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Real World – Complex Information…



Multi-Scale & Multi-Dimensional



What we’ve concerned

Environmental monitoring
• Most area in Taiwan is fragile 
and sensitive. 

• Various equipment used to 
detect and monitor all kinds of 
environmental characteristics



Cross-platform information 
integration application

Disaster prevention monitoring

Smart AIoT
Slope Land Disaster Monitoring and Decision-Making 

Sensors

>Sensor Web Enablement
>Wireless Sensor Network
>OGC SensorThings API

Debris flow / Sediment / Ecosystem
Landslide / Bridge

Satellite
Fiber optic
5G/4G
LoRa
NB-IoT
MicroWave

Emergency Operation Center

應用在

Alert

Debris flow warnings
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Slope Land Disaster Management Scenario, OGC Disaster Pilot



Water Resources Monitoring and Management

114 Water conservation 
areas in Taiwan

95 reservoirs
In Taiwan

Online production 
certificate

Real-Time Image Response Monitoring

Event alarm Water Conservation areas
Violating inspection

Integration of diverse information Environmental monitoring and 
management of water resources

Reservoir 
Conservation 
Information Display

Reservoir Watershed 
Querying System

Feedback on funding and catchment 
area distribution information

Sanctuary interactive information 
dashboard

Overall monitoring of 
conservation information



Smart AIoT Intelligent Cloud-based IoT Water Information Platform防災測

EMIC, reports from citizens, autonomous d
isaster prevention reports

Cloud-based disaster r
esponse

CWB, WRA, SWCB, THB, NCDR, etc.

Cloud warnings integration

Big data analysis

Data process

Report demonstration

Autonomous public disaster prevention information

Decision support

Smart regulation

External cloud info Cloud intelligent service

Cloud sensor IoT

Internal cloud info

Self-disaster prevention communityCloud-based 
autonomous 
disaster prevention

What?
How?

Where?

Why?

When?

Who?
Hydraulic structures inspection

Water pump inspection

Disaster resource inventory

Water gate inspection In-process construction inspection

facilities inspection

Cloud-based preparedness a
nd inspection

Autonomous disaster prevention communities inspection

How?

Intelligent Cloud-based IoT 
Water Information Platform

rainfall stations

pavement flooding monitoring stations

regional drainage water level mon
itoring stations

CCTVs at intersections

rainfall sewer monitoring stations

sewage sewer monitoring stations

water gate remote control stations

pump monitoring stations

By integrating diversified data from cloud-based IoT network, the platform perform the stereoscopic water information assessment and big 
data analysis, providing significant elements for decision-making.

Cloud disaster situation analysis

Disaster prevention monitoring



Vehicles monitoring on the river bed

Security for equipments

illegal quarrying monitoring

Image sequences

Motion Detection

Object Tracking

Event? Send email and SMS
Y



Pressure Sensor Vibration Sensor

Video Surveillance Searchlight

Breaker





Common Alerting Protocol Platform

Kaohsiung City

New Taipei City

Taichung City

Taipei City

CDO

CDC

TRA

THSR

WRA

SWCB

DGH

CWB

DGPA
Collect and integrate the alerts from 
government authorities and publicize the 
messages on the website as open data.

人 (who)
事 (what)
時 (when)
地 (where)
因 (why)
動 (how)

CAP Platform

Industrial application

School digital whiteboard
APP push 
notifications

Alert news ticker

Effectively and 
rapidly spread the 
warning message 
through social media.

The Common Alerting Protocol uniforms the structure of the disaster alerts, accelerating the exchange of disaster 
mitigation information between authorities and maximizing the effectiveness of disaster response.
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AIoT

Total solutions: GIS, smart disaster mitigation, smart governance, decision-making support, innovative application
AIoT of Smart Cities

HTML5圖台

Customized Sensors

AI training mode 

Provide a full range of 
integrated solutions

玉

AIoT platform

Smart monitor gateway

AIoT devices
The main structure of AIoT

Structure
Water

Mobile Station

Smart Operation Center

Submarine Cable 
Monitoring

Sewer monitoring

Simple Station



Floods
• To judge when the flooding events will occur through 

below AI technologies: 
- AI forecast
- Rainfall forecast
- Speed of water level rising

AI can help?Why?
On 13th August 2019, it once rained 
109.5mm in an hour in Linkou Dist.
This maximum hourly precipitation 
exceeds the extreme rainfall in 50-year 
recurrence interval.

Poor 
construction 
quality Others

Defective 
planning and 
design

Rivers have not 
been dredged.

Rivers have not 
been remediated.

Bridges have not been 
rebuilt accordingly. Sluice gates malfunction

Precipitation 
exceeds the 
flood control 
standard.

Source: National Audit 
Office
Generator: Cheng-Yen, 
Chen
Figure: United Evening 
News
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Regional drainage 

system

Rainfall sewer system Sewer monitoring station

Side ditch

Connecting tube Connecting tube

Manhole cover

surveillance 
camera

Image 
recognitionRainfall gauge

Water level gauge

Regional drainage 
monitoring station

16

Properly manage diversified water information 
including internal and external water.

≈ç

NB-IoT NB-IoT

Receiving 
IoT data

Big data 
analysis

Warning 
issuance

Flooding 
causes 

prediction

Flooding 
monitoring station

Solutions
Intelligent 

IoT
System

Side ditch
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Floods Detection Dashboard

1 2

3

5

4

1. waterproof 
host computer

2. rechargeable 
lithium battery 
group

3. floodable 
pressure flow 
meter module

4. ground antenna NB-IOT

Isco Area 
Velocity Sensor

Ultrasonic
Signal

Ultrasonic
Sensor

Ultrasonic
Pulses

Flow Stream
Surface

h=Psubmerged Pressure - P Air Pressure

 q=KAR 2/3 S1/2

Submerged Pressure
Sensor

D h

The system adopts low-
power host computer 
and communication

Timeline of 
flooding history

Location map of 
sensors

Report of flooding 
event

Flooding 
sensor Hyetograph Sewer water level

Floods 
prediction
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AI辨識整合
水情系統

發出淹水警戒
簡訊

確認串流影像

找出淹水事件

通知相關人員

回饋影像增加
訓練樣本

flooding images recognition
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Find out the cause of 
the floods through 
analyzing the real-
time footage.

Develop the 
analysis model of 
flooding cause.

GISAI Real-time 
Image Analysis 
Platform

Choose the 
algorithm of 
developing.

Use the virtual gauge 
to measure the 
height of the floods.

INTEGRATION OF AI 
RECOGNITION AND WATER 
INFORMATION SYSTEM.

ISSUE FLOOD WARNING BY 
TEXTING MESSAGES.

CONFIRM STREAMING 
IMAGES

FLOOD CAUSE 
ANALYSIS

INFORM RELEVANT 
PERSONNEL

INCREASE TRAINING SMAPLES 
BY COLLECTING IMAGE 

FEEDBACKS.



flooding images recognition

⚫ Virtual water gauge
⚫ Flooding area
⚫ Group-based image 

recognition system

AI Flooding Recognition

Virtual water gauge

real-time image recognition 
system by deep learning

By playing images through the group-based real-
time recognition system, relevant personnel can 
instantly know the AI recognition image of each 
surveillance camera. Click on any AI real-time 
recognition screen, and you can open another 
window to independently display the AI 
recognition screen of the station.

串流伺服器每五秒傳送
影像給AI影像辨識服務

主機

tensorFlow影像辨識

辨識出淹水資訊

有

無
通知相關人員確認Automatic interpretation 

for flooding events
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TensorFlow image recognition

Recognize flooding information

Yes

No

Report to relevant personnel 
for confirmation

The streaming server sends 
images to AI image recognition 
host computer per 5 seconds.



Surface velocity estimated using GLCM and SVR 
Ground truth

1. Water velocity meter is installed in 

Shenmu station.

2. A camera is installed for obtaining the 

images that cover the measured surface     

velocity area.

1. Gray-Level Co-occurrence Matrix (GLCM) 
is applied for  analyzing the spatial 
distribution of gray-level values in the 
image.

2. The features derived from GLCM is used 
for estimating the surface velocity. 



Case 2 – Floods Detection



Case 3 – Real-time Water Level Detection

We can detect the water level in real time, which is faster and more accurate than the traditional water level gauge,  returned 
every ten minutes.     Currently, it has been applied in a lot of case.
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3D Disaster Reduction Smart Cloud System

3D Building 
Flood Simulation

The simulation of water level 
in flooded detention pond

Subject

• 2D water information 
display is not intuitive 
enough

Plan

• Import 3D simulation 
technology to create 
Taoyuan digital clone

Efficiency

• Immersive experience 
of water information

• Easy to interpret on-
site conditions

3D pipeline 
spatial location

3D water channel 
level change
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Intelligent Governance Systems

25

Intelligent Operation Center

Dashboard

25

• Analyzing big data to explore people needs and solve problems. 
Adjust  the municipal planning and policies based on data analyses.

• Meet people needs and drive the innovation to raise the public 
satisfaction.



3DGIS/AR/VR
Intelligent 3D Map Platform & AR

HTML5圖台

3D AR pipeline 3D geospatial location of pipelines3D construction flooding simulation

Water level simulation of flood detention pond 3D water level variety simulation



Smart AIoT
GISAI – Comprehensive Disaster Monitoring

Invalid images

Flash-flood in river

Flooded road

Blocked road

Damaged bridge

Non-structural components shift

SWCB THB WRABOCH
Local 
gover
nment

Cross-agency CCTV footages 
AI image recognition technology
Comprehensive Disaster Monitoring



Standard
GEO-AI+IoT+3D/AR+DataCube

Domain Knowledge

Multi-Agent 
Simulation

Machine 
Learning

Modeling
PlanningRecognition

Inference

Core of AI

AI x IoT

HPC for AI
Action Planning

& Execution

Sensing Action

Real 
World

Application 
Domain

Data Acquisition 
Recognition

Real 
World

Application 
Domain

AI x Robotics

3

4

5

SensorThings API DataCube for Global Observation CityGML+AR for Pipeline
Deep Learning for 
Image Recognition



Smiling curve

Intelligent ServicesValue-added Services

Research Development Marketing

Open, Sharing, Communication 
Cooperation across Industry, Academy, and Government

專業介紹影片



Sensing spatiotemporal 
change for water resource 
management  
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Outline 

 Introduction 

 Sensing the changes 

 Water changes (area, level and storage) 

 Meteorological and vegetation change  for drought detection 

 Data integration technology 

 Downscaling 

 High-spatio-temporal-resolution Sensing (Data fusion) 
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Introduction (Motivation) 
  

 The earth is facing incredibly serious 
challenges: Climate change, water 
depletion, deforestation, air and water 
pollution.   

3 



Introduction  (Sensing water changes) 

 Using three million Landsat satellite 
images, we quantify changes in global 
surface water over the past 32 years at 
30-metre resolution. We record the 
months and years when water was 
present, where occurrence changed 
and what form changes took in terms 
of seasonality and persistence. 

 

Pekel et al., (2016) 
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Introduction (Sensing water changes) 
 Over 70 percent of global net permanent water loss occurred in the Middle 

East and Central Asia. Moreover, losses in Australia and the USA linked to long-
term droughts are also evident. 

 Supply decreases => Shortage 

 Trends in annual permanent water surface area 

Supply and demand for water resource management  

Iraq Aral Sea 

Pekel et al., 2016 
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Introduction (Sensing global lake and 
reservoir storage)  

 Seasonal variability: tracking of lake and reservoir storage variability 

Cooley et al., 2021 
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https://www.nature.com/articles/s41586-021-03262-3#auth-Sarah_W_-Cooley
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Part I: Sensing the changes 

  

 Water changes (surface water area, water level and 
groundwater storage) 

 

 Meteorological, soil moisture and vegetation change  for 
drought detection 

9 



1. Sensing water changes in Taiwan 

 Many reservoirs in Taiwan are at less than 20% capacity, with water levels at 
some falling below 10% in 2021. 

10 



Remote Sensing Drought Observatory 
  

 Global Drought Conditions 

 EDO - European Drought Observatory 

 

derived from different data sources 

This map shows the 3-month Standardized 
Precipitation Index (SPI)  

11 

https://www.drought.gov/international
https://edo.jrc.ec.europa.eu/edov2/php/index.php?id=1000
https://edo.jrc.ec.europa.eu/edov2/php/index.php?id=1000
https://edo.jrc.ec.europa.eu/edov2/php/index.php?id=1000
https://edo.jrc.ec.europa.eu/edov2/php/index.php?id=1000


Sensing case in Taiwan  

 

 

 Reservoir water area change: Sentinel 2 image 

 

 Reservoir water level change: ICESat-2 data 

Data 

12 



Sensing water changes in Taiwan 

Monitoring water area change of Tsengwen Reservoir 
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Sensing water changes in Taiwan 

 Monitoring water level change from ICESat-2 data 

ICESAT-2  

m 

at Tsengwen 
14 

m 



2. Drought detection 
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Sensing case in India 

 Precipitation: gridded precipitation 

 Soil moisture: ESA CCI-SM 

 Surface temperature: MOD11C3-006 

 NDVI: MOD13C2 VI CMG L3 product 

 

 

 Groundwater change:  GRACE data 

warm ENSO years 

Annual rainfall amounts to 1,100 mm  
75% of India‘s annual rainfall in monsoon season Data 

16 



Multi senor data for drought detection 
 

 The standardized drought analysis approach was utilized to compute multi 
sensor drought indexes. 𝜑 denotes the standard normal distribution function. 

                                                    Y= 𝜑−1(𝑝 𝑥 ) 

 Empirical probability from data distribution (Aghakouchak et al., 2015) 

 Using empirical function. 

𝑝 𝑥𝑖 =
𝑖 − 0.44
𝑛 + 0.12 

Category SPI, SSI, SVCI and SVHI 
Extremely wet ≥ 2.00 
Severely wet 1.50 to 1.99 

Moderately wet 1.00 to 1.49 
Mild wet 0.00 to 0.99 

Mild drought −0.99 to 0.00 
Moderate drought −1.49 to −1.00 
Severe drought −1.99 to −1.50 

Extreme drought ≤ −2.00 

17 



Multi senor data for drought detection 

 

 

 

 

 

 𝑉𝐻𝐼 = 𝛼 𝑉𝐶𝐼 + 1 − 𝛼 𝑇𝐶𝐼, 

𝑉𝐶𝐼 =  𝑁𝐷𝑉𝐼𝑖−𝑁𝐷𝑉𝐼𝑚𝑖𝑛
𝑁𝐷𝑉𝐼𝑚𝑎𝑥−𝑁𝐷𝑉𝐼𝑚𝑖𝑛

, 

𝑇𝐶𝐼 =  𝐿𝑆𝑇𝑚𝑎𝑥−𝐿𝑆𝑇𝑖
𝐿𝑆𝑇𝑚𝑎𝑥−𝐿𝑆𝑇𝑚𝑖𝑛

, 

Vegetation condition index (VCI) 

Temperature condition index (TCI) 

LST: land surface temperature 

Vegetation health index (VHI) 

18 



Multi senor data for drought detection in 
India 
 

 

 

2009 
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Groundwater 
Storage Depletion 
Detection using 
GRACE 
Measurement 

Trend 

Seasonality 

+ 

Random 

+ 

= 

Spatial resolution: 
 27.75 km 20 



 

Taiwan  

Trend 

Seasonality 

+ 

Random 

+ 

Comparison 
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Drought detection in central Taiwan 

 Severe drought happened at 2004 and 2021 from SGI 

Spatial patterns in 2021 

Groundwater change in Taiwan 

SGI_6  

Severe drought 

with 2001~2021/6 Using 81 observed wells 

22 



Part II: 

 Data integration technology 

 High-spatial-resolution Sensing (Downscaling) 

 High-spatio-temporal-resolution Sensing (Data fusion) 
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 TRMM rainfall data: spatial resolution of 0.25° 

 

 The ability of a remote sensing sensor to detect 
details is referred to as spatial resolution: 
Downscaling 

 

 Sentinel 3 SLSTR: NDVI and LST  

     spatial resolution of 1 km 

 

 
Chu et al., 2021 

3. Data integration for downscaling 

24 



Data integration for downscaling 

 Drought index (SPI) 

June in 2019 December in 2019  

27.75 km 

1 km 

25 



Data integration: High-spatio-temporal-
resolution Sensing 

 Data fusion 

Fusion 

Sparse fine 
resolution 

Dense coarse 
resolution 

 Sentinel 2 Sentinel 3  

300 m 10 m 
 2 days 5 days 

Spatial resolution 
Temporal resolution 

26 



Data integration: High-spatio-temporal-
resolution Sensing 

 Fusion using machine learning for water quality mapping 

 

Chusnah (2021) 27 



Data integration: High-spatio-temporal-
resolution Sensing 

 

EPA Observation 

Chusnah (2021) 
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Conclusion I  

 This study examined variation in many components with 
changes. Many existing changes are stressed in water 
scarcity and flood risk.  

 Sensing data sets captured the inter- and intra-annual 
variability of surface water occurrences, such as reservoir 
changes, and groundwater storages changes. 

 Drought detection helped us to assess severe impacts for 
management over space and time.  

 When compared to the case in India, groundwater storage 
in Taiwan is more stable without depletion.   
 
 

29 



Conclusion II 

 Leverage a combination of sensors and techniques 
across a range of spatiotemporal scales. Data fusion 
and visualization are the tools to understand the 
changes. 

 To progress and advance our understanding, 
characterization and description of water resources 
will be considered from multi-senor in the future. 

 This study will quantify the influence of changes on 
hydrologic cycles.   
 
 

Measure the change of land from optical satellite image 
Land cover, e.g. water   

Measure the vegetation and soil moisture changes 
Measure the height of a lake and reservoir 30 



Suggestion  

 Real-time drought observation 

 AI-based drought detection for water management 

 Future drought prediction and adaption under climate 
change 
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Suggestion 
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https://www.drought.gov/current-conditions 
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Satellite Remote Sensing of Blowing Dust and 
Impact Assessment Around Riverside in Central 

Taiwan

Tang-Huang Lin, Distinguished Prof. & Director
Center for Space and Remote Sensing Research, National Central University

E-mail: thlin@csrsr.ncu.edu.tw             

Industrial 
Pollutants

Biomass Burning

Anthropogenic Pollutants

Blowing Dust



Outline
Background
 Sources of Atmospheric Aerosols
 Satellite Observation
Advanced Remote Sensing of Aerosols
 Aerosol Partitioning
 Aerosol Profile Fitting
Application- Blowing Dust Monitor
Discussions

2022/10/13 Blowing Dust Remote Sensing 2
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dust volcanic ash pollen sea salt soot

 Sources of atmospheric aerosols

Blowing Dust Remote Sensing

 Nature

 Man-made

Background
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Surface

TOA

PM(Z)

AOD

Blowing Dust Remote Sensing

Satellite Observations

2022/10/13



Aerosol Optical Depth (AOD, τ)

2022/10/13 Blowing Dust Remote Sensing 5

(Tsai et al., 2011)

Type

Vertical profile

AOD PM

Water effect

Well mixed assumption

?
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Spatial Distribution of Aerosols
(Simulated by NASA & NOAA)

white-surfate; green-smoke; brown-dust; blue-sea saltFrom NASA (2011)

2022/10/13

Loading

Types

Mixing

Impact
Assessment

Mixing Area

(2006/08~2007/04 )
http://youtu.be/oRsY_UviBPE

Blowing Dust Remote Sensing

http://youtu.be/oRsY_UviBPE
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PM2.5 Estimation- present

Type 
dependent

Spring(Mar. – May, 2015)



Focal Points- Remote Sensing
(The Challenges)
Aerosol identification & partition - major components 

(mineral dust(DS), biomass burning(BB) and anthropogenic 
pollutant(AP) with fraction
Vertical distribution - Mathematical mapping
Water effect - Model simulation
Relationship between AOD and PM2.5 / PM10

2022/10/13 8Blowing Dust Remote Sensing



 Data- global AERONET sites

9

Dust

Anthropogenic
pollutant

Biomass
burning

2022/10/13 Blowing Dust Remote Sensing

 Aerosol Type Identification & Partition



AERONET
(Surface)

Dusts
(DS)

Biomass Burning
(BB)

Anthropogenic
Pollutants (AP)

Ångström exponent 
(AE)     440_675nm

(Particle Size)

0.066 ± 0.055
(Coarse )

1.499 ± 0.096
(Fine mode)

1.105± 0.269
(Fine mode)

Single scattering 
albedo (SSA) 675nm

(Absorption; 
Scattering)

0.958 ± 0.002 0.903 ± 0.024
(absorptive)

0.940 ± 0.031
(scattered)

MODIS
(Satellite)

Dusts
(DS)

Biomass Burning
(BB)

Anthropogenic
Pollutants (AP)

Ångström exponent 
(AE)     440_675nm 0.523±0.1833 1.3395±0.286 1.158±0.492

Single scattering 
albedo (SSA) 675nm 0.9311±0.0286 No information No information

Control Dataset for Particle Size & Scattering/Absorption

2022/10/13 10Blowing Dust Remote Sensing

(with AOD > 0.8 )



2022/10/13 Blowing Dust Remote Sensing 11

Physical Model & Normalization



2022/10/13 Blowing Dust Remote Sensing 12

Dataset Construction & Comparisions

(Biomass burning)

(Dust)

(Anthropogenic
Pollutant)
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Case study- Aqua MODIS March 14, 2014 

Blowing Dust Remote Sensing
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CALIPSO aerosol products

15

B
CALIPSO

A
CALIPSO

A
CALIPSOA

AOD AODAOD
AODf

CALIPSO 


Validation of NGAI AOD fraction 

CALIPSO aerosol products

Blowing Dust Remote Sensing2022/10/13
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NDAI AOD Fraction Compared with  CALIPSO 
(BB)

(AP)

(DS)

Blowing Dust Remote Sensing2022/10/13



 Aerosol Profile Fitting_ Lognormal Dis.

Lognormal Distribution

AOD

PBLH

Blowing Dust Remote Sensing

MPL NCU site, 2006-2008

PBLH

Profile
Fitting

In Situ

Fitted

2022/10/13 17

PBLH



Blowing Dust Remote Sensing

MPL NCU site, 2006-2008

Lognormal Distribution
(LD)

AOD

PBLH

182022/10/13



Blowing Dust Remote Sensing

20090509

129.94~129.98

0.5392

1.0639

-0.2693

0.57
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σ
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PBLH-Mode(km)

}
2
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2

1),|( 2

2
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x
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Fitting Test – Lognormal Distribution 
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Fitting Model – σ and μ of LD (in terms of AOD & PBLH )
 Profile with single peak from MPL & AERONET at NCU site, 2005~2014

Blowing Dust Remote Sensing 202022/10/13
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Results of Aerosol Profiles Fitting

Blowing Dust Remote Sensing

Measurements

Fitting

2022/10/13



Case Study – MODIS AOD & GEOS-5 FP PBLH

Blowing Dust Remote Sensing

2016/12/04 2016/12/09 2016/12/10

222022/10/13
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3D Extinction



AOD(440nm) & PM 2.5

Dust Relationship Correlation(R)

AOD & PM2.5 PM2.5=69.784xAOD+26.043 0.4677

AOD & PM2.5 PM2.5=35.625xAOD+11.656 0.5616

AOD
𝑓 𝑅𝐻

& PM2.5 PM2.5=66.7x AOD
𝑓 𝑅𝐻

+7.0329 0.6248

Anthropogenic Pollutant Relationship Correlation(R)

AOD & PM2.5 PM2.5=23.399xAOD+8.9975 0.6361

AOD & PM2.5 PM2.5=26.196xAOD+6.2632 0.6160

AOD
𝑓 𝑅𝐻

& PM2.5 PM2.5=73.774x AOD
𝑓 𝑅𝐻

+10.032 0.7540

Biomass Burning Relationship Correlation(R)

AOD & PM2.5 PM2.5=35.232xAOD+20.72 0.6727

AOD & PM2.5 PM2.5=35.84xAOD+11.904 0.7769

AOD
𝑓 𝑅𝐻

& PM2.5 PM2.5=80.953x AOD
𝑓 𝑅𝐻

+8.4197 0.8843

26Blowing Dust Remote Sensing2022/10/13

 Relationship between AOD & PM2.5/ PM10



Location Dates Parameter Aerosol type

AOE Baotou(41°N,110°E) 2014-2018
AOD (440,675,1020nm)

AE (440-870nm)
Dust

Beijing (40°N,116°E) 2014-2018
AOD (440,675,1020nm)

AE (440-870nm)
Dust

Taipei CWB(25°N,122°E) 2014-2018
AOD (440,675,1020nm)

AE (440-870nm)

Anthropogenic 

Pollutants

Chiang Mai (19°N, 99°E) 2016-2017
AOD (440,675,1020nm)

AE (440-870nm)
Biomass Burning
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Data_ Ground based PM Concentration

Station Dates Data
Corresponding AERONET 

station

Baotou (China) 2014-2018 PM2.5 / RH AOE Baotou

Beijing (China) 2014-2018 PM2.5 / RH Beijing 

Taipei (Taiwan) 2014-2018 PM2.5 / RH Taipei CWB

Chiang Mai (Vietnam) 2016-2017 PM2.5 / RH Chiang Mai
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(a) (b) (c)

(d) (e) (f)

The application of proposed log-normal fitting method to the dataset on December 
22, 2017, at 10:30 local time (LT). 

PM2.5 (μg/𝒎𝟑)
(1/km)
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 3-D PM2.5 Construction & Near Surface Layer



Himawari-8
AHI (Advanced Himawari Imager)

GOES-16
ABI (Advanced Baseline Imager)

Distance: 35,800 km  22,300 mile (35,890 km)
Spectral: 16- 0.46, 0.51, 0.64, 0.86, 1.6, 2.3, 3.9, 6.2, 16- 0.47, 0.64, 0.87, 1.38, 1.6, 2.3, 3.9, 6.2,

(µm) 7.0, 7.3, 8.6, 9.6, 10.4, 11.2, 12.3, 13.3 7.0, 7.3, 8.5, 9.6, 10.4, 11.2, 12.3, 13.3
Temporal: 10 min. (or 2.5 min., Japan) 15 min. (or 5 min., ConU.S.)
Spatial: 0.5 – 2 km 0.5 – 2 km

15 January 2017

 High Temporal Resolution Monitor_ Goestationary
Satellite



enhanced-Deep Blue (e-DB) Retrievals*

0 0.2 0.4 0.6 >0.8

Aerosol Optical Depth @ 550 nm

* Hsu, N.C., Jeong, M.-J., Bettenhausen, C., Sayer, A.M., Hansell, R.A., Seftor, C.S., Huang, J., Tsay, S.-C., 2013. Enhanced Deep Blue 
aerosol retrieval algorithm: The second generation, J. Geophys. Res., 118, 9,296–9,315, doi:10.1002/jgrd.50712.

Himawari-8/GEO satellite, JMA
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Every 10 minutes
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(1000 m)

(30 m)
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 High Spatiotemporal Resolution Monitor_ Image Fusion
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4m/s

Case Study_ Boimass Burning
H-8 AOD 0220 ~ 0550 UTC 2017.03.04
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Validate with AERONET AOD
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• 22:00 (LCT), 2020.10.18 ~
18:00 (LCT), 2020.10.19

Open Fire Detection and Monitoring

AOD

(綠色為生質燃燒，主要為黑炭)
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 Blowing Dust - 2021/01/16
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Aerosol Type



 Blowing Dust - 2021/02/18
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Aerosol Type



Dust Relationship Correlation(R)

AOD455nm & PM10 PM10=99.071xAOD+12.326 0.71

AOD510nm & PM2.5 PM10=123.31xAOD+20.082 0.65

AOD645nm & PM2.5 PM10=87.441xAOD+34.208 0.43
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 Relationship between AOD & PM10



 Discussions
By considering aerosol type, vertical distribution and water 
effect, the relationship between AOD & PM would be improved 
with satellite observations
The performance of PM2.5 retrieval near surface could be 
reached 0.82 in correlation coefficient compared to in situ 
measurements
The results of case studies indicate that high spatiotemporal 
fused image provides significant potential for the blowing 
dust (PM10) detection and monitor in near real-time, and 
further application to operational 
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