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ABSTRACT
Tropical cyclone (TC) is a type of severe weather systems
that occur in tropical regions. Accurate estimation of TC
intensity is crucial for disaster management. Moreover, the
intensity estimation task is the key to understand and forecast
the behavior of TCs better. Recently, the task has begun
to attract attention from not only meteorologists but also
data scientists. Nevertheless, it is hard to stimulate joint
research between both types of scholars without a benchmark
dataset to work on together. In this work, we release a such
a benchmark dataset, which is a new open dataset collected
from satellite remote sensing, for the TC-image-to-intensity
estimation task. We also propose a novel model to solve this
task based on the convolutional neural network (CNN). We
discover that the usual CNN, which is mature for object
recognition, requires several modifications when being used
for the intensity estimation task. Furthermore, we combine
the domain knowledge of meteorologists, such as the rotationinvariance of TCs, into our model design to reach better
performance. Experimental results on the released benchmark
dataset verify that the proposed model is among the most
accurate models that can be used for TC intensity estimation,
while being relatively more stable across all situations. The
results demonstrate the potential of applying data science
for meteorology study.
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1

INTRODUCTIONS

Tropical cyclone (TC, also called as typhoon, hurricane, or
cyclone) is a type of severe weather system that forms and
develops on the warm tropical ocean. If a TC makes landfall,
it could cause a significant threat to life and property. The
intensity of a TC, which is defined as the maximum sustained
surface wind near the TC center, is one of the most critical
parameters for TC warning and disaster management. For
instance, [30] showed that the power relationship between
TC intensity and damage might range between 4 and 12.
Therefore, pursuing an accurate estimation of TC intensity is
an important task for meteorologists and weather forecasters.
Note that in-situ measurement of TC intensity is difficult
because TCs spend most of their lifetime on the open ocean.
Therefore, the observations from satellite remote sensing serve
as primary sources of TC information due to their global
coverage and high temporal frequency. Although satellite
remote sensing is not capable of directly measuring the wind
near the surface, satellite imagery of cloud, water vapor,
and precipitation can be used as proxies for estimating TC
intensity indirectly [19, 27].
In meteorology, the development of TC intensity estimation
nowadays highly relies on constructing informative features
for the estimation task. In particular, Section 2 introduces
several models based on first calculating informative features
and parameters from the satellite images, and then apply
various types of regression models to solve the estimation
task. Nevertheless, even for experienced meteorologists, it
can be difficult to identify informative features for the diverse
TCs in different life stages and in different basins. Many
current models thus rely on relatively few human-constructed
features (usually fewer than 10), which makes the models
somewhat restricted in capacity.
In the data science side, ever since AlexNet was proposed in
2012 [11], deep learning techniques have been flourishing for
various types of estimation tasks. One important advantage
of deep learning techniques is automatic feature construction,
which has started to successfully replace human-constructed
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features in many estimation tasks, such as object recognition.
In this study, we aim to replicate the success by applying
Convolutional Neural Network (CNN) in deep learning to
solve the TC-image-to-intensity regression task (shorthanded
“image regression” task). The study provides an alternative
to current models that rely on human-constructed features.
Recently, tasks related to our image regression task has
begun to draw attentions from data scientists [15, 21]. To
facilitate the data scientists in studying the image regression
task together with meteorologists, we also collect and publish
an open benchmark dataset in this study. The details of
the dataset will be described in Section 3. Then, Section 4
describes our proposed CNN model for the image regression
task. The model is extensively compared against state-of-theart models for the image regression task in Section 5. The
results demonstrate that the proposed model outperforms
most of the state-of-the-art models, and justify the validity
and potential of applying CNN on the image regression task.
We summarize our findings in Section 6.

2

RELATED WORK

B. Chen et al.
(2) [3] used the k-nearest-neighbor algorithm on TCs with
similar intensity based on satellite images.
(3) [32] introduced a multiple linear regression model that
considers seven different parameters of TC cloud characteristics.
(4) [31] introduced a machine learning method called relevance vector machine (RVM) for TC intensity estimation.
Recently, some researchers started to apply CNN in classifying TCs by intensity. In 2017, [15] divided TCs into classes
based on maximum sustained wind speed with 5-knots intervals. They first pre-trained their model on ImageNet, then
fine-tune the model by the cross-entropy loss on the TC classification dataset. In 2018, [21] divided TCs into 8 categories,
each with physical meanings in meteorology. The intervals
between these categories are ranged from 12 to 29 knots.
The authors also visualized the features extracted from CNN.
Both works have reached remarkable results. Nevertheless,
arguably solving the image regression task is different from
solving a classification task. First, compared with the regression task, a classification task loses some information because
different intensities are clipped into one interval. Second, the
classification task generally does not take the magnitude of
the “classification” error into account. That is, misclassifying
a 80-knot TC to a 30-knot-class is the same as misclassifying
the TC to a 70-knot-class. The difference calls for a true
end-to-end regression model for the TC intensity estimation
task.

One of the basic ideas of using satellite imagery to estimate
TC intensity is that TCs associated with similar cloud features may have similar intensity. The Dvorak technique is the
most widely used methodology that estimates TC intensity
based on TC cloud features observed from geostationary satellites [2, 27]. This methodology correlates TC intensities to
various cloud patterns of central and banding features in the
infrared images. However, it takes significant time to master
in the Dvorak technique and its regional nuances and adjustments. Furthermore, the inherent subjectivity of the storm
center selection and scene type determination procedures
compromises the stability of the forecasting skill. During the
last three decades, several revised Dvorak techniques have
been developed [18, 29]. The Advanced Dvorak Technique
(ADT) [18, 19] is the latest released version and currently
used for operational TC intensity estimation. ADT reduces
the subjectivity by using computer-based algorithms for recognizing cloud features. Besides, ADT is about the first one
to apply linear regression on estimating TC intensity.
In additional to Dvorak-based techniques, other parameters
calculated from the infrared satellite images are proposed
to correlate with TC intensity. A promising and relatively
new parameter is the deviation angle variance (DAV), which
determines the symmetry level of a TC by evaluating the
gradient of the cloud top temperature [22, 23]. Besides, several
other parameters are also used for correlating TC cloud
feature to TC intensity, such as mean and standard deviation
of cloud top temperature in 14 radius ring around a TC [3],
and slope of TC cloud top in the inner-core [24].
Meanwhile, ever since ADT [18] took linear regression into
the model, various regression methods have also been applied
for TC intensity estimation. Here are some examples:

Although atmospheric researchers started to estimate TC
intensity using satellite data since the 1970s, TC data still
remains less accessible to most data scientists. To let people
start investigating TC estimation tasks more conveniently, we
collect the Tropical Cyclone for Image-to-intensity Regression
(TCIR) dataset. TCIR serves as an open benchmark dataset
for data scientists to evaluate TC intensity estimation models
fairly. The dataset can be downloaded at
https://www.csie.ntu.edu.tw/∼htlin/program/TCIR
along with simple usage explanations.

(1) [22] used a nonlinear sigmoid equation to describe the
relationship between DAV and TC intensity.

CMORPH [6], CPC MORPHing technique: CMORPH precipitation rates from 2003 to 2016 were included into TCIR.
CMORPH provides global precipitation analyses at relatively

3

3.1

THE TROPICAL CYCLONE FOR
IMAGE-TO-INTENSITY
REGRESSION DATASET (TCIR)

Sources

Satellite observations comprising TCIR are from two open
sources:
GridSat [4, 8], Gridded Satellite Data: GridSat is a long-term
dataset of global infrared window brightness temperatures,
including three channels: IR1, WV, and VIS. This dataset
includes data from most meteorological geostationary satellites every three hours since 1981. The resolution is 7/100
degree latitude/longitude.
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Region

# TCs

# Frames

West Pacific
East Pacific
Atlantic

379
247
235

20060
14149
13707

Total

861

47916

Table 1: Data Amount included in TCIR

(a) IR1

(c) VIS

(b) WV

(d) PMW

Figure 1: An example of the four channels from
TCIR. Note that they are scaled to the range [0,
256) and drawn in gray scale.
high spatial and temporal resolution, which uses precipitation estimates derived from low orbit microwave satellite
observations exclusively and whose features are transported
via spatial propagation information obtained entirely from
geostationary satellite IR1 data. The resolution of CMORPH
is 0.25-degree every three hours.

3.2

Channels

Note that because CMORPH was unavailable before 2002,
TCIR includes data starting from 2003. Each data point
contains 4 channels, including
0 IR1: Infrared
1 WV: Water vapor
2 VIS: Visible light channel
3 PMW: Passive micro-wave rainrate
In Fig. 1, we scale each channel to the range [0, 256) and
draw them as gray scale images. The images allow us to
understand each channel better. From the figure, we can see
that IR1 and WV provide similar information. Also, a closer
look reveals that the VIS channel is very unstable because of
the daylight situation. In particular, more than half of the
frames during the night have very noisy VIS channel images.

3.3

Frames

A total of 47916 frames from 861 TCs in western North Pacific,
eastern North Pacific, and Atlantic ocean are collected by
TCIR (Table 1).1
1

After the acceptance of KDD, we have added TCs in some other
regions, such as the Southern Hemisphere.

For each frame, there are 201 × 201 data points, and the
resolution is 7/100 degree lat/lon. That is, the width and
height of a frame are 14 degrees lat/lon, and the distance
between 2 grids is about 4 km. Note that the center of TCs
are all placed at the middle grid of each frame. Also, the
original resolution of the PMW channel from CMORPH is
1/4 degree lat/lon, to unify the size of all 4 channels, we
rescale PMW channel to be about 4 times larger by linear
interpolation.
Furthermore, because the data are collected by satellite,
some of the values could be missing or damaged. We just left
them there as NaN. It is up to the data scientists to decide
how to handle those NaN value when feeding the dataset into
models.

3.4

Other TC information

TCIR also provides the information from TC best-track data,
which could be considered as the truth when developing the
regression models. We used the best-tracks from Joint Typhoon Warning Center (JTWC) for TCs in western North
Pacific (WP); and the best-tracks from the revised Atlantic
hurricane database (HURDAT2) for TCs in eastern North
Pacific (EP) and Atlantic Ocean (AL) from 2003 to 2016.
The TC information provided in TCIR includes TC center
location, intensity, (i.e., the maximum sustained wind, in kt),
minimum sea-level pressure, and size (i.e., the mean of radii
of 35-knot wind in the four quadrants, in nmi). Note that
these values are tuned and finalized afterward based on all
observation that is available, and can be very different from
the real-time estimations in meaning. We believe that estimating the size can be the next important task for estimating
TC property from images.
While the best-track information can be taken as ground
truth, they are still some “estimation” in nature and can
suffer from some inherent noise. Thus, for the image regression
task, an error within 10 knots is generally acceptable.

4

PROPOSED METHOD

We start by pointing out the properties of our image regression task. In particular, we discuss its differences to the image
classification task that comes with many mature techniques,
and we discuss its known specialties obtained from the meteorologists. We then illustrate how the properties can be
leveraged to properly design our proposed model.
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Figure 2: Model structure for CNN-TC

4.1

Comparison to image classification

Convolutional Neural Network (CNN) is a mature family
of deep learning models for image classification tasks such
as digit identification [12] and object recognition [10]. This
work extends from those mature models to solve our image
regression task. In our initial study, we directly applied some
popular and classical CNN models such as AlexNet [11] and
VGGNet [25] on our image regression task. We then observed
some major differences between our task and typical image
classification ones, and proposed some careful modifications
to address the differences and improve the performance. We
summarize those differences in four aspects below.
Output. The most obvious difference between our task and
the classification one is the type of output variable. Classification aims for a discrete output within a finite number
of classes. The goal is generally transformed to producing a
soft vector that represents the conditional probability of each
class given the image, and the maximum-probability class
can be taken as the output. The cross-entropy loss function
is commonly used to measure the difference between the
predicted soft vector and the one-hot-encoded class identity.
[11, 25]
Because only the maximum within the soft vector is taken
as the discrete output, it suffices to focus on the relative
magnitude within the soft vector for accurate classification.
Our task, however, demands predicting the actual magnitude
of the intensity, which is a continuous variable. We take the
mean squared error (MSE) as the loss function in our task,
and will discuss how the change of loss function affects our
model design in Section 4.2 and Section 4.3.
Target. Many image classification tasks aim at locating particular object(s) within the image within some particular
area. The objects can often be distinguished from the background by clear contours. For our image regression task, the

TC images are mashy, continuous and do not come with
contours. Then, techniques like (maximum) pooling in image
classification CNNs cannot be used to enhance the activation
of the object contour over the background. We will discuss
this issue in more detail in Section 4.3.
Position. Image classification tasks are usually less sensitive
to the location of the objects within the image. Thus, it is
possible to preprocess the original dataset by augmenting
randomly-cropped version of the images to improve the performance of the classification model, as done by AlexNet [11].
Our image regression task, however, comes with an aligned
dataset where the cyclone center is within the middle of every
TC image. According to the domain knowledge of meteorologists, critical factors for predicting the intensity usually
lies within a range of 2 degrees (lat/lon) from the center.
Random-cropping, which causes the center to shift within
the image, will then make it harder for the model to capture
the critical factors and can be harmful instead of helpful to
the performance. We will discuss other preprocessing steps
that help the model capture the critical factors more easily
in Section 4.4.
Orientation. In addition to random cropping, other data
augmentation techniques for image classification include horizontal flipping and small-angle rotations. For instance, VGGNet [25] studied the importance of horizontal flipping. Bigangle rotations are seldom used for image classification because there are common poses for many discrete objects—for
instance, a car is usually not upside down.
The TC images, however, should perhaps not be flipped
horizontally, because flipping violates an important domain
knowledge that all TCs in the Northern Hemisphere should
rotate counterclockwise, given that the TCs used in this study
are all in the Northern Hemisphere. On the other hand, it
appears possible to rotate the TC images by arbitrary degrees
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to hint the “symmetry” of different parts of the image for
contributing to the intensity prediction. The idea of using
rotation for augmentation leads to a significant improvement
in performance, and will be discussed further in Section 4.4.
Considering the quality and quantity of the images within
the TCIR dataset, we decide to take the AlexNet [11] as our
base CNN structure for this initial study instead of deeper
ones like VGGNet [25] or GoogLeNet [26]. We then modify
AlexNet to our proposed CNN-TC model by addressing the
four aspects of differences above. Meanwhile, we also lighten
the structure so that no pre-training is needed. In the next
sections, we illustrate our modifications, as depicted in Fig. 2.

4.2

Initialization

Properly initializing the weights of deep models like CNN
allows the models to start learning in a better mode without
being trapped at bad local optima or flatlands. A common
and simple strategy is to initialize each weight randomly from
a normal distribution with zero mean and a standard deviation within [0.1,
p 0.5]. Recently, it is shown that a standard
deviation of 2/ ln d, where d is the number of inputs, leads
to robust performance [20]. There are also more sophisticated
strategies like layer-sequential unit-variance (LSUV) [16] for
assisting the deep models.
The strategies discussed above have been studied mostly
for image classification tasks, which only care about the
relative magnitude between classes within the soft vector,
as discussed. For our image regression task that requires
the actual magnitude to be accurate, it turns out that the
strategies above make the weights and the outputs too large,
causing slow and unstable convergence.
After some studies of different initialization strategies, we
figure out that the randomly-normal strategy with a standard
deviation of 0.01, which is much smaller than those being used
for image classification, suffices to ensure stable convergence.
For simplicity, we take the 0.01-standard-deviation strategy
for our CNN-TC model in all experiments.

4.3
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that contains no clouds is as important as a patch that is full
of steady clouds in intensity prediction. Consider the three
matrices below with values representing the density level of
clouds at some locations:

 
 

1 1 1 1
1 1 1 1
0 0 0 0
1 4 4 1 0 4 4 0 1 1 1 1

 
 

1 4 4 1 , 0 4 4 0 , 1 1 1 1
1 1 1 1
0 0 0 0
1 1 1 1
Arguably the first two “TCs” are different because the
former comes with more clouds in total. But if we apply
a 2 × 2 maximum-pooling on the matrices, the first two
matrices become indistinguishable, as follows. The toy example demonstrates the potential harmfulness of applying
maximum-pooling in terms of dropping some secondary “magnitude” information.

 
 

4 4
4 4
1 1
,
,
4 4
4 4
1 1
On the other hand, the last two “TCs” are also different
because one comes with a larger cloud density near the
center. If we apply a 2 × 2 average-pooling on the matrices,
the last two matrices become indistinguishable, as follows.
The toy example demonstrates the potential harmfulness of
applying average-pooling in terms of dropping the “contrast”
information.

 
 

1.75 1.75
1 1
1 1
,
,
1.75 1.75
1 1
1 1
Because of the potential harmness of the pooling techniques
on our image regression task, we decide to remove all pooling
layers in our proposed CNN-TC model.

Removal of Pooling and Dropout

Figure 3: A simplified illustration of dropout layers

Removal of pooling. The pooling technique in standard
CNNs aims to reduce computational complexity by keeping
the statistics of a group of features instead of their original
values. There are two popular pooling strategies: maximumpooling and average-pooling. The former keeps the maximum
within the group, which effectively emphasizes more important information like contours. The latter keeps the average
of the group, which removes variations within the group to
possibly be more noise-resistant. We have discussed in Section 4.1 that maximum-pooling may not be effective for our
image regression task because the lack of contours. Next,
we illustrate the situation in more detail, and provide toy
examples to explain why the average pooling may also not
be effective.
Note that every patch within the TC image could provide
information on the intensity of the TC. For instance, a patch

Removal of dropout. Dropout is a mature regularization
technique for deep learning. Figure 3 shows a simplified
illustration of how dropout works. Suppose that we have a
keep rate p = 50%, in the training stage, we will randomly
drop a individual nodes in the probability of 1 − p = 0.5.
But as for keeping the expected value for each node to be
the same, we will multiply the remain vector by the factor
of p−1 = 2. This operation help us to maintain L1 distance
to be about the same. Nevertheless, the L2 distance would
√
become approximately p times larger.
As mentioned in Section 4.1, we focus on actual magnitude
of the intensity in this task. But with the usage of dropout
layers, regressor would get inputs with longer L2 length during
the training stage. Therefore, when we stop to dropout in
validation stage, we conjecture that the feature vector became
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smaller in L2 length and the outcome estimation would be
more likely to under estimate. We will verify the conjecture
with some experiments in Section 5.2.
Several works have found that dropout layers can cause
some troubles, such as [5] when coupled with batch normalization, and [13] for the trouble of variance shift. Based on
the verification of our conjecture above and the troubles
in the literature, we decide to remove all dropout layers
completely while using the data augmentation techniques
described below for regularization.

4.4

Preprocessing

Before feeding images into the CNN-TC model for training,
we have 3 important preprocessing steps: dropping 2 channels,
middle-cropping, and random rotating.
According to Fig. 1, the information provided by IR1 and
WV are similar. We thus decide to drop one of them to
prevent accidental overfitting on correlated features. Given
that IR1 is often a more critical channel for meteorologists to
judge intensity, we keep IR1 and drop WV. Meanwhile, since
the quality of VIS channel is unstable and strongly affected
by the daylight, we decide to drop VIS channel in this study,
leaving its potential for future studies.
The reason of middle-cropping is to drop less-important
area in the data. For example, in Fig. 1, we can see that this
TC only lied in the center part of the frame. From the domain
knowledge of meteorologists, critical factors of intensity lie
in the area which are less than 2 degrees (lat/lon) from the
center. Recall that the distance between 2 nearby points in
TCIR is 0.07 degree. 4/0.07 ≈ 57.1. To make sure we discard
no important information, we crop the image to 64 × 64,
which is slight larger than 57. And since TC centers are
already placed in the center, we can conveniently crop from
the center part of image.
As mentioned in Section 4.1. We need different ways to
do data augmentation in this image regression task. Taking
advantage of the property that TC data is rotation invariant,
we rotate the TC images by arbitrary degrees before training.
Rotating the original image would cause white spaces in
the corners. Nevertheless, the issue can be easily solved by
performing rotation before middle-cropping. The rotation
acts as an alternative regularization technique (to the dropout
one that we have removed).

4.5

Blending by rotation

Given the capability of the proposed CNN-TC model to accept rotated images, we decide to systematically leverage
rotation with a mature machine learning technique shows
blending. Blending multiple estimations properly is known
to reduce the variance of estimation towards more stable
performance. Here we simply apply blending the estimations
of the models trained with images rotated by different angels.
We rotate our images by evenly distributed angles ranged
from 0-360. That is, if we plan to blend the estimations from
4 models, each will be trained by images rotated with 0, 90,

B. Chen et al.
180, 270 degrees, respectively. In Section 5.3, we conduct experiments to test the effect of blending different estimations.

5

EXPERIMENT AND ANALYSIS

In this section, we first conduct experiments to show how
we can get better results by removing dropout layer and
use rotating instead to fight against overfitting. Second, we
explore the effect of rotation-blending.
Then, we compare CNN-TC with some models which are
now used in operational applications. Our results reveal a high
potential for CNN-TC to be used in real-world applications.
Also, we compared CNN-TC with other works for intensity
estimation. The result also shows that our model can reach
better performance.

5.1

Experiment Settings

Before training, to let the model learn more easily, we standardize every value by
xstandardized =

x − mean of the channel
standard deviation of the channel

As TCIR is originally collected from satellite, there exist
some damaged values. There are two groups of them, one
is NaN values, and another is extremely large values. Since
we standardized data with mean and standard deviation, to
prevent mean from being strongly impacted by these large
values, we replace a value with 0 if it is originally greater
than 103 . For those NaN values, we directly assign them as
0.
We use the data of TCs during 2003-2014 as training data
and TCs during 2015-2016 for validation. There are 40348
frames from 730 TCs in the training data and 7569 frames
from 131 TCs in the validation data. We take the following
key parameters:
(1) Epochs numbers: stop at 500 epochs
(2) Learning rate: 5 × 10−4
(3) Regularization parameter: 10−5 for every weight.

5.2

Dropout

As mentioned in Section 4.3, we think that a dropout layer
could influence the feature’s L2 distance during training stage
and thus make the model more likely to underestimate during
validation stage. In this experiment, two models were trained
in identical structures and epoch numbers, except that one
with dropout and another without dropout. We calculated
error distance from 7569 validation frames and sort them in
ascending order, so that we can know the error distance at
every percentage. The result is shown in Fig. 4.
We can clearly observe that when training with dropout
layers, 26.5% frames are underestimated by more than 10
knots, while only 7% frames are overestimated by more than
10 knots. But after removing dropout layers, the error distributed like a Gaussian distribution, divided into both sides
evenly. We also discover that with more epoch trained, the
level of underestimate became more serious. Therefore, we
removed dropout layer from CNN-TC.

Rotation-blended CNNs for Tropical Cyclone Intensity Regression

(a) With dropout

(b) Without dropout

Figure 4: Line chart of error distribution. In the
chart, we can observe that using dropout in regression task would cause underestimate.

5.3

Rotate and Blending

Rotation-blending is a special but intuitive design which can
hardly apply to other classical image classification task. To
show the effect of rotation-blending, in this experiment, we
test different numbers of estimations to be blended. The
result is shown in Fig. 5.
Comparing to the learning curve of not using rotationblending, we can see that rotation-blending provided remarkable improvements. Moreover, with more estimations we used
for blending, we can receive better results. The improvement
slows down after we extend our blending number to over 9.
To balance between computation loading and performance,
we use 10 as our blending number.

5.4

Results

In this subsection, we will use TCs during 2015-2016 to
evaluate our performance.
First, our result is compared to three models, which are
used in operational intensity estimations nowadays: ADT,
AMSU, and SATCON. We collected their raw estimations
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Figure 5: Learning curve of validation MSE using different number of blending estimations. Notice that
we optimized our model only on a single rotated
image, blending is completed during the validation
stage.

from Cooperative Institute for Meteorological Satellite Studies websites (CIMSS) [1].
In Fig. 6, X-axis represents the true values and Y-axis
represents the estimated values. Notice that the frame count
n is different for 4 methods, the reason will be described
below.
ADT [17, 18] (Advanced Dvorak Technique) is generally
better for strong TCs, but as for fitting better in stronger
frames, it usually overestimates those weaker TCs. Furthermore, when the outcome predictions are less than a threshold
(about 25 – 30 knots), ADT will directly abandon those
predictions. These traits can be observed clearly in Fig. 6-(b)
AMSU [7] (Advanced Microwave Sounding Unit) uses low
earth orbit satellites instead of geosynchronous satellites.
Thus, the estimation can be provided only when the satellites
ran across the TCs. Comparing to ADT, AMSU is known to
be better for weaker TCs than for those stronger ones.
SATCON [28] (SATellite CONsensus) is the combination
of ADT, AMSU, and some other minor methods. It could
be taken as some heuristic blending guidelines depending
on ocean region, estimated intensity level from each model,
and more. SATCON is a model that highly rely on expert’s
human intelligence, and is unable to estimate TC intensity
when estimation from ADT is unavailable or AMSU samples
are not enough.
In Table 2, we show the average RMSE (root mean square
error) for each model and each region. Notice that ADT and
SATCON both have fine-tuned their model for each region.
Comparatively speaking, CNN-TC provided stable estimation
for all cases by a single model. In the future, we can also
consider fine-tuning CNN-TC for each different ocean regions
to shoot for even better results.
In Fig. 7, we show several examples for full life cycle
TCs. Recall that AMSU uses low-Earth-orbit satellites so the
estimation is not continuous. CNN-TC is designed as single
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RMSE (knots)

(a) CNN-TC

(b) ADT

Kossin et al. (2007)
FASI
Improved DAV-T
TI index
Y. Zhao et al. (2016)
J. Miller et al. (2017)
R. Pradhan et al. (2018)

13.20 [9]
12.70 [3]
12.70 [23]
9.34 2 [14]
12.01 [32]
10.00 3
10.18 4

ADT
AMSU
SATCON

11.79
14.10
9.21

CNN-TC
CNN-TC(with smoothing)

10.59
9.45

Table 3: A rough comparison between RMSEs of
the models estimating typhoon intensities in other
works.

(c) AMSU

In Fig. 7-(d)(e)(f), we can observe that ADT and SATCON
will give up to estimate sometimes. In contrast, CNN-TC can
constantly produce close estimations.

(d) SATCON

Figure 6: Comparison with three models for operational intensity estimations. X-axis represents the
true values and Y-axis represents the estimated values. Data during 2015 2016 are used for verification

CNN-TC
ADT
AMSU
SATCON

West Pacific

East Pacific

Atlantic

Overall

12.25
12.25
15.68
9.90

9.42
10.57
13.76
8.80

9.27
12.87
11.39
8.42

10.59
11.79
14.10
9.21

Table 2: RMSE for data during 2015-2016 of ADT,
AMSU, SATCON, and CNN-TC. ADT and SATCON fine-tuned their model for each region, that
is, their result is from 3 different models. In contrast, CNN-TC is a single model optimized for all
data from 3 regions.

frame estimation task. While both of ADT and SATCON
have been smoothed, we have not done any smoothing in
CNN-TC. However, we can clearly see that after smoothing,
CNN-TC can produce an even better performance.
In Fig. 7-(f), the case we show is the second strongest
TC in the history. We can observe that ADT perform better
when the TC is extremely strong, and SATCON can also
rely on ADT to perform well in such condition by heuristic
rules. Comparatively speaking, CNN-TC strongly depends
on the data amount for training neural networks. When such
extremely strong frames are very rare, unavoidable CNN-TC
would be weaker in this condition. This issue can possibly be
alleviated in the future by using cost-sensitive losses.

5.5

Further enhancement

We designed the CNN-TC model on the image-to-intensity
regression task, using only a single frame to estimate the
TC intensity. To further test the potential of CNN-TC to be
used in real-world applications, here we experiment with a
one-sided smoothing, averaging a prediction with 2 previous
estimations, and received a significant improvement on our
estimation. The result can be seen in Fig. 8.
While one-side smoothing is only a casual method to do
smoothing, this experiment suggests that our estimation can
be significantly improved even with such an easy smoothing.
This also shows the potential for us to extend this task into
a sequence learning task for a better result on TC intensity
estimation and even forecast.
In the end of this section, we compare our RMSE to that
of other works. The details can be found in Table 3. We
should keep in mind that these works are evaluated with TC
data from different oceans and different years. For example,
although TI index exhibits an impressive result, they only use
5 TCs in 2011 for validation. Most model’s performances are
ranged from 10.00 ∼ 13.2 knots in RMSE, while SATCON
being the best with 9.21 knots in RMSE. With a simple
smoothing, CNN-TC can reach 9.45 knots in RMSE, which is
about as good as SATCON. Recall that SATCON depends on
other models to make estimations and can thus be unavailable
some time, while CNN-TC can constantly produce close
estimation by itself. The close RMSE between CNN-TC and
2

Only 5 TCs in 2011 are used for validation.
Originally classification task, not sure how the estimated intensities
are calculated from the classification results.
4
Originally classification task, the estimated intensities are determined
as the weighted average of two highest categories with respect to their
probabilities.[21]
3

Rotation-blended CNNs for Tropical Cyclone Intensity Regression
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(a) Atlantic 201615L

(b) West Pacific 201504W

(c) East Pacific 201502E

(d) Atlantic 201616L

(e) West Pacific 201511W

(f) East Pacific 201520E

Figure 7: Case studies from 6 different TCs. For each ocean regions, we choose 2 TCs to illustrate the
robustness of CNN-TC. The black line ”best track” stands for ”best tracking intensity”, are just the label we
provided in TCIR. It is revealed that CNN-TC can be further improved by smoothing techniques.

(a) Unsmoothed

(b) Smoothed

Figure 8: After one-side smoothing with window
size=3, we can significantly improve our result from
10.59 to 9.45. The improved result is almost as good
as SATCON.

SATCON and the disadvantages of SATCON makes CNN-TC
a preferable model for the image regression task.

6

CONCLUSION

In this paper, we dived into the issue of TC intensity estimation. First, we organized a new open dataset TCIR for
data scientists to further explore this issue. In this dataset,
we collected several remote sensing data from the satellites

and organized them into a format with which data scientists
would be relatively more familiar.
On the other hand, although meteorologists have already
achieved satisfactory results in intensity estimation by feature
engineering, we demonstrate the potential of deep learning
to hand in an even better result by automatic feature extraction. We modified classical CNN structures to better fit
in this image-to-intensity regression task, which became our
proposed model CNN-TC. To our best knowledge, CNN-TC
is the first CNN model which can directly solve the imageto-intensity regression task. Because of the insufficiency of
data in quality and quantity, we lighten our CNN structures
to prevent overfitting. CNN-TC not only defeated most of
the state-of-the-art models, but also justified its practical
superiority by being always available with a low estimation
error.
For future works, the TCIR dataset can be used to predicting other labels, such as size (also provided in TCIR as
label “R35”), which is closely related to the social impacts
of TCs. Previous studies suggested that meteorologists are
unable to estimate TC size well so far. This is because we still
do not have enough understanding for feature engineering of
estimating TC size. In view of the success in this work, it can
also be promising to use CNN for estimating the TC size. In
summary, this work opens a new door for data scientists to

KDD ’18, August 19–23, 2018, London, United Kingdom
study meteorology problems with deep learning techniques
like CNN.
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