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Abstract—This paper proposes a new hurricane intensity
prediction model, WFL-EMM, which is based on the data
mining techniques of feature weight learning (WFL) and
Extensible Markov Model (EMM). The data features used
are those employed by one of the most popular intensity
prediction models, SHIPS. In our algorithm, the weights of
the features are learned by a genetic algorithm (GA) using
historical hurricane data. As the GAs fitness function we use
the error of the intensity prediction by an EMM learned using
given feature weights. For fitness calculation we use a technique
similar to k-fold cross validation on the training data. The best
weights obtained by the genetic algorithm are used to build
an EMM with all training data. This EMM is then applied to
predict the hurricane intensities and compute prediction errors
for the test data.

Using historical data for the named Atlantic tropical cyclones
from 1982 to 2003, experiments demonstrate that WFL-EMM
provides significantly more accurate intensity predictions than
SHIPS within 72 hours. Since we report here first results, we
indicate how to improve WFL-EMM in the future.
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I. INTRODUCTION

Hurricanes are tropical cyclones with sustained winds of
at least 64 kt (119 km/h, 74 mph) [1]. On an average,
more than 5 tropical cyclones become hurricanes in the
United States each year causing great human and economic
losses [1]. The major issues in forecasting hurricanes are
predicting their tracks of movement and their intensities.
Intensity is defined as the maximum average windspeed
over a predefined time window (1 or 10 minutes usually).
Compared with prediction of track movement, intensity
prediction is still relatively inaccurate, which may be due
to lack of understanding of all the features that influence
the intensity of hurricanes [2].

This paper proposes a new algorithm for hurricane inten-
sity prediction based on the techniques of weighted feature
learning and EMM. Extensible Markov Model (EMM) [3]
is a dynamic streaming data learning model which pro-
vides efficient methods for outlier detection, pattern analysis
and future state prediction. In this paper we propose a
new algorithm called Weighted Feature Learning EMM
(WFL-EMM) to predict the future intensity of hurricanes
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by combining a novel weighted feature learning technique
with EMM. Compared with EMM, WFL-EMM provides
stronger learning abilities as the genetic algorithm learning
component of WFL-EMM actually learns the best EMM for
a set of EMMs defined by different feature weights. EMM
assumes that the input data stream is composed of vectors
of numeric values. The size of the vectors is determined
by the number of features. In this basic case, the EMM
assumes that all features are weighted the same and have the
same importance to the application being studied. However,
we know that for hurricane intensity prediction, all features
are not equal. Rather than treating features equally, WFL-
EMM ¢gives a weight for each feature and these weights
form a weight vector, u, for all the features. A u which
gives the lowest error is then found during the training
process. To locate a good solution, a genetic algorithm [4]
is introduced in our prediction model. Then an EMM is
constructed based on this u and the prediction is made
by using EMM prediction techniques. Experimental results
demonstrate that WFL-EMM is a robust and stable future
state prediction model.

The rest of this paper is organized as follows. The
next section introduces related work on tropical cyclone
intensity prediction. Section III describes the dataset we
used for training and testing of WFL-EMM. Section IV
and Section V give details of EMM techniques and the
genetic algorithm used for learning weights, respectively.
Section VI discusses the experiments. We conclude the paper
in Section VII.

II. RELATED WORK

Many models have been proposed to predict hurricane
intensity. Most of these models are based on regression
and probabilistic methods. Some examples of statistical
prediction models are SHIFOR [5], GFDL [6] and SHIPS [7]
[8] [9]. SHIFOR was the first operational intensity prediction
model. It uses the statistical relationships between clima-
tological and persistence features to predict the hurricane
intensity over water. GFDL (Geographical Fluid Dynamics
Laboratory) model became operational in 1995. It uses initial
cyclone conditions to predict the intensity. SHIPS (Statistical
Hurricane Intensity Prediction Scheme) was developed by
using a multiple linear regression technique with climato-
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logical, persistence, and synoptic predictors for predicting
intensity changes of Atlantic and eastern North Pacific basin
tropical cyclones. In recent years, some research has applied
data mining techniques to improve the intensity prediction.
One example of such research is [10], which formulates
intensity prediction as a supervised data mining problem and
examines two approaches (particle swarm optimization and
association rules) to discover the patterns in hurricane data.

In recent decades, Markov chain techniques have been
gaining popularity in meteorological circles for forecasting
intensity, track movement and risk assessment [11]. Usually,
in intensity prediction approaches, a Markov chain is defined
as a process of collecting random variables indexed by time.
It implies that the current observation only depends on the
previous states, where a state is a collection of similar
observations. Widely used first-order models assume that
the current state only depends on the previous state. For
instance, let s; denote a current state. Then s; only depends
on the state s;_;, where ¢ — 1 indicates the previous time
interval of £. One early research of intensity prediction based
on Markov chains is [12], which proposes transition proba-
bility analysis to predict the intensity changes to forecast the
hurricane intensity. [13] proposes a probabilistic model for
determining sudden changes at unknown times in records
involving annual hurricane counts. [14] introduces a hybrid
model which combines a climatology-based Markov storm
model with a dynamic decision making for explicit anticipa-
tion of improving the forecasts and fine tuning the decisions
to reduce the total risk and unnecessary preparations for false
warnings.

A. SHIPS Model

Among these intensity prediction models SHIPS [7] [8]
[9], after decades of development, is still one of the best-
performing [2] [10]. The first version of SHIPS (Statistical
Hurricane Intensity Prediction Scheme) is introduced by [7],
which proposes a statistical model for predicting intensity
changes of Atlantic tropical cyclones. An updated version
of SHIPS [8] was also developed for intensity prediction of
the eastern North Pacific basin. The model was developed
by using a multiple linear regression technique with climato-
logical, persistence, and synoptic predictors. Each hurricane
is described by time ordered data indexed with Oh, 12h,
24h, ..., where time label ¢ indicates the future state after
t 12-hours time intervals from the zero state (first state of a
hurricane). All predictors collected at time ¢ form a feature
vector d; = (dy,ds,...,d,). SHIPS then creates a data set
to learn a multiple linear regression model. For each ¢ the
interdependent variables are d; and the dependent variables
are the intensities in the future (at t+ 1,742, ...). For each
time in the future an independent linear regression model is
learned.

Eleven predictors (ten are linear predictors and one is
quadratic predictor) are used in the first version of SHIPS
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(1994) [7]. Predictors are removed and added depending on
the performances of the model for different seasons. In 1997,
a considerable change was made by adding and adjusting
features to include the decay over the land. But this resulted
in errors for the cases where a hurricane moves back over
the water. To compensate for this problem, a new version of
SHIPS [9] was proposed by adding the dependent features
which are the differences of intensity between 12 hours. [9]
also increases the forecast period from 3 to 5 days.

IIT. DATASET DESCRIPTION

There are 37 predictors used in SHIPS 2005 [9]. Among
these, we use 16 predictors (4 are quadratic features) to
evaluate our prediction model. The dataset is formed by time
ordered 12 hour interval records and contains the hurricane
data from seasons 1982 to 2003. Table I gives the description
of predictors used in our model. VMAX is the current
maximum wind intensity in kt. POT is the difference of
maximum possible intensity (MPI) to the initial intensity.
MPI is given by the empirical formula from [7]. The
predictor PER is the change in the intensity with which the
intensification for the next 12 hours can be estimated. ADAY
is the climatological feature that is evaluated before the
forecast interval. ADAY is given by the formula described
in [9]. SHRD is averaged along the cyclone track. LSHR
is a quadratic feature given by the product of vertical shear
feature and the sine of the initial storm latitude. T200 is
the 200-mb temperature averaged over a circular area with
radius of 1000 km centered on initial cyclone position. U200,
7850 are the linear synoptic predictors. In [8], SPDX is
considered to be a significant feature which distinguishes the
cyclones easterly versus westerly currents. VSHR is also a
quadratic predictor given by the product of maximum initial
intensity and SHRD. RHHI feature is added to represent the
Sahara air layer effect. VPER is a quadratic feature and it is
given by the product of PER and maximum initial intensity.

IV. EMM FOR PREDICTION

Extensible Markov Model (EMM) [3] has the advantage
of using a distance-based clustering technique for modeling
spatial and temporal data. EMM is an efficient model that
maps spatial-temporal events to states of a Markov chain
and provides a dynamical graph-based structure to model the
streaming data when the complete set of states is unknown.
Let Geya = (V, E) denote an EMM, where V' is a set of
vertices which are centers of clusters of data points and E
is a set of directed edges which indicate the state transitions
between these clusters. Each vertex has a counter and each
edge has a weight associated with it. To generate an EMM,
two basic algorithms are introduced in [15].

1) EMMCluster defines an operation for matching a new
input data point d¢y; at time ¢ + 1 to the cluster set
V in Ggap of time t. If there exists a cluster v; €
V such that the distance dist(v;,d¢4+1) is less than a



Table I
DESCRIPTION OF USED PREDICTORS.

Predictor | Description

VMAX Current Maximum intensity in kt

PER Change in intensity to the previous 12 hour change

ADAY Gaussian function of Julian day - peak value

SPDX Zonal component of initial storm motion

PSLV Vertical Depth

VPER Quadratic variable (PER x VMAX)

POT Maximum possible intensity - initial intensity

SHRD 850-200 mb Vertical shear

T200 Average 200 mb temperature within 1000 km of storm
center

EPOS Surface - 200 hPa deviation of lifted parcel

RHHI Relative humidity in the middle of atmosphere

7850 Average 850 mb vorticity within 1000km of storm center

LSHR SHR times the sine of the initial storm latitude

D200 Average 200-mb divergence within 1000 km of storm
center

VSHR Quadratic variable VMAX x SHRD

POT2 Quadratic variable POT x POT

given threshold th € [0, 1], then d; will be assigned
to v;. If no such cluster exists in V', a new cluster will
be generated for the data point.

2) EMMlIncrement defines the operation of updating the
Gpama at time t+ 1 given the Ggaras at the time ¢.
Assume v; € V is the cluster that d;; was assigned
to and the current cluster at time ? is v;. The counter of
v;, C' Ny, is updated as CN; <+ CN; + 1. The weight
of the edge pointing from v; to v;, C'L;;, is updated
as CLj; < CLj; + 1. Tk?? EMMIncrement sets v;

oL,

the current cluster. p;; = -=3~ is now the maximum
. . . T e
likelihood estimate for the transition probability from
cluster v; to v;.

In short, EMM is a dynamically learned Markov Chain
suitable for data streams with high-dimensional, real valued
data. The Markov Chain’s transition probability matrix is
A = (p;;) with 4,5 = 1,2,...,|V] (using O for not
existing edges). Markov Chains and thus also EMM offer
a well defined framework for predicting future events. The
probability to get from one state to any other state in [th
time steps is given by A'. This can be used for our intensity
prediction problem as follows. We find the state v; closest to
the current data point d;. For a prediction for I/th time steps
in the future we use A’ where A is learned by the EMM.
The probability distribution over all states staring from v,
is now given by vector a = (a1,as,...,a,), the ith row
vector of A!. The predicted intensity is now the average of
the intensities in all states weighted by their probability.

V1

jtJrl = Z a]—Ij,

=1

where I; is the average intensity of the data points assigned
to cluster v;.
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We evaluate the EMM by the prediction error. For pre-
dictions of Ith time steps into the future, the absolute error
is computed as e} = |I} — I?| for the Ith time step of the ith
hurricane. The root mean square error for [th time steps in
all hurricanes is given by

é’ (1)

where m is the number of hurricanes in the testing set.

V. GENETIC ALGORITHM FOR LEARNING WEIGHTS

A. Weighted Feature Similarity

[16] proposes a similar feature weighted cluster technique
which they apply to document categorization. They define
a purity vector P (P, Py,...,P,) where P;, i =
1,2,...,n, describes the weight of the ith feature. Assume a
feature vector V' = (v1,vs, ..., v, ). Then this feature vector
is transformed to V' = (P, avl,le/avz, e Pﬁ/avn%
where a > 1. For clustering they compute similarities based
on the Cosine similarity measurement for the transformed
vectors. For our algorithm, we define a weight vector u =

{(ug,...,u,) with the weights for different features, where
u; €[0,1], i = 1,2,...,n. We then transform each record
d = <d1, dz, . adn> into d = <U1d1, Uzdz, N aundn>

For intensity prediction, we use the Euclidean distance for
clustering since Cosine only evaluates the angle between two
vectors. Assume two data points dq = {dy,ds,...,d,) and
ds = {edy,cds, ..., cdy). For any constant ¢ # 0, Cosine
similarity would tell us that d; and d, are exactly the same.
But for the hurricane intensity problem, d; and d, are totally
different with different windspeeds, temperature, humidity,
etc. Euclidean distance does not exhibit this problem. Figure
1 demonstrates the differences between EMM and WFL-
EMM by feeding WFL-EMM model the weighted features,
where Figure 1 (i) shows the process of generating EMM
application and Figure 1 (ii) shows the process of generating
WFL-EMM application.

Assume the coming state:
Sy =<8y ey S

Assume the coming siate:

§; =<8/,...,8,> and the weights of the

Step 1 0 features <uy,...u,>
Step 1 1

Do EMMCluster and EMMIncrement Tranform state s, into

to generate a application of EMM $ =< UIS o, US>
Step2 L1

Step 2 Eus

m -

(i) Generate EMM application

Do EMMCluster and EMMIncrement
to generate a application of EMM

Step 3 I

Gy

(ii) Generate WFL-EMM application

Figure 1. An example of EMM prediction.



B. Genetic Algorithm Learning Process

After introducing the weights for different features, a real
number u; € [0, 1] is assigned for the ith feature to indicate
the contribution of this attribute for the prediction. u; =
1 implies that 7th feature is important and u; = 0 means
that the th feature is ignored for intensity prediction. For
n attributes and a vector u = (uq, ..., u,), we see that the
search space is [0, 1]™.

To find a u which gives a close to optimal prediction
error we apply a genetic algorithm [4]. GAs try to locate
the solution with the best fitness for the given problem. For
our algorithm, we define fitness as the smallest root means
square intensity prediction error (see formula 1). We encode
possible solutions, the weight vector u, as a binary string
which is called for GAs the chromosome. Here all weights
are converted into binary numbers (as often for GAs we
use also Gray code here) and then the binary numbers are
concatenated into one string of bits. If we encode each of the
n feature weights u; using m bits, then a chromosome will
be a bit string with mn bits. This results in a search space
size of 2™". Suppose m = 1, then the possible value of u; is
0 or 1. This reduces the problem to a pure attribute selection
problem. We choose m = 8, which gives 256 possible values
(between 0 and 255) for each u;, where O indicates that ith
attribute is ignored. For the n = 16 features in our intensity
prediction data set we get for m = 8 a very large search
space size of 2128,

GAs are based on the idea of random evolution with
survival of the fittest. GAs always have a population ¢ of
chromosomes. The initial population (y is populated with
randomly generated chromosomes. Then in each evolution-
ary step, a new population is created from the old population
using several genetic operators. Here we use crossover,
mutation and inversion. The GA stops when the error rate
converges (i.e., the improvement of the error rate falls below
a set value).

For crossover, two chromosomes are selected randomly
from (; with a probability proportional to their fitness.
This makes sure that fitter chromosomes are chosen more
frequently. One or more break points are randomly selected
over the parents and the offspring is created as a mixture
of the parents (i.e., all bits from the first parent till the
break point and then all remaining bits from the second
parent). Following the crossover operation, the mutation
operation randomly alters one or more bits in the offspring
based on a given probability to allow for local search for
better solutions. Although this given probability usually is
quite small, which means this occurs very infrequently,
mutation operation is believed to be one of main driving
forces for evolution. After considering the length of the
chromosome used in predication process, rather than using
only one mutation point, we alter multiple bits in the new
born offspring. We also use the inversion operation, which
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randomly selects a break point in a chromosome and then
exchanges the position of the two pieces. Then the GA
evaluates the fitness of the new chromosomes by calculating
the error (formula 1) and places the obtained chromosome

into 1.

In our GA algorithm, the following steps are followed.
Assume the population size of each generation is 7. For the
initial generation (p (¢ = 0), the chromosomes are generated
randomly. For each chromosome in (; we extract the feature
weight vector u. We weight the training data using u and
then use a k-fold cross validation technique with this data
by always learning an EMM with k£ — 1 parts of the data
and calculating the error for the remaining data. The fitness
is then calculated as the average of the obtained k errors.
After computing the fitness for all chromosomes in (;, the
GA creates the chromosomes for generation (;; using the
genetic operations described above. We repeat this process
until a stopping condition |E; 11— E;| < €is satisfied. F; and
E;+; denotes the average fitness for the 7 4 1th generation
and € > 0 is a user specified threshold. Algorithm 1 provides
the pseudocode of our genetic algorithm to search the feature
weights.

Algorithm 1 Genetic algorithm for learning weights
140
smallesterror <— oo
Generate 7 number initial chromosomes and place these
initial chromosomes into (;
for each chromosome c in (; do
Generate Ggasps and compute the error (fitness) of ¢
based on k-fold cross validation
if smallesterror > error of ¢ then
Bestchromosomes < ¢
end if
end for
FE; < average errors of chromosomes € (;
while i =0 or |E; — E;_1| < e do
Generate 7 number 741 generation chromosomes based
on probabilities of fitness of ¢ generation chromosomes
Place these ¢ + 1 generation chromosomes in (;41
for each chromosome c in (;4; do
Generate Gy and compute the error (fitness) of
c based on k-fold cross validation
if smallesterror > error of c then
Bestchromosomes « ¢
end if
end for
FE; 41 < average errors of chromosomes € (;41
141+1
end while
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Table 11
INPUT PARAMETERS FOR EXPERIMENTS.

Name Value | Description

k 5 k value of k-fold cross validation
th 0.99 EMM distance threshold

m 8 The bit length m of each feature
T 160 Population size of each generation
Nmutation 2 How many bit positions are ran-

domly altered in offspring during
doing mutation

Prutation 0.01 Probability of doing mutation in
offspring

Prversion 0.01 Probability of doing inversion in
offspring

€ 0.01 Convergence condition ([E;+1 —
Ei| <¢)

Table III
WFL-EMM BY INCREMENTAL TRAINING AND TESTING FROM 2001 TO
2003 WHEN 3 = 0.5.

B =05

Hours | 2001 2002 2003 Mean
12 4.59 5.86 6.66 5.70

24 9.05 8.08 10.30 | 9.14

36 12.83 | 9.44 13.49 | 11.92
48 14.10 | 9.75 16.48 | 13.44
60 18.93 | 17.82 | 25.03 | 20.59
72 22.08 | 24.12 | 27.52 | 24.58
84 24.15 | 19.21 | 32.12 | 25.16
96 32.57 | 15.50 | 26.93 | 25.00
108 23.21 | 13.89 | 30.03 | 22.74
120 18.69 | 18.67 | 30.93 | 22.46
Mean 18.02 | 14.24 | 21.97 | 18.07

tion for different features. Because this paper mainly focuses
on the optimization of the feature weights, we leave this for
future work.

Based on the first set of experiments, we compare WFL-
EMM with the SHIPS model by using the same dataset. Ta-
ble V reports the prediction errors of both models. The most
accurate predictions are highlighted in the table. WFL-EMM
improves prediction accuracy significantly over SHIPS for
all times except 60h, 72h, and 84h. Especially for the

Table IV
WFL-EMM BY INCREMENTAL TRAINING AND TESTING FROM 2001 TO
2003 WHEN 8 = 2.

B=2

Hours | 2001 2002 2003 Mean
12 4.63 5.93 6.54 5.70

24 9.29 9.56 10.12 | 9.65

36 11.78 | 9.03 13.30 | 11.37
48 15.31 | 9.81 14.99 | 13.37
60 18.95 | 14.71 | 23.87 | 19.18
72 24.15 | 19.47 | 28.58 | 24.07
84 27.30 | 18.04 | 30.35 | 25.23
96 35.84 | 13.15 | 3242 | 27.13
108 22.46 | 21.77 | 30.98 | 25.07
120 19.15 | 20.33 | 35.25 | 2491
Mean 18.89 | 14.18 | 22.64 | 18.57

Table V
COMPARING WFL-EMM wiTH SHIPS BY INCREMENTAL TRAINING
AND TESTING FROM 2001 TO 2003.

Hours | WF-EMM | WF-EMM SHIPS Improvement
(B =0.5 B =2 over SHIPS
12 5.70 5.70 7.67 25.7%
24 9.14 9.65 11.13 17.9%
36 11.92 11.37 14.01 18.8%
48 13.44 13.37 16.51 19.0%
60 20.59 19.18 18.92 -1.4%
72 24.58 24.07 21.06 -143%
84 25.16 25.23 23.15 -8.6%
96 25.00 27.13 25.05 0%
108 22.74 25.07 25.89 12.0%
120 22.46 24.91 26.85 16.4%
Mean 18.07 18.57 19.02 5.0%

important prediction over the next two days improvements
of almost 20% are possible.

For the second experiments, we evaluate WFL-EMM by
using k-fold cross validation technique over the dataset from
1982 to 2003. Rather than using again the root mean square
error (see formula 1), we use the mean absolute deviation
defined as

O |1 - 0

MAD, =Y ~L—L, )
=

where [ indicates the time steps into the future (such
as 12h, 24h,...); If indicates the real intensity of the ith
hurricane at the /th time step; ff is the intensity prediction;
and m is the number of hurricanes the testing set. All the
input parameters are the same as the previous experiment

(see Table II). Figure 3 gives the performance comparisons
of WFL-EMM with SHIPS.

20

Error

—&— WEL-EMM (beta=0.5) [ ---
—#— WFL-EMM (bsta=2)
-5 SHIPS

I S S
0 12 24 36 43 60 72 84 9 108 120
Time Interval {(12h 120h)

Figure 3. Error comparison of WFL-EMM and SHIPS model.

Figure 3 shows that using MAD, WFL-EMM works better
than SHIPS in all time intervals from 12h to 72h. Both the
error curves of WFL-EMM with f = 0.5 and 8 = 2 are
below the error curve of SHIPS from time interval 12h to
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72h. After 72h, the curves of WFL-EMM are slightly above
the curve of SHIPS, which means that SHIPS has better
performance predicting intensity for more than three days
into the future.

It is interesting to look at the weights of the features
because these weights reveals information about what the
main drivers of intensity change might be. Obviously, a
higher weight implies a higher relational degree of features
and future intensities. Figure 4 gives the weight vector
(averaged over all time intervals and normalized such that
the largest value is 1) of the second experiments with
damping coefficients 8 = 0.5 and 8 = 2.

POT2

0O =2
W p=05

VSHR

D200

LSHR

7850

RHHI

EPOS

T200

SHRD

POT

VPER

PSLV

SPDX

ADAY

PER

VMAX

0.8 1

Figure 4. Normalized total weights U.

Figure 4 shows not surprisingly that the most important
feature to predict future intensity is the current intensity
(VMAX). The features EPOS and Z850 are also important
for the prediction while PSLV seems not very important. The
different damping coefficients (5 = 0.5 and § = 2) create
similar weight vectors. This fact demonstrates that WFL-
EMM model is a stable prediction model. However, there
are significant differences, e.g., for PER and ADAY which
are more important for 5 = 2. These differences deserve
further investigation.

VII. CONCLUSION AND FUTURE RESEARCH

This paper describes a weight feature learning EMM
model for hurricane intensity prediction. This model is
divided into two phases. In the first phase a genetic algorithm
is used to determine good weights to use for the feature
vectors using a fitness function defined by the error rate
of an EMM constructed using these weights. Based on the
chosen feature weights, in the second phase an EMM is
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constructed and used to predict the future intensities of the
hurricanes. The experiments demonstrate that WFL-EMM is
a robust and stable future state prediction model and WFL-
EMM gives better hurricane intensity predictions than the
predictions made by SHIPS within 72 hours.

Keep in mind that the results reported in this paper
are based on initial choices for parameters. Future work
will concentrate on improving choices for such things as
damping coefficients and genetic algorithm implementation.
By tuning the input parameters we expect to see that the
performance of WFL-EMM will further improve.

Also in future work we will compare feature weights
for different time intervals or different years (by using
incremental training and testing). This might shed light on
how different features contribute to changes in intensity of
hurricanes over time. For example, we found an interesting
phenomenon in our experiments that 12h predictions usually
are mainly based on the current VMAX while intensity
predictions further into the future tend to involve more
features. Fully understanding the feature contributions would
be helpful for improving existing prediction models.
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