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Abstract

is among climate scientists. Therefore, different thresholds
are used to characterize hurricanes.
Recent advances in machine learning provide efficient solutions for object detection and tracking problems,
which potentially overcome issues with conventional laborintensive and subjective extreme climate event detection.
Deep neural networks, for example, learn complex patterns
between variables from data samples, potentially avoiding
conventional threshold-based criteria of climate variables
for event detection.
As a special case of object detection and tracking problems, there are some unique properties of extreme climate
events tracking, distinguishing it from other object recognition problems:

Tracking and predicting extreme events in large-scale
spatio-temporal climate data are long standing challenges
in climate science. In this paper, we propose Convolutional
LSTM (ConvLSTM)-based spatio-temporal models to track
and predict hurricane trajectories from large-scale climate
data; namely, pixel-level spatio-temporal history of tropical
cyclones. To address the tracking problem, we model timesequential density maps of hurricane trajectories, enabling
to capture not only the temporal dynamics but also spatial
distribution of the trajectories. Furthermore, we introduce a
new trajectory prediction approach as a problem of sequential forecasting from past to future hurricane density map
sequences. Extensive experiment on actual 20 years record
shows that our ConvLSTM-based tracking model significantly outperforms existing approaches, and that the proposed forecasting model achieves successful mapping from
predicted density map to ground truth.

1. The target event is dependent on complex spatiotemporal dynamics between multiple scientific variables. Particularly, the target is affected by wide-range
of spatial dynamics, known as the “butterfly” effect.
2. Climate events span for a long period of time, meaning
that we need to effectively model long-term temporal
dependencies between variables and the target.

1. Introduction

3. The number of target objects in each time frame can
be arbitrary, from none to multiples. It is therefore
not easy to pre-define the number of target objects to
detect and track.

Tracking and predicting extreme climate events are
pressing and challenging problems that humanity has faced
and tackled for a long time. Traditionally, human experts detected extreme climate events based on hand-picked
thresholds [9] based on high-resolution spatio-temporal climate data from physics-based simulations. Most conventional methods for extreme climate event detection have
been built upon human expertise based on related spatiotemporal physics variables with manually-picked, often
subjective, thresholds. For example, hurricane (tropical cyclone especially in the Caribbean) is generally defined as a
large rotating storm with high speed winds over warm water
in tropical areas with low pressure at the center. However,
there is no strictly defined criteria for those variables; for
instance, there exists different interpretations to define how
“low” the center pressure is, or how “warm” the temperature

Over the past few years, researchers in climate informatics have made significant progress in developing models to
solve the problem of extreme climate event detection by applying various pattern recognition techniques such as neural networks. However, their models are limited in that they
do not fully take the properties above into account. Several works, for example, proposed fully supervised convolutional neural networks (CNNs) to detect and classify
well-known types of extreme climate events with high precision. [7, 6] However, those models do not take temporal dynamics of extreme climate events into account (property 2 above), which is an essential component in defining
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