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Contents
To couple satellite remote sensing with social media data, and establish an intelligent, 

automated, and streamlined service for disaster reduction response.

ü Why precise AOI is vital for data 

retrieval

ü How to collect remote sensing data and 

social media data automatically and 

effectively

ü Extend damage dataset for Intelligent 

Disaster Information Extraction

ü Disaster response case studies

Data Disaster 
information

Disaster risk 
reduction service

International Disaster Data & Information Service platform ID2IS 
https://www.chinageoss.cn/iddis



I .  Precise AOI is  Vital  for Disaster Data Retr ieval

• AOI， Area of Interest，

the affected area of 

disaster.

• Provide a specific range 

to filter out which 

remote sensing images 

can reflect the situation 

of the disaster.
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• From social media data, extract affected areas using geo-

parsing of places.

• Derive main AOIs by integrating: ① the affected extent from 

remote sensing data, ② affected areas extracted from social 

media data, and ③ officially reported disaster zones.

• Extract coarse disaster information from social media 

using geo-parsing and sentiment analysis

• Use remote sensing data for granular disaster information.

• Collaboratively leverage social media and remote sensing 

data to extract multi-perspective, multi-scale disaster 

information.

I I .  Automated Acquisit ion & Col laborative Analysis of  Disaster Data

Ø Precise AOI extraction 

combining remote sensing 

and social media data

Ø Collaborative extraction of 

disaster information from 

remote sensing and social 

media data



Precise AOI extraction from multi-source data (Thailand Flooding, 2021.9)
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AOI extraction incorporates following data sources：
• Basic AOI data provided by the Thai government
• Disaster AOI from Planet satellite remote sensing data
• AOI from social media images posted on Twitter
• Building distribution and administrative boundary

data from OpenStreetMap and DIVA-GIS platforms
• A comprehensive analysis identifies recommended AOI

areas for focused attention.

★ Extracting precise AOI affected by the disaster provides a crucial 
spatial window for coordinating satellite-based disaster data 

acquisition based on CDDR.

I I .  Automated Acquisit ion & Col laborative Analysis of  Disaster Data

Precise AOI extraction from multi-source data (Thailand Flooding, 2021.9)



• Public RS data automated aggregation from domestic and international sources
Employ an asynchronous acquisition strategy, utilizing open APIs provided by open data platforms. 

Multi-source Remote Sensing(RS) data retrieval, aggregation

I I .  Automated Acquisit ion & Col laborative Analysis of  Disaster Data

• Coordinate commercial RS data 

collecting from domestic and 

international sources
Obtain data from the Chang Guang, 

Gaofen, Zhuhai-1, and etc. satellite 

constellations via CDDR

(ChinaGEO Disaster Data Response ) 

mechanism; access Planet data through 

the Charter mechanism.



We have an integrated system for collecting multi-platform social media data: 

• Real-time social media data acquisition based on the Twitter API 

• Historical Twitter social media data retrieval based on web crawling 

• Chinese news media data retrieval based on web crawling 

• English news media data retrieval based on web crawling

Extraction of location information Training and information extraction by topic-based text models

Social media disaster data retrieval, aggregation, and processing

I I .  Automated Acquisit ion & Col laborative Analysis of  Disaster Data



Intelligent
models

Sample 
library

Disaster 
information 

quick extraction

Historical disaster 
knowledge 
provision

…

…

Multi-disaster 
generalized bi-

temporal image-
based building 

damage 
extraction 

model

Post-
earthquake 

building 
damage 

classification 
from UAV 
imagery

Flood
inundation 
area and 
damage 

information 
extraction

Forest 
fire 

burned 
area 

extracti
on

Landsli
de area 
extracti

on

Annotation &
dynamic 

supplementation

Training & 
dynamic updating
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• Models，codes and datasets availability 

1. Online models at platform ID2IS 2. Source codes of disaster information extraction model 

3. Data sharing of disaster RS sample library

https://doi.org/10.6084/m9.figshare.25332451.v1

https://doi.org/10.6084/m9.figshare.25285009.v1

• Extended Building Damage (EBD) dataset Covering 12 
Natural Disaster Events Worldwide (2019-2023)

• Road inundation dataset of Hurricane Delta 
(2020.10) and Hurricane Ian (2022.9)

• Building damage
• Landslide area
• Wildfire area

• Flood extraction 
• Road flood extraction
• ……

https://github.com/Zeoyoon/DisasterModels_ZJUGIS.git

https://www.chinageoss.cn/iddis
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Scene-level

Object-
level

Pixel-level

• focuses on the overall disaster 
assessment, based on the global 
situation and high-dimensional 
features of the whole image, and has 
a medium-high spatial resolution

• Focuses on the localization and 
identification of damaged 
object on post-disaster images

With the development of very-high-resolution 
satellite sensors such as WorldView, SuperView, 
Gaofen, and etc. , the details of ground objects 
reflected in images are becoming clearer

• Focuses on the  fine-grained 
disaster information, based on 
the pixel-level feature 
classification 

Pre-disaster 
image

Post-disaster 
image

Pre-
processing

Post-disaster 
image

Damage object 
identification

Damage information extraction based on 
single-temporal (post-disaster) image 

Damage information extraction based on 
bi-temporal (pre- and post-disaster) 
images

Change 
(damage) 

information 

Disaster information extraction 
at different spatial levels
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11. Semi-supervised construction of Disaster Sample Library

Challenges of sample library 
construction

Importance of sample library

1. It establishes benchmarks for precisely
identify disaster-affected areas and
systematically evaluating the disaster levels.

2. Research site: Sample library's accurately
annotated examples across diverse scenarios
allow development of robust machine
learning models tailored for disaster
applications

3. Application site: Sample library can serve as
a knowledge base that can be referred to
when a new natural disaster occurs, and aid
emergency response and quick mapping

1. Existing disaster-related RS datasets largely

focus on specific disaster types or events,

lacking transferability to new disaster

scenarios.

2. Existing disaster-related RS datasets mostly

remain static, lacking scalability and

extensibility.

3. Manual annotation for constructing the

library is costly and inefficient.

I I I .  Extend damage dataset for Intel l igent Disaster Information Extraction



Semi-supervised workflow of sample library construction 

• mainly driven by automatic model annotation, supplemented by 

manual supervision

• Step 1: Train a base annotation model on the 
xBD dataset by following the supervised setting. 
For the 1st run, each sample will get the pseudo 
labels. 

• Step 2: Randomly select a proportion of 
samples as the inspection set, and calculate the 
accuracy of pseudo labels. If the accuracy > 
threshold, proceed to Step 4 for sample post-
processing; otherwise, proceed to Step 3 for 
model optimization.        

• Step 3: Select and label a proportion of samples 
as the fine-tuning set. With the remaining 
unlabeled samples, implement the model‘s semi-
supervised optimization process. 

• Step 4: Implement post-processing work on 
pseudo labels. Finally, experts perform a quick 
check for all samples and correct those 
mislabeled bad cases.

I I I .  Extend damage dataset for Intel l igent Disaster Information Extraction



Transfer learning from existing disaster dataset to new disaster events

• Combining supervised fine-tuning with semi-supervised contrastive learning, utilizing only a small amount 
of manual annotation to achieve transfer optimization of the pre-trained model for the newly occurring 
disaster.

• The annotation model is able to perform automatic labeling of disaster images approximately consistent with 
the visual ground truth. 

• In this way, the newly-labeled samples of new disaster events have expand the knowledge capacity of 
historical disaster sample library dynamically and effectively.

Annotation example of Pakistan 
Flooding

Semi-supervised Fine-tune

Transfer learning 
framework
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★ Potential usage of models and sample library in real emergency response

Bouchard, I.; Rancourt, M.-È.; Aloise, D.; Kalaitzis, F. On Transfer Learning for Building Damage 
Assessment from Satellite Imagery in Emergency Contexts. Remote Sens. 2022, 14, 2532. 
https://doi.org/10.3390/rs14112532

1. Rapid disaster mapping: After a disaster occurs, the intelligent models can significantly shorten the emergency response 
time by quickly mapping the damaged areas. Also, the disaster sample library serves as a knowledge base, forming the data 
foundation for model training and continuous improvement.

2. Enhanced Accuracy: By substituting on-the-ground surveys, these models improve the accuracy and granularity of post-
disaster damage information. This leads to a more precise identification of affected areas and objects, facilitating better-
informed decision-making in disaster management.

Time saving

Manual 
annotation
Automatic 
annotation

https://doi.org/10.6084/m9.figshare.25332451.v1

https://doi.org/10.6084/m9.figshare.25285009.v1

• Extended Building Damage (EBD) dataset 
Covering 12 Natural Disaster Events Worldwide 
(2019-2023)

• Road inundation dataset of Hurricane Delta 
(2020.10) and Hurricane Ian (2022.9)
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2022.6  Pakistan Flooding

• Disaster Overview

• Comprehensive Mapping of 
Affected AOI

• Automated aggregation of multi-source 
remote sensing images

• Automated aggregation of disaster 
situation data from multi-platform social 
media

IV.   Case Studies for  Disaster Emergency Response 



2022.6 Pakistan Flooding

• Identifying disaster information from 
social media data based on natural 
language processing

• Analyzing changes in disaster-affected 
areas, casualties, etc., over time 
combined with temporal elements

• Based on precise extraction of disaster-

affected AOI areas, extract flood-

submerged areas from the selected 

remote sensing images  

IV.   Case Studies for  Disaster Emergency Response 



2022.6 Pakistan Flooding

• Extract flood-submerged areas around 

Manchar Lake using time-series 

remote sensing images.

• Extract fine-grained building damage using 
WorldView-3 ultra-high-resolution remote 
sensing images.

IV.   Case Studies for  Disaster Emergency Response 



IV.   Case Studies for  Disaster Emergency Response 

On February 6, 2023, a strong earthquake occurred 

in southern Türkiye near the Syrian border. 

Using the post disaster February 7, 2023 and pre 

disaster November 6, 2022 images of Jilin No.1 

wide 01A satellite for analysis of building damage. 

ü The epicenter of this earthquake is located at 

the border of Kahramanmash Province and 

Gaziantep Province

ü  The proportion of building damage is about 30%, 

and the types of damage are mostly "severe 

damage" and "complete damage".



Q&A
Thank you!

zfcarnation@zju.edu.cn
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