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Abstract

The hurricane is one of the severe climate disasters that influences the natural environment along
the coastal area and causes an economic loss of billions of dollars every year. In recent years, the
prediction of the paths of hurricanes has achieved considerable progress. However, predicting the
intensity of hurricanes is still a challenging issue. In our project, we mainly focus on forecasting the
hurricane intensity. The whole project includes two components. In the first part, we attempt to
recreate the physics-based energetics model proposed in [9]. The large-scale environmental conditions
and present state of the hurricane work together, determining the hurricane intensity. Besides this,
a recurrent neural network is employed to compare with Shen’s model. To test the consistency of
the results by these models and observations, we use the data of Hurricane Dorian 2019.
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Introduction

Hurricane intensity is the measure of the minimum central pressure of the hurricane or the
Maximum sustained wind speed. These measures determine the category of the hurricane (categories
1-5). A significant amount of breakthroughs have come about recently in predicting the track of

Figure 1: Saffir-Simpson Hurricane Damage Potential Scale
a hurricane using a convolutional neural network. However, the area of hurricane intensity is still
one that needs more research. The most accurate model so far was created by the Geophysical
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Fluid Dynamics Laboratory. We then have a regression model called SHIPS (Statistical Hurricane
Intensity Prediction Scheme). These two models are referenced and used frequently by the NOAA
and the NHC. We were able to find a more obscure model proposed in a paper called ”A Simple
Prediction Model for Hurricane Intensity” by Weixing Shen [10] which is based upon a physicsbased energetics model. We will be exploring this model here and comparing it to a Recurrent
Neural Network regression-type model. We will be using the data of Hurricane Dorian which was a
devastating category 5 hurricane in 2019.
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Data

As mentioned above, data from Hurricane Dorian was used to explore these intensity models.
This is mostly because [10] used Hurricanes from 2001, but unfortunately data is not available before
2004 anymore. Therefore, we were not able to recreate the work of the paper, and chose a different
hurricane to work with.
Hurricane Dorian was a powerful and extremely devastating category 5 hurricane that took place
August 24 through September 7, 2019. The estimated damages and losses were up to 3.4 billion
dollars. Specifically, Dorian caused crude oil spills and damaged hazardous operation facilities on
and near the Bahamas.

Figure 2: GFS Visualization
The data set we used for Hurricane Dorian was called the Global Forecast System Analysis
(GFS). This is a multi-dimensional dataset that has very little documentation. Each dataset is a
slice of time. In order to access something like surface wind speed, one would need to have both the
latitude and longitude of the hurricane at the specific time of the dataset. In addition to this data
is also organized by height off of the ground (in meters), by pressure levels off of the ground (hPa),
etc... This dataset had values pertaining to the model such as Environmental Pressure, Convective
Available Potential Energy, Depth of the surface boundary layer, Sea Surface Temperature, and
different types of velocities. We also used radar data of Hurricane Dorian to be able to produce radii
tracks of the duration of the storm.
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The Simplified Shen Model

The model proposed in [10] demonstrates a method of calculating the change in central pressure
derived from the work of the energetics model in [9]:
dPc = −Kt γ ∗ dt + dPe
Kt = Ksf lx + KCAP E − Kdiss
γ∗ =

γ=

ρb e
γ
B

1 dVm2
Kt dt

Kt : kinetic energy tendency;
(1) Pc : central pressure;
Pe : environmental pressure;
Ksf lx : kinetic energy tendency of surface flux;
(2) KCAP E : environmental convective available potential energy;
Kdiss : kinetic energy of dissipation;
(3) ρ : air density at the top of the surface friction
b
layer;
Vm : maximum axisymmetric wind speed;
(4) B : shape parameter of the wind[5]

While this is the full model and there is much work that goes into calculating Kt , we were able
to find that this model simplifies. This is not how it was done in the paper, but it is a direction that
we will explore in this section. If we plug equation 4 into 3 this yields a new equation for γ ∗
ρb e 1 dVm2
(5)
B Kt dt
Then we can insert this new form of γ ∗ into equation 1; we can get a much simplified version of our
main equation:
ρb e 2
dPc =
dVm + dPe
(6)
B
This is the equation we will use in implementing our model.
γ∗ =
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The Iterative Scheme

With our new simplified equation for dPc , we will now go through the iterative scheme for our
model.
1. Calculate a new central pressure at time t + δt using equation 6.
2. Calculate rm (radius of the eye or radius of maximum wind speed)
rm|t+δt = max[rm|t + drm , 10]
drm = max[(rm|t − 10), 2]

d(Pc − Pe )
100 − min[(Pe − Pc ), 80]

3. Calculate a new Vm (maximum wind speed)
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(7)
(8)

(9)
(10)

4. Repeat
Where Vg is the wind gradient, which allows us to obtain a wind speed at any radius, Vc is the
cyclostrophic wind (wind within the inner core), f is the coriolis parameter, and r is the radius at
which we want the wind speed.
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Changing the iterative method for rm

The iterative method for rm is not a “one size fits all” method. Each hurricane’s intensity changes
differently with the fluctuations in the eye radius/radius of maximum wind(RMW). It is also not
exactly known if there is a correlation between the change in the eye/RMW and the intensity. In [10],
the author (Shen) uses equation 7 and equation 8 to predict the radius. However, in the hurricanes
Shen was working with, intensity increased with a decrease in the eye/RMW. In our case, it was
very well documented that at the most intense point of Hurricane Dorian, the eye radius was at its
largest. In 8, the cause of decrease is that the environmental pressure is for the most part constant
(around 1,100-1,200 hPa on a given day). Therefore as the central pressure decreases, the change in
the difference between central pressure and environmental pressure becomes more negative. To make
our eye radius increase with an increase in intensity, we multiplied d(Pc − Pe ) by (−1). In addition,
Dorian’s eye radius started at 5 km and it’s RMW started as 9 km. When plugging in the changed
rm into 7, it caused our eye radius to be constant at 10 km throughout the duration of the storm
which didn’t allow our model to resemble anything similar to the intensity track in the slightest.
Therefore, we also change 7 and will give the new iterative method for the eye radius/RMW here:
rm|t+δt = max[rm|t + drm , 5]

drm = max[(rm|t − 10), 2]

−d(Pc − Pe )
100 − min[(Pe − Pc ), 80]

(11)

(12)

We made the change from 10 km to 5 km within the max function because this is the lowest we
know Dorian’s eye radius to be.
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Results from Simplified Shen Model
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Figure 3: Initial Run
The above figures are the results of the initial run of our simulation based on [10]. As you can
see, these results are not the best. In the graph of central pressure, the predicted values don’t even
get close to touching a category 4 hurricane when the hurricane did actually reach a category 5
hurricane. At around day 6, the predicted track goes into a category 2 hurricane while the actual
hurricane stayed within category 3. The bump at day 10 is due to a significant increase in the
environmental pressure within the dataset. This caused the difference between the central pressure
and the environmental pressure to be a large negative number which in turn caused the central
pressure to drop. We can see that in the graph of maximum wind speed, the prediction does touch
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category 4 (barely). However, afterwards, the prediction almost stalls. We would like to note that we
assumed running this with 6 hour interval data which GFS analysis gave us access to would make
this a better prediction. Unfortunately, our model crashed after day 5 of the hurricane. This is
because with the simplified model, it is solely based upon the difference between the environmental
pressure and the predicted central pressure. If the model under predicts central pressure (which is
clearly does), then this will cause Pc − Pe → 0 faster. Thus, we get values going to infinity within
the shape parameter for the wind gradient and the model stops running after day 5.
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Radius of the Eye vs. Radius of Maximum Wind Speed

From here, we would like to note a change we made to the model. This model seemingly uses the
radius of maximum wind and radius of the eye interchangeably for rm . However, if we look at a radar
image of Hurricane Dorian, we can clearly see this isn’t the case. The blue band surrounding the

Figure 4: Radar Image of Hurricane Dorian
gray area in the center would be the radius of the eye. As you can see this is significantly less windy
than the dark orange color (RMW). Using the RMW and the radius of the eye interchangeably then
makes it very difficult to see where and when to use them. We found that using the radius of the
eye yields a better result for the central pressure prediction, which makes sense intuitively because
the central pressure is the pressure measured within the eye. The RMW gave a better result for the
prediction of maximum wind speed. This, again, is intuitive since maximum wind speed would occur
at the rRM W . Using this knowledge, we obtained the following plots: The results for the central
pressure are the same as the initial results. However, when we use RMW for the Maximum wind
speed, we are able to obtain a predicted intensity track that more closely follows the real intensity
track. It touches category 4, and it follows the real track from category 3 to 2, and 2 to 1. We
propose a to change the model. We would run two different iterative methods: one for the radius
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Figure 5: Using RMW for Maximum Wind Speed and Eye radius for Central Pressure
of the eye and the other for the radius of maximum wind speed. This would allow us to obtain
the wind gradient at the radius of the eye and at the radius of maximum wind speed. We plot the
maximum wind speed, but we take the Veye and use that in equation 6 in place of Vm .
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What Happened to the Energetics?

As we showed above, we found a simplified way of implementing this model. If we simplify the
model as we did, we get rid of the basis of this model: Kt . We will now give the full model the
paper intended for one to use:
dPc = −Kt ∗ γ ∗ dt + dPe
(13)
Kt = Ksf lx − Kdiss + KCAP E
Z

r0

Z

2π

Ts (Ss − Sa )

Ksf lx = ρ
0

(14)


Ch |V|dθ rdr

(15)

0

|V| = V̄s + Vs r
Z

ra

(16)

2π

Z


Cd |V|3 dθ rdr

(17)

KCAP E = ¯(2πρr0 Db Vn∗ |r0 )CAP E

(18)

R r0
Ch Vs (Ss − Sa )rdr
¯ = R0r0
Ch Vs (Ss − Sa )rdr
0

(19)

Kdiss = ρ
0

0

κd
Vg |r0
f

(20)

Az
Db h ln( zh0 )

(21)

Vn∗ |r0 =
κd =

Where r0 is the radius of the inner core,  is the thermodynamic efficiency, Ts is the Sea Surface
Temperature, (Ss − Sa ) is the surface entropy Disequilibrium, Ch is the surface heat coefficient,
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|V| is the composite wind speed, V̄s is the mean background flow at the surface level, Vs r is the
axisymmetric wind component at the surface level, ra is the radius of the outer core, Cd is the
momentum exchange coefficient, ¯ is the average thermodynamic efficiency, Vs is the surface wind
speed, Db is the depth of the planetary boundary layer(atmosphere), Vn∗ |r0 is the vertically average
radial velocity in the surface boundary layer, κd is the surface drag measure [11], Az is the turbulent
viscosity, h is the depth of the surface layer, and z0 is the surface roughness. Implementing this model
adds a lot of data retrieval from GFS, radar data, and atmospheric datasets. This method would
work almost the same way but with some additions. We would start by calculating Kt at t = 0, then
with our initial conditions, we would calculate γ ∗ using equation 1. Then we would calculate the
next rm and rRM W , and lastly, apply this to the wind gradient(then repeat). The paper suggests
leaving γ ∗ constant from the calculation at t = 0, and we do that here. Unfortunately, we were not
able to do any sensitivity analysis with this full model. As one can easily see, this method does not

Figure 6: Physics-Based Energetics Model of Hurricane Intensity (Central Pressure
predict Hurricane Dorian’s intensity track at all. We even input the real track of the wind speed to
see if this would fit the prediction better, but this produced the same graph as with our predicted
wind speeds. This tells us that our issue is coming within Kt . It appears that our calculation of
Kdiss never becomes greater than Kslf x +KCAP E in order to make our change in Pc a positive value.
Either this problem is coming from keeping γ ∗ constant or the composite wind speed. Equation 16
is just a sum of two data points taken from GFS. Mean background flow is the surface wind speed
happening around the hurricane (which we take an average of), and the axisymmetric wind speed is
the circular wind happening within the hurricane. This seems to be a very simplistic model of the
asymmetry in hurricane wind. With these two values being data points and ultimately constant,
this makes the integration over θ in Kdiss and Ksf lx over a constant. In terms of having an integral
over θ, it does not make sense to NOT have a function of θ. We believe this is what is causing the
poor prediction of Hurricane Dorian’s intensity track in Figure 6.
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Recurrent Neural Networks and Hurricane Intensity

We would now like to break off into something very different to compare to the results of ”A Simple Prediction Model of Hurricane Intensity”[10]. We decided to attempt to implement a recurrent
neural network. Our dataset has real intensity tracks (central pressure and maximum wind speed)
of hurricanes dating all of the way back to 1851 and to 2017. The data is only accurate from 1970
on. This is due to the invention of instruments able to measure these values. Therefore, we trained
on data from 1970 to 2017 and tested it on Hurricane Dorian’s data. The RNN takes in, as an input,
previous values of central pressure and outputs the value of the central pressure at the next time
step. In our case, we chose to go with a day’s worth of data: 0000, 0600, 1200, and 1800, and output
the value at 0000 (the next day). When this model is implemented as a regression-type Recurrent
Neural Network we get very promising results. The predicted intensity is undervalued at the most

Figure 7: Regression RNN Results
intense parts of the hurricane and a little more off in the beginning than at any other point. Around
time-step 25, the prediction almost completely starts to match the real central pressure. This model
would work well in ”real-time” environment; one in which the hurricane is happening and you want
to know about where the hurricane will be in the next 6 hours (in terms of intensity). Thus this
model is 6 hours predictive.
We can also try to format this as an iterative model with an initial condition (that being the
previous four central pressures from the time at which you would start predicting.
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Figure 8: RNN results formatted as an Iterative method with an Initial Condition
We can see that this model doesn’t work as well with an initial condition, which is kind of an
obvious answer since Neural Networks are not good at extrapolation. However, we can see in the top
image in Figure 8 that it is able to predict about a day’s worth of central pressure values somewhat
accurately until the hurricane reaches category three and then the values average out. In the bottom
image in Figure 8 we start predicting at the most intense point of Hurricane Dorian’s track. The
prediction does loosely follow the real values. It enters category 4 and 3 later than the real track
but then the averaging quality happens which allows it to stay with the real track. In real use, we
would not use this format of the model. Rather, it would be greatly beneficial to use in real time as
a regression RNN.
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Future Directions

The main goal of this project was to be able to explain how certain environmental conditions
interfere with a hurricane’s intensity. Due to the unfortunate results of the full physics-based energetics model [10] we were not able to go through with sensitivity analysis. A big direction to go
in would be fixing the format of the composite wind in equation 16. We would like to do some
research to find a function of θ that we can integrate over. Another way to do this, would be to add
environmental conditions and data to the recurrent neural network and evaluate the weights. A side
direction would be to figure out if there is a way to fix or reformat the Simplified Shen Model using
6 hour intervals. Lastly, we could add latitude to the regression-type RNN. We know the coriolis
parameter, f , plays a role in hurricane intensity. The coriolis parameter is a function of latitude and
thus could help our RNN predict even better.
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