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Abstract

Hurricanes are high-intensity tropical cyclones
that can cause severe damages when the storms
make landfall. Accurate long-range prediction
of hurricane trajectories is an important but chal-
lenging problem due to the complex interactions
between the ocean and atmosphere systems. In
this paper, we present a deep learning framework
for hurricane trajectory forecasting by leverag-
ing the outputs from an ensemble of dynamical
(physical) models. The proposed framework em-
ploys a temporal decay memory unit for imputing
missing values in the ensemble member outputs,
coupled with an LSTM architecture for dynamic
path prediction. The framework is extended to
an online learning setting to capture concept drift
present in the data. Empirical results suggest that
the proposed framework significantly outperforms
various baselines including the official forecasts
from U.S. National Hurricane Center (NHC).

1. Introduction

Our climate system is now changing more rapidly than ever
in the past due to increasing human activities. Recent re-
ports have suggested that the warming of sea surface due
to anthropogenic influences will likely trigger more intense
and destructive hurricanes (Knutson et al., 2021). Hurri-
canes are rapidly rotating tropical storm systems with a
maximum sustained wind speed of at least 64 knots (119
km/hr). Due to their potentially severe impact, accurate
long-range forecasting of the hurricane tracks is essential
to provide enough time for emergency management and
response teams to issue warnings and organize evacuation
efforts. However, long-range hurricane track forecasting is
a challenging problem due to the complex, non-linear inter-
actions among various factors in our atmospheric system.

In recent years, there have been growing interests in apply-
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ing deep learning methods to hurricane prediction tasks (Lee
& Liu, 2000; Moradi Kordmabhalleh et al., 2016; Alemany
et al., 2019; Cox et al., 2018; Gao et al., 2018). However,
there are several limitations to these approaches. Many of
the methods, particularly those based on recurrent neural
network (RNN) and its variants, are mostly designed for
short-range forecasts (24 hour or less) only. These methods
often utilize only historical data, which are insufficient to
capture the current and future environmental conditions that
affect the hurricane trajectory path. While some recent stud-
ies have applied deep learning techniques, such as general-
ized adversarial networks (GAN) (Riittgers et al., 2019) and
convolutional LSTM (ConvLSTM) (Mudigonda et al., 2017;
Kim et al., 2019), to meteorological data, these models are
often trained on coarse-resolution data (e.g., 0.5° x 0.5°),
and thus, their forecast errors can still be relatively large.
Extending these methods to longer lead time prediction is
also a challenge due to the inherent error propagation prob-
lem (Cheng et al., 2006). Finally, previous works are mostly
designed for batch learning algorithms, which are not ideal
given the non-stationary nature of the domain.

To address these issues, we propose a novel online LSTM-
based framework for long-range hurricane trajectory fore-
casting. Instead of using historical data, the framework
utilizes the outputs generated from a multi-model ensemble
of dynamical (physical) models to generate its predictions.
The advantage of using a multi-model ensemble to generate
the forecasts is that the ensemble members would simu-
late future state of the atmospheric system based on current
environmental conditions. Since not all models generate
their forecasts at every time step, this leads to considerable
amount of missing values in the ensemble forecast data, a
challenge that must be addressed by the deep learning frame-
work. The proposed architecture consists of two stages. The
first stage consists of a set of LSTM based layers called
model performance layers to learn the performance of the
individual ensemble members. The second stage is the
prediction layer, which uses the output from the previous
stage to generate the final multi-lead time predictions. The
proposed framework allows us to learn the nonlinear rela-
tionships among the ensemble member forecasts as well
as the temporal autocorrelations of the predictions. It also
alleviates the missing value problem using a Temporal De-
cay Memory (TDM) with a masked softmax function for
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weighting the ensemble member forecasts.

The proposed framework can be trained either in a batch or
an online learning setting. The batch learning implemen-
tation is known as DTP (Deep Trajectory Prediction). To
enable the framework to capture concept drift present in the
data, we extended its formulation to ODTP (Online Deep
Trajectory Prediction), which is an online learning imple-
mentation to handle the non-stationary nature of the domain.
The proposed frameworks were applied to real-world data to
predict future trajectory paths of hurricanes up to 48 hours
lead time. Experimental results showed that ODTP can
achieve better performance than DTP, and generally out-
performs other baseline approaches, including the official
forecasts from the U.S. National Hurricane Center (NHC).

2. Preliminaries

Consider a set of hurricanes, {h1, ha, ..., hc}, ordered by
their start times. Assume there are n; data points (time steps)
associated with hurricane h; and N = Z?:l n;. Let T be
the forecast horizon, i.e., maximum lead-time, and M be the
number of ensemble members. Let X € R2XMXTXN pe
the set of trajectory forecasts generated by the ensemble of
dynamical (physical) models, where each X't € R2XM*T
corresponds to the hurricane trajectory forecasts generated
at time step ¢. Let 7i; be the cumulative number of time
steps from hurricane h; to h;, i.e. n; = 2221 n;. Thus,
{X7 | ni—1 < j < n;} denote the set of ensemble forecast
data associated with hurricane h;.

Let Y € R2XTXN be the ground truth locations for X,
where Y? € R2*T is the corresponding ground truth loca-
tions, from ¢ 4 1 to ¢ + 7', for the forecasts generated at time
step t for the 7" lead times. At each time step ¢, our goal is
to learn a function f that maps the ensemble member fore-
casts X'* to the multi-lead time forecasts Y with minimal
error. The trajectory forecasts of the ensemble members for
lead time 7 at time ¢ is denoted as X*7 € R2*M  with the
corresponding ground truth location y*™ € R2. Suppose
£ € RMXTXN jq the distance errors corresponding to tra-
jectory forecasts X'. At each time step ¢, Et € RM*T s the
distance errors for all the ensemble members at all lead times
computed based on their ground truth locations. The geo-
graphic distance error for ensemble member m at time ¢ with
lead time 7 is €™ = R, AQ(x"™™ y"T), where R, is the
earth radius and Ad(-) is great circle central angle between
the forecasted and ground truth locations (Williams, 2013).
Let ét,m — [et—T,T,m’ et—T—&-l,T—l,m7 o et—l,l,m] be the
distance errors at time t associated with the multi-lead
time forecasts generated by the ensemble member m. Let
K € {0,1}M*TXN be the mask values corresponding to
trajectory forecasts set X. If the mask value is equal to 1,
then the corresponding ensemble member forecast is avail-
able; otherwise, the corresponding forecast is missing. At

each time step ¢, let K € {0,1}M*7 be the mask val-
ues associated with all the ensemble members for all lead
times. The mask value of an ensemble member m for fore-
casts generated at time ¢ with lead time 7 is denoted as
ktmm e {0,1}.

3. Proposed DTP Framework

An overview of the proposed DTP framework is shown in
Figure 1. In the first stage, as shown in Figure 1(a), a set of
LSTMs were trained to learn an embedding of the ensemble
members based on their model performance. Specifically,
the distance errors associated with each ensemble member
were used as input to the LSTM instead of their forecast
locations for two reasons. First, learning an embedding
of the model output location is harder as the latitude and
longitude tend to vary significantly from one hurricane to
another, unlike the distance error of the model output, which
has a limited range of variability. Second, data imputation
is required since the ensemble member forecasts contain
missing values for certain lead times. While the missing
values in distance error can be effectively imputed using
historical distance errors, it is not optimal to directly impute
the trajectory forecasts since the current location can be
very different than the previous locations. We implemented
an approach known as Temporal Decay Memory (TDM) to
impute the missing values before providing the data as input
to the LSTMs. In the second stage shown in Figure 1(b),
the outputs of model performance layer were combined to
generate attention-like weights for each ensemble member
forecast. The final multi-lead time predictions are computed
based on the attention weights and multi-model ensemble
forecasts. The details of the proposed DTP framework are
discussed below.

3.1. Temporal Decay Memory

Inspired by Temporal Belief Memory (TBM) (Kim & Chi,
2018), we designed a method called Temporal Decay Mem-
ory (TDM) to impute the distance errors in hurricane trajec-
tory forecasts as shown in Figure 1(a). It contains a gating
unit, corresponds to the missing gate m € {0, 1} to indicate
whether a value is missing. If the value is missing, then
m = 1, otherwise m = 0. If the value is observed (m = 0),
the observed value is directly passed to the output. If the
value is missing (m = 1), the value passed to the output is a
combination of the last observation value x;, the mean value
of all observations x,,, and the time interval At between the
current time and the last observation time. In TDM, we use
a function g to calculate the imputed missing value based
on x; and x,,, as follows:

x = g(At,x;, Xpm) = e A A% + (1 — B_At//\)Xm (1)

where ) is the hyperparameter for the decay rate.
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Figure 1. The figure illustrate the DTP framework. Figure (a) shows model performance layer. Figure (b) shows prediction layer.

3.2. Model Performance Layer

The model performance layer learns the performance of
the individual ensemble members, as well as the temporal
dependencies between different lead times. Let 8™ € R”
denotes the distance errors of the forecasts generated by
ensemble member m with respect to the predicting location
at time ¢. The model performance layer takes the sequence
{&t-T+lm gt=T+2m &:m} of an ensemble member
as input and output a final hidden state h®™ using a series of
LSTM models. The LSTM output is thus a feature embed-
ding of the ensemble model m at time ¢. The hidden state
h%™ is calculated as a function of the previous hidden state
h!=%™ and "™, ie., h®™ = LSTM (étvm,ht_lv’”). A
fully connected network (FCN) takes the hidden state h™
of the ensemble member as input to generate a multi-lead
time performance vector as follows:

o™ = FON(h"™) € RT )

3.3. Prediction Layer

In this layer, a temporal attention-like mechanism is used
to automatically generate the weight for each ensemble
member across all lead times. Based on the outputs of the
model performance layer, a multi-lead time performance
vector o™ is obtained for each model m at time ¢. The
attention weights for all ensemble members across all lead
times are computed using a masked softmax layer. The
masked softmax function sets the weights of the missing
forecasts to zero. The attention weight 37 € RM for
all ensemble members at time ¢ with lead time 7 can be
calculated based on the following equation:

t,
Bt,r _ eXp<a‘rm)
m = M t,i
> iz exp(ar’) 3)
t,m 3 t,7,m
az™ it kb =1
where at™ =T ,
—00, otherwise

Finally, the multi-lead time predictions at time step ¢ can be
computed as a linear combination of the ensemble member
forecasts using the following equation:

M
Zt,T — Z ﬁf;’l’xt,‘r,l (4)
i=1

3.4. ODTP Framework

Since the DTP framework is trained in a batch mode, its
model is susceptible to concept drift and becomes outdated
when applied to the hurricane prediction task. To overcome
this limitation, the DTP framework is extended to an online
learning approach called ODTP, which allows the model to
be continuously updated as new observation data become
available. Unlike the model performance layer in DTP that
employs a fixed sequence of length 7 to train the LSTM
model, ODTP considers only a sequence of length 1 to up-
date the model incrementally. Furthermore, for each given
sequence of length 7', the hidden state in DTP is initialized
to zero. In contrast, the hidden state of the LSTM cell is
inherited from its previous time step. This strategy allows
the hidden state for each model to be continuously updated
to fit new observations in an online fashion. Following the
strategy described in (Xu et al., 2014), to alleviate the error
propagation problem, the algorithm will backtrack to its
previous 7' time steps and restart the update from time step
t — T and incrementally update the model until the current
time step t. The online learning with backtrack and restart
strategy adopted by ODTP helps to adapt the model to con-
cept drift and overcome the error propagation problem. The
pseudocode for ODTP framework is given in Algorithm 1.

4. Experiments

The hurricane best track (ground truth) data and NHC offi-
cial forecasts are available from the NHC website!, while

"https://www.nhc.noaa.gov
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Input: Hyperparameter ® for ODTP model M
Output: Forecasts z
Initialize: Pre-train model M/ () using training
dataset;
fort=12,..., Ndo
Observe the trajectory location at time ¢
/* Backtracking and restart step */
fort =t-T,t—T+1,....,t—1do
Update model M (t") using backpropagation
with all observed trajectory locations till

current time ¢
end

M® — pi-=1)
/* Prediction step */
forr=1,2,---,Tdo
Generate trajectory predictions z"” using

model M®)
end

end
Algorithm 1: Proposed ODTP framework

the ensemble member forecasts from the years 2012 to 2020
were downloaded from the Hurricane Forecast Model Out-
put website at University of Wisconsin-Milwaukee”. Ac-
cording to NHC, 46 models were used in the preparation of
their official forecasts. However, only 27 of them have data
available from the year 2012 to 2020 at the UWM website.
We use these 27 models as ensemble members in our ex-
periments. The final dataset contains 336 tropical cyclones
with a total of 7364 observations at 6 hourly intervals. Each
tropical cyclone has an average length of 21.9 time steps.
For ensemble members with 12-hourly intervals, we per-
formed linear interpolation to impute the missing values so
that every ensemble member has 6-hourly forecasts. The
hurricane data from 2012 to 2017 (208 tropical cyclones)
were used for training and validation while those from 2018
to 2020 (128 tropical cyclones) were used for testing.

4.1. Baseline and Evaluation Metrics

We compared DTP against the following baseline methods:
Ensemble mean: This method uses the mean of the ensem-
ble member outputs at each lead time as its predictions.
Persistence: This method assumes the moving speed at
each time step is the same as the previous time step.
Passive-Aggressive(PA) (Crammer et al., 2006): This is
a well-known online learning algorithm that updates the
weights based on newly observed data points.

ORION (Xu et al., 2014): This is an online multi-task learn-
ing algorithm for multi-lead time forecasting.

OMulLeT (Wang et al., 2020): This is a recently developed
online learning algorithm for trajectory prediction.

Zhttp://derecho.math.uwm.edu/models

Method Trajectory error (in n mi)
Lead Time 12 24 36 48
Ensemble Mean 23.30 | 36.34 | 50.22 65.03
Persistance 34.84 | 88.89 | 155.87 | 229.63
LSTM 41.64 | 94.50 | 160.35 | 232.80
PA (online) 23.30 | 36.34 | 50.23 | 64.80
ORION (online) 23.37 | 36.36 | 50.21 65.00
OMulLeT (online) 22.33 | 35.33 | 48.97 | 63.77
DTP 23.20 | 36.08 | 49.72 | 64.40
ODTP (online) 22.90 | 35.50 | 48.85 | 63.27

NHC (gold standard) [ 24.59 | 38.49 | 52.17 [ 65.74 |

Table 1. Trajectory forecast errors for different methods at varying
lead times from 12 to 48 hours.

NHC: This is the gold standard, corresponding to the offi-
cial forecasts generated by NHC.

LSTM: This is the vanilla LSTM architecture trained on
the historical trajectories with a window size of 48 hours.

For a fair comparison, the models are trained on the same
training set. The forecasts are evaluated using the Mean
Distance Error (MDE) function as follows:

Z distance(z"",y"")  (5)

1
MDE; = ———
T t,7
2ok tktT=1

4.2. Experimental Results

The results comparing the hurricane trajectory prediction
errors for various methods from 12 hour to 48 hour fore-
cast lead times are shown in Table 1. First, observe that
the persistence and vanilla LSTM methods have the worst
performance as both methods rely only historical trajectory
data only. Second, the performance of the batch DTP frame-
work is slightly worse than OMuLeT, an online learning
framework, though they both outperform other baselines in-
cluding the NHC official forecasts. Finally, ODTP improves
the performance of DTP for all lead times as it can adapt
to changes in the distribution of the data. It outperforms all
other online models such as PA, ORION, and OMuLeT for
36 hour or more forecast lead times. This suggests the bene-
fits of using a nonlinear model to capture the relationships
of the multi-lead time forecasts.

To verify that the model performance layer learns an embed-
ding of the ensemble member performance, we analyze the
relationship between the input and output of the model per-
formance layer. For each ensemble member m, the LSTM
input in the model performance layer is the distance error
&b while its output corresponds to the embedding vector,
o™, Figure 2 shows the scatter plots of mean residual dis-
tance error e =77 against the mean vector o™ for all the
time steps in a given hurricane for the AVNO model. The
correlation between the mean distance errors and mean vec-
tor a:™ are -0.7372, -0.5440, -0.3450, -0.2128 for 12-hour,
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Figure 2. Mean residual distance error ¢/~ ™™7 vs. mean o™ of

all the time steps within one hurricane for physical model AVNO.

24-hour, 36-hour, 48-hour lead time forecasts, respectively.
The results suggest there is a significant negative relation-
ship between the residual distance error ¢!~ "™7 and ab™.
The larger the residual error, the smaller the magnitude of
the embedding vector o™, This suggests that o™ indeed
captures the performance of the ensemble member m.

5. Conclusions

This paper presents an LSTM based trajectory forecasting
framework called DTP and its online counterpart, ODTP.
Unlike existing approaches, the proposed frameworks aim
to produce accurate long-range forecasts by leveraging the
outputs generated from an ensemble of dynamical models.
To handle missing values in the ensemble member fore-
cast data, a novel TDM (Temporal Decay Memory) gating
mechanism was developed. Experimental results on real-
world data showed that ODTP outperforms all the baseline
methods for long-range forecasts up to 48 hours lead time.
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