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Climate Extremes

Climate change is
intensifying extreme
heat, sandstorms, and
rainfall

Introduction

Urban Impacts

Flooding, water
contamination, and
health risks have
increased

Drainage System

Stress

Changing rainfall in
GCC countries has
overwhelmed drainage
systems

£ L

Record - Breaking

Rainfall

On April 16, 2024,
rainfall exceeded 250
mm, breaking a 75-year
record, which caused
Infrastructure damage.




Material and Study Area

55920’ 55930

* The city of Dubai in the United Arab Emirates is known
for its economic importance in the region.

* With a recent rate increase in population density and
Infrastructure, Dubai is the second largest emirate in the
United Arab Emirates In terms of both area and
population.

* The changes in global climate have affected the region
and Increased the number and intensity of extreme

weather events such as rainfall events.

» Sentinel-2 data were acquired for the study area to use
for the classification.
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Methodology

Developing a classification model to detect water bodies/ flooded areas.
To train the model, an MNDW!I was applied to the co-flood image.

The supervised model classifies data into two classes: "water” and "other”.

Support Vector Machine (SVM) was used as the classifier.
Permanent water bodies were extracted from the pre-flood images.

Persistent water bodies were extracted from the post-flood image.
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Image Label
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Feature Extraction

Extract permanent
water bodies
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Results and
MNDWI

Dubai Co-flood Image

Discussion:

DWI

MNDWI Co-flood Image
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Data Acquisition

Identify Persistent
water bodies

Feature Extraction

Extract permanent
water bodies

!

Training Classes

Apply Model to pre-,
and post- flood event
images
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Train model using an
SVM classifier on co-
flood image

Trained Model

Accuracy >
previous

classifier




Results and Discussion:
Co-Flood Classification

Data Acquisition Identify Persistent
water bodies

Dubai Co-flood Image Co-flood Classification
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images
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Train model using an
SVM classifier on co- Trained Model
flood image

Accuracy >

previous

Class Name classifier
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Co-flood Image




Results and Discussion:
Accuracy Assessment

To assess the accuracy of the trained model, a confusion matrix was

produced.

Two metrics were generated: the kappa coefficient and the overall
accuracy.

500 random points were distributed across each of the classified
Images.

The supervised classification of the co-flood image was deemed highly
accurate, yielding a kappa of 0.92 and an overall accuracy of 0.96

The kappa coefficients and overall accuracy of the other three images
showed overall results above 0.90
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Results and Discussion:
Co and Pre -Flood Classifications it | | it i

water bodies

Co-flood Classification Pre-flood Classification

Extract permanent

Feature Extraction water hottos

Training Classes T

Apply Model to pre-,
and post- flood event
images

¢ T

Train model using an
SVM classifier on co- Trained Model
flood image

Accuracy >

previous

Class Name Class Name classifier

B Water B \Water
Other Other

* A total of 2700 permanent water bodies were detected in Dubai emirate.
 And 7200 flooded areas were detected.




Results and Discussion:
Co and Post -Flood Classifications Fowwwi R g——

water bodies

Co-flood Classification Post-flood Classification

Extract permanent

Feature Extraction water hottos

Training Classes T

Apply Model to pre-,
and post- flood event
images

¢ T

Train model using an
SVM classifier on co- [ Trained Model }
flood image

Accuracy >
previous

Class Name Class Name classifier
B VWater B Water
Other Other

* The amount of water bodies reduced to only 2400 water bodies, just 10 days after the
last image.
* Showing a reduction of around 66%




Results and Discussion:
Water Removal

Umm Suqgaim Jabal Ali
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Results and Discussion:

Persistent Water Bodies
ord o N ‘ Data Acquisition Identify Persistent
« P Mt WJrE water bodies

MNDWI

!

Feature Extraction

Extract permanent
water bodies

Training Classes
Apply Model to pre-,
and post- flood event
images

Train model using an
SVM classifier on co- Trained Model
flood image

@ Persistent Floods Locations

Accuracy >

« Water bodies within 200 meters of urban areas or populated rural areas were I;reviigus
. . . classiiier
considered as persistent water bodies

» A total of 1113 persistent water bodies near urban areas were identified.

* These are the locations that should be prioritized for future infrastructure
development.
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