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Objective Conclusion

e To improve the accuracy of the existing deep learning methods on informative The use of SM content presents an opportunity to provide timely and actionable information to first responders and local officials during a disaster event. However, there are

vs. non-informative classification tasks on the CrisisMMD [2, 3] dataset. many challenges before we can take full advantage of the data to build situational awareness during a crisis. One of them is the issue of information overload. In this work, we
®* To develop CrisisFlow, a computational workflow capable of processing implement and train CrisisFlow, a scalable workflow that can process large amounts of multimodal SM data and classify them as informative or non-informative. In the future, we

and classifying thousands of multimodal SM posts. aim to generate a coherent summary of a disaster event and further improve the performance of our method.
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