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(1) Automated detection of the existence of dust storms:

| tried to develop a program for evaluating the existence of dust storms by machine learning. | investigated the
performances of some classifiers such as Neural Network (NN) and Support Vector Machine (SVM) using the
machine learning library, scikit-learn, and chose the best one. The detection ratio was 80%. Although this value
was low, the most serious problem was that | could not distinguish dust storms from water ice clouds in the
Mars atmosphere. Water ice clouds as well as dust storms are bright on red band image. Therefore, | could not
avoid false positives if | use just red band images.

I removed images with water ice clouds in advance by evaluating the existence of water ice clouds on blue
band images before | evaluated the existence of dust storms on red band images. The evaluation of water ice
clouds on blue band images is easier than the evaluation of dust storms on red band images because what is
bright on blue band images is just water ice cloud. Recall was >0.95 and a few effective features were
discovered (Ogohara et al., 2016).

(2) Automated extraction of dust storm regions:

| hated to start with the evaluation of the existence of water ice clouds as explained in (1). Then, | started to develop
an algorithm for segmentation of dust storm areas by Independent Component Analysis (ICA). | evaluated the true
areas of dust storms visually and prepared gold standard images. | trained SVM using the coefficients of ICA basis as
feature vectors and successfully extracted ~90% of true dust storm areas automatically.




