind
children, and inadequate housing conditions. Negative sentiment gradually shifted from
immediate rescue pressures to deeper reflections on structural vulnerabilities and long-
term recovery challenges. Overall, during Recovery phase, the semantic network in R1
emphasized infrastructure restoration and improvements in resettlement, with dominant
positive sentiment indicating a steady transition toward recovery and reconstruction. In
contrast, R2’s negative sentiment increasingly reflected the commemoration of lives lost
and persistent indicators of low community resilience, highlighting ongoing challenges in
the region’s post-disaster recovery.
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Figure 9. Semantic network graph during Rescue phase. (a) Network of topics in R1; (b) Network of
topics in R2.

The above results indicate that post-disaster topics revealed a staged pattern of so-
cial response: initial with expressions of fear and concern for personal safety, followed
by demands for search-and-rescue and relief supplies, and finally attention to reconstruc-
tion and the resumption of daily life. Comparative analysis of regional topic variations,
particularly concentrations of negative sentiment in areas with limited rescue coverage,
can help identify regions where relief efforts may be insufficient and support the dynamic
adjustment of resource allocation to mitigate inequities in disaster response.
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Figure 10. Semantic network graph during Recovery phase. (a) Network of topics in R1; (b) Network
of topics in R2.

5. Conclusions

We propose a novel framework integrating Sina Weibo data and Sentinel-1 SAR im-
agery to achieve continuous and dynamic monitoring of disaster-affected areas. The frame-
work’s effectiveness was demonstrated through the case of the Jishishan earthquake in
2023. The results highlight several key findings. First, continuous monitoring of post-
disaster conditions is achieved by combining social media with remote sensing. Surface
deformation from Sentinel-1 provides a baseline assessment of the affected areas, while
sentiment extracted from Weibo posts reflects the ongoing evolution and progression of
disaster impacts. Second, severely damaged areas and the spatial distribution of negative
sentiment have strong consistency. Physical damage shaped the initial spatial distribution
of sentiment, and regions experiencing more severe damage showed slower sentiment re-
covery. Third, semantic network analysis and topic transitions across regions revealed that
rescue efforts serve as the primary driver of sentiment recovery, while factors such as ac-
cessibility and social resilience indirectly influenced the process by affecting the efficiency
and reach of rescue efforts. Overall, remote sensing provides precise yet static measure-
ments of physical damage, while social media captures on-the-ground needs and social
responses, reflecting the evolving dynamics of the disaster. By integrating these comple-
mentary data sources, the proposed framework enables dynamic and continuous disaster
monitoring. This capability is crucial for guiding the deployment of rescue forces and sup-
porting timely adjustments in response strategies, ultimately enhancing the efficiency of
disaster management.

Despite the promising results achieved using social media in this study, several lim-
itations should be noted. First, sentiment information can indicate the direction of rescue
efforts, but the current approach cannot assess resource needs across regions. Incorpo-
rating additional information, such as local population distribution and economic condi-
tions, could enable more precise estimation of localized demands in future research. Sec-
ond, the analysis relies predominantly on textual social media data. While effective for
capturing public sentiment and focal concerns, richer multimodal information—such as
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images—could provide more direct evidence of on-the-ground conditions and enhance
disaster perception. Third, the availability of social media data depends on local popu-
lation usage and network accessibility. communication infrastructure disruptions during
disasters may lead to local data gaps, particularly in the initial phase. Although contin-
uous monitoring over the following seven days captured a marked increase in data as
network connectivity was restored, in sparsely populated or connectivity-limited areas,
data scarcity may lead to underestimation of disaster conditions. Future studies should
consider these limitations and explore integrating alternative data sources to improve the
robustness and applicability of social media—based disaster assessments.
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