
USER ANALYSISUSER ANALYSIS
• User verification via SVM, Random Forest,

Gradient Boosting, and Logistic Regression:

IMAGE ANALYSISIMAGE ANALYSIS
• Hurricane-related image classification and

incident detection via CNN:

TEXT ANALYSISTEXT ANALYSIS
• Word Embeddings created via NN trained on

spatiotemporally relevant tweets.

• Coastal communities are at a higher risk to flooding and consequent damages due 
to climate change.

• Providing emergency managers with relevant and high-quality information is
crucial to ensuring immediate mitigation actions. 

• The use of multiple modalities in social media for volunteered geographic
information (VGI) has not been investigated for disaster response.

• A decrease in the percentage of tweets passing higher thresholds. 
• High thresholds are representative of more reliable sources and re-

lated contents.

INTRODUCTIONINTRODUCTION

AIM & OBJECTIVESAIM & OBJECTIVES

RESULTSRESULTS

• The model shows high accuracy representing its potential
application in emergencies.

• Disaster management agencies can utilize the model for various
natural disasters such as fires, earthquakes, floods, etc. to extract 
relevant incidents during such events.  

• Generalizability of our approach will be evaluated in future research 
by applying our model to other occurrences of natural disasters.
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RESEARCH COMPONENTSRESEARCH COMPONENTS

SPATIO-TEMPORAL ANALYSISSPATIO-TEMPORAL ANALYSIS
• Evaluating various formulas to combine the three 

geospatial metrics (wind, precipitation,distance)

METHODOLOGYMETHODOLOGY

R01: Extract multidimensional attributes from streaming social media data.
R02: Develop statistical and machine learning approaches to infer patterns.
R03: Design and develop a generalizable architecture applicable to different

disaster events with minimal performance degradation. 
R04: Evaluate performance at scale for high velocity streaming data. 

SUPERVISED LEARNING MODELSSUPERVISED LEARNING MODELS
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Multi-label (Destruction, Wind, Flooding)

Random Forest

   AU-ROC
Random Forest Balanced 0.969
Gradient Boosting Balanced 0.959
Logistic Regression Balanced 0.933
SVM Balanced 0.923
Random Forest Unbalanced 0.968
Gradient Boosting Unbalanced 0.967
Logistic Regression Unbalanced 0.955
SVM Unbalanced 0.506
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   AU-ROC
Mean Cosine Similarity 0.704
Dot Product (TweetVec)  0.851
Cosine Sim. (TweetVec)  0.761
Tweet Score / Sqrt. Cosine Sim. 0.804
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   AU-ROC
VGGNet  0.894
ResNet   0.901
InceptionV3   0.903
InceptionV3 Weighted 0.984 
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DATA ATTRIBUTES

MODELLING AND LEARNING 

WEB APPLICATION

µST µI
µT µU

SOCIAL MEDIA
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TWITTER

EXTRACTED ENRICHED INFERRED

4646 9797
5555 9393

5151 5858
5050 8585

8686 3131
4949 6767

11 Sept 2017

Lucas Daprile
@LucasDaprile

Driveway flooded out. Water 
coming right up to house on N 
Hutchinson. Other houses in area 
look dry #Irma

10 Sept 2017

Doug Tollett
@drtollett

Thankfully, we made it through the 
first half of Hurricane #Irma. We 
will post again once we are safe 
and sound.

11 Sept 2017

Cait McVay
@CaitMcVay

Another downed Palm tree. S. Fort 
Harrison St in Clearwater. Stay off 
the roads while crews clean up  
@BN9 #Irma
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