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Abstract—A proposed sparse recurrent neural network
with flexible topology is used for trajectory prediction of
the Atlantic hurricanes. For prediction of the future trajectories of a target hurricane, the most similar hurricanes
to the target hurricane are found by comparing directions
of the hurricanes. Then, the first and second differences of
their positions over their life time are used for training the
proposed network. Comparison of the obtained predictions
with actual trajectories of Sandy and Humberto hurricanes
show that our approach is quite promising for this aim.

I. M OTIVATION
Hurricanes are severe tropical cyclones with wind
speeds exceeding 75 miles per hour. They originate in the
tropical regions of the Atlantic Ocean or Caribbean Sea,
usually travel North, Northwest or Northeast from their
points of origin, and bring heavy rains and dangerous
tides[1]. Potential destruction of hurricanes has created
anxiety about the accuracy of tracking.
Hurricane track forecasting is a complex problem with
significant societal importance [2]. Over past decades,
major understanding of the issue has been achieved. Scientists have become interested to improve the capability
of predictive models and track hurricanes for the next
few hours or days.
In [3], an autoregressive model for increments in
track of speed and direction has been presented. In[4],
an autoregressive model has been used to model the
latitudinal and longitudinal increments (rather than the
velocity increment) of powerful tropical cyclones in the
Coral Sea near northeastern Australia.
In this paper, tracking of the Atlantic tropical hurricanes is performed by our proposed sparse Recurrent
Neural Network (RNN) with flexible topology [5]. RNNs
are capable of identifying the temporal patterns within a
system, and are appropriate tools for time series prediction. However for complex systems with few available
observations, sparse networks (i.e. non-fully connected
networks) are more appropriate to avoid over fitting that
is an inherent problem. In the rest of this paper, the data
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and the developed technique for trajectory prediction are
discussed. Prediction results for two case studies from
the Atlantic tropical hurricanes are illustrated at the end.
II. DATA
Accuracy of such works is closely tied to data.
NOAA has tracked the Atlantic tropical hurricanes and
storms since 1851. During the life time of hurricanes,
NOAA provides the information including the position
in latitude and longitude, the maximum wind speed,
and the central pressure which are recorded every six
hours. In this work, hurricanes Sandy and Humberto that
have occurred at 2012 and 2013 respectively are two
target hurricanes predicted by the proposed method. For
similarity analysis, the hurricanes which have occurred
in period of 1990 to 2013 are used.
III. M ETHOD
In this paper, to find more accurate patterns of an
ongoing target hurricane, the most similar hurricanes in
the dataset are used for training the sparse RNN. Techniques for evaluating the similarity between time series
have long been of interest to the database community.
To capture the similarity between two time series, the
choice of distance function is a critical issue [6].
For hurricane i with longitude xi (t) and latitude
i
y (t) at time t, the first difference of the position,
[∆xi (t), ∆y i (t)], is equal to [xi (t) − xi (t − 1), y i (t) −
y i (t−1)]. Direction of the hurricane i called [vxi (t), vyi (t)]
is considered as:
∆xi (t)
∆y i (t)
,p
] (1)
[p
∆xi (t)2 + ∆y i (t)2
∆xi (t)2 + ∆y i (t)2
The Euclidean measure (L2 norm) which sums the
Euclidean distance between direction of two hurricanes
over time can be considered as a distance function. However, considering time shifts or lags of two time series
may provide more accurate interpretation of the distance.
Distance between hurricanes i and j by considering their
first K observations is:
n
X
D=
(vxi (t), vxj (t + r))2 + (vyi (t), vyj (t + r))2 (2)
t=I

M ORADI , G ORJI , H OMAIFAR

Fig. 2. Trajectory tracking of Sandy hurricane at 2012.
Fig. 1. Sparse Recurrent Neural Network with flexible topology.

where n, I , and r have to satisfy I ≥ 2, n + r ≥ K , and
n − I ≥ K/2. The similarity of the target hurricane i
to j th hurricane is equal to exponential of minus of the
distance. For prediction of a target hurricane, the top 50
percent most similar hurricanes to the target hurricane
are selected and used for training the sparse RNN.
The proposed network, as shown in Fig.1, consists
of a set of processing units (i.e. neurons) which are
sparsely connected to observation nodes and context
nodes. Context nodes are without experimental measurements and play the role of memory or internal
states of the model. Observation nodes consist of the
first difference of the position, [∆xi (t), ∆y i (t)], and the
second difference of the position, [∆vxi (t), ∆vyi (t)] =
[∆xi (t) − ∆xi (t − 1), ∆y i (t) − ∆y i (t − 1)]. These four
measurements [∆xi , ∆y i , ∆vxi , ∆vyi ] are computed for
all the similar hurricanes and feed to the network during
the training process.
A customized Genetic Algorithm (GA) is developed
to train the network. Through the evolutionary process
of the GA, the topology of the network including the
incoming and outgoing connections of the neurons along
with their corresponding connection weights are trained
using guidance of a fitness function. At each generation of the GA, the observation and context nodes (zi )
which are outgoing connections of at least one neuron
are updated by Eq. 3, and context nodes without any
connections hold their previous values.


X
X
zi (t + 1) =
vi,k .g 
wk,j .zj (t)
(3)
k

j

where wk,j is the incoming connection weight from zj (t)
to k th neuron. The vi,k is the outgoing connection weight
from k th neuron to zi (t + 1). To induce non-linearity
in the model, g is considered as a hyperbolic tangent
activation function.
IV. E VALUATION
In this work, the first 10 observations of the hurricanes
are used for similarity analysis. Hurricane Sandy was one

Fig. 3. Trajectory tracking of Humberto hurricane at 2013.

of the costliest natural disasters in U.S. history due to its
excessive wind field, large storm surge, and unusual track
into the population-dense Northeast corridor. Results of
the prediction over test sets (unseen data in the training
process) for both hurricanes Sandy and Humberto are
shown in Figs. 2 and 3 respectively. In our future works,
we expect that by completing the data archive with hurricanes that have occurred before 1990, considering more
historical observations for the similarity analysis, and
applying Euclidean measure to the spherical coordinates
instead of lat-lon coordinates, accuracy of the prediction
will be improved.
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