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Abstract

This project is based on the social network search process implemented by the
National Science and Technology Center for Disaster Reduction (NCDR) during the
disaster response period, supplemented by statistics, text mining, image recognition and
other technologies for data analysis and Value-added application. During the disaster,
determine whether the text messages posted by people on the social network contain
location information. Our goal is to extract geographic spatial words such as location
names and landmarks from those messages. Besides, photos will be identified after using
image recognition technology. The signboard is the object to assist spatial positioning
analysis, and the relevant positioning results can be cross-compared with the text
positioning results to improve the reliability of the information and the accuracy of the
location. Combining geographic positioning and displaying through electronic maps, an
observation model is established to present the distribution of public opinion in time and

space as a reference for observing disaster trends.
Keywords : text mining, machine learning, image recognition, GIS, social network.
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Test your model on new images

If your model will be used to make predictions on people, test your model on images that capture the diversity of your userbase. Learn more &

X
Predictions
Only top 5 labels are shown.
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Seven_Eleven - 0.139
RTMart C 0.064
—-other- 0.004
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4 labels, 46 test images

Precision and recall are based on a score threshold of 0.5

= Type to filter labels. .
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PXMart Total images 438
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Recall @ 91.3%

Seven_Eleven
Use the slider to see which score threshold works best for
your model on the precision-recall tradeoff curve. Learn
more about these metrics and graphs [
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