
An Evacuation Route Model for Disaster Affected Area

Vinaysheel K Wagh

Pramod Pathak

Paul Stynes

Luis Gustavo Nardin

Workshop on Artificial Intelligence and Simulation for Natural Disaster Management

July 1st, 2021
1



Introduction

➢ Natural disasters are major adverse

events

➢ Natural disasters impact the

infrastructure and environment of

the affected areas causing

❑ loss of shelter

❑ food shortage

❑ spread of infectious diseases

➢ Effective monitoring for immediate 

post disaster response help reduce

❑ economic losses

❑ fatalities

Source: National Geographic Source: TipTopTens
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https://www.nationalgeographic.com/content/dam/news/2017/08/book-talk-quakeland/2-booktalk-quakeland.ngsversion.1503721837365.adapt.1900.1.jpg
http://www.tiptoptens.com/wp-content/uploads/2011/03/2008-Sichuan-earthquake.jpg


Introduction

➢ Models based on semantic analysis 

of real-time data extracted from 

social networks

❑ sources unreliable

❑ data scarce

➢ Satellite images can assist in real-

time with

❑ detecting disaster affected areas

❑ Identifying evacuation routes

Source: National Remote Sensing Center

Source: Geomatics World

Source: Zhang et al. (2019)
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https://www.nrsc.gov.in/
https://www.geomatics-world.co.uk/cache/0/f/f/a/a/0ffaa77f57a88695ec0325f55e7c4c3707a2e8b4.png
https://doi.org/10.1016/j.ijinfomgt.2019.04.004


➢ Investigate to what extend satellite images can be used to help 

evacuation of people in a disaster affected area

➢ Propose a model detects and classifies the severity of disaster affected 

areas on satellite images and recommend the safest and shortest 

evacuation route to a rescue shelter

Objectives
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Evacuation Route Model
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Evacuation Route Model
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Segmentation Model

➢ Identifies buildings from the satellite images by classifying each pixel into 

either a building or a background

➢ Based on the U-Net Architecture (Ronneberger et al., 2015)

➢ Consist of contraction path and expansive path
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Classification Model

➢ Classify buildings into

❑ no-damage, minor-damage, major-damage, destroyed

➢ Based on ResNet50 Architecture (He et al., 2016)
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Evacuation Route Model
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Route Detection Model

➢ Identify the shortest and safest route to a rescue shelter

➢ Based on Dijkstra’s algorithm (Dijkstra, 1959)

➢ Rescue shelter is a hospital in the radius of 5 km

12



Evacuation Route Model
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Map 

Check 

Distance  

Disaster 

prone 

area?

Traverse to 

previous 

co-ordinate

Get Rescue 

Shelter

Evacuation Route

Yes

Yes

No

No

Find Possible 

Routes

Pre 

Disaster 

Images

Image 

Segmentation

Segmented 

satellite  

Image

Image 

Centring

Dataset 

Normalization

Data 

Augmentation

Image 

Classification

Satellite 

Image 

Sectorization

Random Data 

Transformation

Post 

Disaster 

Images

Merge 

Segmented & 

Sectorized Data

Segmentation Model

Classification Model

- Dataset - Process/task - Input/output - Decision - End Goal



Technologies
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Evaluation

➢ Experiment 1: Segmentation Model

❑ Compare with Building Footprint Extraction (Pasquali et al., 2019)

❑ Use F1-score and Intersection Over Union (IOU)

➢ Experiment 2: Classification Model

❑ Compare with VGG16 and VGG19 models (Simonyan & Zisserman, 2015)

❑ Use F1-score, Precision and Recall

➢ Experiment 3: Route Detection Model

❑ Real-time data update

❑ Capacity to adapt the evacuation route dynamically
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XBD Dataset

➢ Pre-disaster and post-disaster high-resolution satellite imagery (Gupta et 

al., 2019)

➢ Contains 850,000 building polygons from six different types of natural 

disaster around the world, covering a total area of over 45,000 square 

kilometers

➢ Licensed under the Creative Commons Attribution-Noncommercial-

ShareAlike 4.0 International (CC BY-NC-SA 4.0) license
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➢ Wilcoxon Rank Sum Test

❑ p-value = 0.003383

➢ Rejects the null hypothesis with significance 0.05

❑ IOU is greater than the Building Footprint Extract model

Segmentation Model

Model F1-Score IOU

Building Footprint 

Extraction
0.79 0.68

Segmentation 

Model
0.84 0.73
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➢ Classification Model F1-score improves compared to VGG network 

models

➢ Classification Model is more balanced compared to VGG network 
models

Classification Model

Model F1-Score Recall Precision

VGG16 0.71 0.67 0.82

VGG19 0.73 0.69 0.80

Classification 

Model
0.81 0.74 0.83
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Route Detection Model

Before disaster data update After disaster data update
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Conclusions

➢ Propose an Evacuation Route Model that uses satellite images to 

recommend the safest and shortest route to a rescue shelter

➢ The Evacuation Route Model is comprised of

❑ The Segmentation model is 5% more accurate than the Building Footprint 

Extraction model

❑ The Classification model is 8% and 10% more accurate than the VGG16 

model and VGG19 models respectively

❑ The Route Detection Model can dynamically adapt the safest and shortest 

route path to the rescue shelter due to the update of satellite images
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Future Works

➢ Detect and classify the condition of roads in addition to buildings on 

satellite images

➢ Use A* instead of Dijkstra’s algorithm

➢ Compare the Evacuation Route Model against other similar frameworks 
instead of their individual components

➢ Integration with post-disaster resource allocation systems

➢ Study the Ethical implications of these types of systems
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Thank You!!
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