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CONTRIBUTION: FAST MACHINE LEARNING-BASED DusT AEROSOL DETECTION RESULTS AND COMPARISON WITH OTHER METHODS

Fewer support vectors allow fast computation of kernel distances in SVR for faster estimation of dust aerosol probabilities. The proposed methodology allows for
near real-time processing of MODIS data.

DusT STORMS: A MACHINE LEARNING PROBLEM SVR ESTIMATES PROBABILITY OF DusST AEROSOLS

Dust aerosol detection and tracking is typically possible through satellite obser-
vations in the visible and near-mid infrared spectrum [1]. Usually, dust aerosol
analysis begins with a case study and its fundamental geophysical science prin-
ciples and moves forward to build robust models. However, given the advances
in machine learning algorithms operating over massive datasets, we can now re-
consider using large satellite data repositories for aerosol analysis with machine-
learning algorithms [2].

In [3] we proposed an algorithm to learn from massive datasets based on Support
Vector Machines for Regression and here use it to detect dust aerosols on a global
scale. The following figure depicts the pipeline of our proposed methodology:
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We trained an SVR with our ground truth to estimate the probability of dust
aerosols [4]. The output of the SVR is then saved as a gray-scale image where
black corresponds to zero probability and white to high probability.

ANALISIS OF DuUST EVENTS AND GROUND TRUTH The SVR hyper-parameters were estimated using gradient-descent methodology
and the optimal parameters were o = 0.125, n = 0.5, and € = 0.1. The algorithm
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and leave out minor dust activity.

PROCESSING ALGORITHM
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The model was trained with images from 38 dust events from 2001 to 2015. The

dataset accounts for 97 million feature vectors with four elements. The analysis
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