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Abstract: Hurricanes, rapidly increasing in complexity and strength in a warmer world, are one of
the worst natural disasters in the 21st century. Further studies integrating the changing hurricane
features are thus crucial to aid in the prediction of major hurricanes. With this in mind, we present
a new framework based on automated decision tree analysis, which has the capability to identify
the most important cloud structural parameters from GOES imagery as predictors for hurricane
intensification potential in the Atlantic and Pacific oceans. The proposed framework has been proved
effective for predicting major hurricanes with an overall accuracy of 73% from 6 to 54 h in advance
(both regions combined).
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1. Introduction

With rising global temperatures, it is more difficult to gauge complex ocean and
atmospheric interactions, and hence the potential of a tropical cyclone (TC) to become
much stronger in the short term [1-4]. It has been long disputed whether there is a positive
trend in intensity-related studies given the limited quality and temporal length of the data
(e.g., [5]). However, it is becoming increasingly apparent in the literature that a variety of
TC properties have changed over the past 40 years [2]. Moreover, there are particularities
regarding both the shape and levels of strength, depending on the region where they form
(e.g., [2]). Hurricanes are strong TCs that occur in the Atlantic or northeastern (NE) Pacific
oceans and behave differently than other types of storms. In the face of this complexity, it
is a challenging task to disentangle which hurricane-related parameters or combinations of
parameters and pre-existing factors are fundamental in the hurricane’s growth. Advanced
methods should hence be set up to reflect this complexity to improve early prediction
and enhanced decision-making [6]. A wider comprehension of the most robust hurricane
features and precursors to the formation of a hurricane could certainly help us to be better
prepared for future destructive storms. Without a doubt, the impact of an intensified
hurricane can cause catastrophic damage not only to coastlines, but also hundreds of miles
inland in terms of regional economic impacts and human losses [7].

Over the last two decades a number of different approaches have been proposed to pre-
dict hurricane genesis and intensity evolution (https://www.nhc.noaa.gov/modelsummary.
shtml, accessed on 16 November 2022). The dynamical (or numerical), statistical, and the
blended statistical-dynamical models are the most commonly used ones for intensity pre-
diction. For example, dynamical models, such as the hurricane weather research and
forecast (HWRF) system [8,9], which use numerical models to account for the underlying
physical processes governing the atmosphere with all the adjustments and difficulties that
this entails. These models are also computationally expensive and show a limited range of
intensities that can be simulated [10]. In contrast, statistical models like the multiple linear
regression (MLR) forecast model [11] are based on historical linear relationships between
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storm behavior and storm-specific details. Nevertheless, it would be desirable to consider
the possibility of a complex nonlinearity in this context. Finally, the statistical-dynamical
approaches, such as the statistical hurricane intensity prediction scheme (SHIPS) [12] and
others [13], can also provide guidance in the prediction of future events by combining the
strengths of probabilistic forecasts and dynamical models. Even so, these models still have
some limitations, such as incomplete understanding of air-sea interaction processes and
the absence of high-quality observations of the inner core [13]. They also often use fairly
simple statistical methods, such as multiple linear regression, linear discriminant analysis,
and logistic regression [14]. Another drawback is that these models usually fail for cases
where rapid intensification (RI) occurs (i.e., increase in the maximum sustained winds of a
TC of at least 55 km/h in a 24-h period) [15,16]. In addition to this, most of these models
produce a notable high number of false positives (from 17-50% and up to 90-100% in the
Atlantic basin for intensification rates of about 102 km/h in 48 h or larger), frequently
incorrectly forecasting RI [e.g., 14]. This is a critical disadvantage since most major TCs
globally rapidly intensify at some point in their life cycle [17].

The past few years have seen remarkable advances by incorporating machine learning
(ML) [18], from traditional ML algorithms, including neural networks [19-21], to more
advanced deep learning techniques with complex architectures [13,22]. There are also
ensemble learning methods, such as random forests (RF) or random decision forests. for
classification, regression, and other problems [23], which are less tedious than setting up
a neural network. Yet, they can identify the most important features from the training
dataset and learn complex nonlinear patterns of change over time as the number of trees in
the forest grows [24,25]. Fundamentally, each of the outcomes leads to additional nodes
(outputs of those decisions), which branch off into other possibilities with a “treelike
shape” [26]. The more trees a forest contains, the more accurate it is. Therefore, in this
study, we propose to use RF for major hurricane prediction, and treat the predictability
as a supervised classification problem. A further advantage is that RF is less sensitive
to overfitting compared to other classification techniques [25]. This is because with RF
classifiers, the errors stabilize before a large number of trees is achieved. Perhaps the only
downside to this framework is the fact that such a classification approach does not provide
specific wind intensities, but classes that represent main groups of hurricane categories
over their life cycle (each of which corresponds to a range of intensity values).

Regardless of the method, the majority of studies that investigate TC intensity evolu-
tion are focused on the surrounding large-scale environment (either in terms of complicated
dynamic and thermodynamic processes that have not been fully resolved or key phys-
ical variables in the statistical behavior of the storms). Thus far, less progress has been
made towards integrating the anatomy of the storms in the forecast models [27-29]. In
these studies, instead of dealing directly with environmental dynamics, the focus is on
structural properties from satellite image measurements that can indirectly reflect those
environmental changes (e.g., [30]). Ultimately, the environmental processes clearly leave
some fingerprints in the size, shape, and temperature features of the TC cloud. For instance,
some studies have pointed to a connection between the storm/TC size (and other anatom-
ical structural parameters) and the intensity changes [31-35]. The same applies to other
parameters, including the temperature structure of the storm, which could be just as much,
if not more, important to TC intensity growth. In fact, a basis exists for using the brightness
temperature (BT) information (from GOES imagery), estimated in the outer bands and
central features of TCs for each TC intensity category (tropical storm, minor hurricane, and
major hurricane) [36]. But, nonetheless, the forecasting capability of a model based on all
these (temperature and anatomical cloud) structural properties combined together have
not yet been fully explored in terms of categories [37].

From this perspective, here, we present a novel ML framework to determine an optimal
set of TC cloud properties to assess the hurricane’s growth to a major hurricane. ML is
capable of adapting and making (not always obvious) nonlinear connections between what
it sees in the TC satellite information and the severity categories (based on the maximum
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intensity that the TC attained during its lifetime). To establish this complex relationship,
we use an RF classification model trained to accurately predict classes and categorize the
output into different groups, according to changes in the temperature and anatomical
characteristics of the TC cloud for different lead-times (defined as the time to maximum
development from when the computation is initiated). The classifiers are intrinsically
designed to be trained and simultaneously tested for its accuracy against an actual portion
of the dataset to improve prediction of the classes. Since our intent is to predict major
hurricanes only, to simplify analyses, we have only considered two classes: tropical storms
that remained just below hurricane category 1 status (TSs herein) and TSs that developed
to major hurricane (MH) strength (i.e., hurricanes with category 3, 4 or 5). A detailed
description of the approach can be found in the Materials and Methods section.

This is the first study that explores a unique combination of satellite cloud properties
for major hurricane prediction, and one of the few focused on the use of an RF approach
to this intent. This approach provides a powerful complementary assessment tool for
forecasters, especially when intensification is more dramatic, such as when a tropical
storm becomes a high-intensity TC. It also allows inclusion of additional parameters and
(environmental or other) conditions for additional investigations in the future.

2. Materials and Methods
2.1. Data Products

The International Best Track Archive for Climate Stewardship (IBTrACS) provided
by NOAA [38] was used to obtain the (location and intensity) information of the TCs,
which is available every 3 h. The composite GOES series satellites, such as the infrared
band 4 GOES-8-15 and band 13 GOES-16-17 imagery (https:/ /www.avl.class.noaa.gov/
saa/products/welcome, accessed on 16 November 2022), were converted to brightness
temperature [39,40] to obtain temperature information of the TC cloud’s system at 15 or
30 min intervals. Then, the IBITrACS data was interpolated to the same time resolution
as the one of the satellite images. The period of train/test was set from 1995 (when the
first significantly improved series of GOES was operational) to 2019. The data from 2020
onwards was reserved to explore additional cases of TCs that underwent RI beyond the
period of analysis. The regions of study are the North Atlantic Ocean (from —110° to 0°E
and from 5° to 50°N) and the NE Pacific Ocean (from —180° to —75°E and from 5° to 50°N),
based on the typical TC formation regions (https:/ /www.nhc.noaa.gov/climo/, accessed
on 16 November 2022).

2.2. Model Construction and Evaluation Metrics

For each lead-time, a classification prediction model was built on the ensemble of RE,
performed via 5-fold randomized cross-validation as discussed in this paper (see Figure 1).
Alternatively, other non-parametric supervised methods, such as support vector machine
or k-nearest neighbors, were also explored. However, the best-compromise between bias
and variance [41] was found with our proposed model, according to the output metrics of
the model (also discussed next).

We focus on Cohen’s kappa (k) and precision (pyr) for the model evaluation [42]. The
first metric, defined as k =2 x (TP x TN — FN x FP)/[(TP + FP) x (FP + TN) + (TP + FN)
x (FN + TN)], is a measure of the observed non-chance agreement between all classifiers (to
categorize the events) divided by the possible amount of non-chance agreement. Note that
a true positive (negative), or TP (TN), is an outcome where the model correctly predicts the
positive (negative) class, i.e., a MH (TS) event (using the MATLAB confusionmat function).
Similarly, a false positive (negative), or FP (FN), indicates that the model incorrectly predicts
the positive (negative) class. The resulting k estimates are interpretable as probabilities of
agreement [43]. The higher the k value, the better the model correctly classifies the events
into the two classes, within its range of [—1, +1]. In addition, the precision or positive
predictive value, defined as pyy = (TP)/ (TP + FP), was computed to assess the probability
that an event predicted as positive is positive, as we prioritize the prediction of MHs.
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Furthermore, to improve the computational efficiency of our RF models, the main
hyper-parameter (the number of iterations, aka trees) was tuned by establishing a stopping
criterion based on the mean k score. The general strategy is to update the RF with a
new tree, for each iteration, until there is little-to-no change. This is when each model
reaches “performance saturation” (i.e., the model does not improve significantly in terms
of predictive power). Here, we consider that the accuracy stabilizes when the k metric
has a value just above, and relative to, the mean value for a number of five consecutive
iterations. We find that, although the k scores initially fluctuate over the iterations, the RF
generally saturates no later than with 100 trees. On this account, the number of iterations
was initialized randomly and assessed in increments of 5 trees until it reached 100 iterations.
Throughout these iterations, the algorithm chooses the best k-value over the 100 iterations
meeting that saturation condition. This prior analysis eliminates an arbitrary selection of
the maximum number of iterations, and yields improvements in terms of computational
efficiency as the learning times are reduced.
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Figure 1. RF model architecture to forecast storm intensification to major hurricane. The model
consists of an ensemble of trained decision trees with a feature importance function and a k-fold
iterator. The input parameters are fed into the model, which outputs the feature importance vector
about the relative importance of each predictor (see Figure 2) and 2-way class probabilities (TSs and
MHs). The model performance is evaluated using Cohen’s kappa (k) and precision (pyg) metrics.
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Figure 2. Exemplification of our hybrid ML approach. After all the GOES images are converted to BT,
some hurricane-related parameters are extracted using a k-means clustering method. Then, the most
important parameters, according to our RF classifier, are used to predict the intensification of a TS to
MH status. Among all considered parameters, the most relevant ones are the following: the area, or A,
estimated from the shape (displayed as white contour line); the temperature difference between the
inner core and outer part of the storm cloud, or AT; and the morphology (circularity, or C; eccentricity,
or ¢). This ML framework sets the basis for the classification-oriented categorization of hurricanes
based on key criteria (related to the anatomical and temperature features of a TC, in this study). The
ability of ML in dealing with different types of ever-shifting TC features and with missing knowledge
is highly important under the impact of climate change. The image (on the left side) corresponds to
Hurricane Mitch (26 October 1998, at 14:45 UTC) in the Atlantic. The variable-importance plots (on
the bottom) are for several lead-times (in colors) before the TCs reach their maximum intensity in
the Atlantic and NE Pacific oceans. C3, C4, C5 stand for category 3, 4, 5 hurricanes, respectively, and
make up the MH class.

3. Results and Discussion
3.1. Optimal Combination of Key Structural Parameters Linked to Tropical Storm Intensification

To determine whether the TC severity categories have a positive association with
the anatomical and temperature behavior of the cloud system, we analyzed their size,
shape, and inner-outer core temperature evolution every 6 h (going backwards in time
starting from the time of maximum intensity peak). Analysis for a range of lead-times is
given in the following subsection. Here, we discuss the methods for extracting the cloud
parameters from GOES measurements and the relative importance of the parameters role
for predicting MHs. The following parameters were considered (see Figure 2): (1) the area
of the associated cloud; (2) the temperature difference between the inner eye and outer
edges of the cloud; (3) the morphological features (circularity and eccentricity).

The boundary map depicting the spatial pattern of the TC cloud was first generated
using a standard unsupervised k-means clustering method [44] applied to GOES BT images
from 1995 (see Materials and Methods), by assuming that the TC is in the region with the
most cloud cover (as in the following Matlab demo: https:/ /blogs.mathworks.com/loren/
2011/01/20/tracking-a-hurricane-using-web-map-service-wms/, accessed on 16 Novem-


https://blogs.mathworks.com/loren/2011/01/20/tracking-a-hurricane-using-web-map-service-wms/
https://blogs.mathworks.com/loren/2011/01/20/tracking-a-hurricane-using-web-map-service-wms/

Remote Sens. 2023, 15, 119

6 of 15

ber 2022). Then, the area parameter was calculated from the specified boundary (using
the MATLAB areaint function). In this way, there is no compelling need to conform to any
predetermined definition or criteria for storm size [45-49].

Next, the difference between the median temperature within the internal (eye) region
and at the external boundary was calculated. For the internal region of the TC cloud,
a 0.6° x 0.6° (0.7° x 0.7°) window was selected in its center, given by IBTrACS (see
Materials and Methods). This optimal window size in between the internal-to-external
temperature bands was identified after processing all images, and we noted that similar or
slightly bigger windows can still capture the greatest temperature changes between these
contrasting regions. Other parameters representing temperature change within the TCs,
such as the temperature gradient, were compared and also yielded similar results.

Lastly, the morphological aspects of the system tied to the external boundary were
measured (with the MATLAB regionprops function), as it is already known that storms tend
to gain symmetry and a circular structure as they intensify [37,49]. Mainly, we examined
the circularity (“roundness”) and eccentricity (deviation from a perfect circle), individually
and together. These are standard parameters, defined as (4*Area*pi)/(Perimeter?) and the
ratio of the distance between the foci of the ellipse and its major axis length, respectively.
Both parameters range between 0 and 1.

We observed that, while the satellite portrait of a TS or MH is unmistakable (see
Figure 3), the shape and radial profiles of BT temperature for a hurricane are less recogniz-
able before it reaches category 3 and higher. This reinforces the idea of examining only two
classes (as discussed in the introduction), as opposed to all possible groups of categories,
as a way to distinguish simple TSs from those that can potentially become devastating
hurricanes within days (if not hours). Moreover, this binary classification of events [23,50],
often used in the detection of extreme rare events [51], makes the training easier.
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Figure 3. Overview of the main features common to most tropical storms. The images show the
typical shape, dimension, and BT distribution for a TS and MH at their intensity peak over the Atlantic
and the NE Pacific oceans. All figures shown are for illustration purposes only and correspond to:
(a) TS Chantal (1995); (b) category 5 Hurricane Mitch (1998), (c) TS Elida (1996); and (d) category
5 Hurricane Patricia (2015). Units in degrees Celsius.
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All the TC cloud features were then integrated into our RF models together with the
intensity information of the TC using (the MATLAB fitensemble function with) a novel
configuration (see Materials and Methods), which we implemented in an automated
manner to predict the two classes, TSs and MHs. First, due to some imbalance between the
two classes, we resample the data into an equal percentage of samples for each class (and
lead-time). Primarily, we undersampled the majority class (TS) by randomly removing
samples, thereby increasing the presence of the minority class of the samples (MH) in the
training set [52]. The total number of samples for each case are shown in Tables 1-3.

Table 1. Performance metrics of our classification model for each lead-time (in hours, h) in the
Atlantic Ocean. The positive and negative predictive power of the model for both classes (TSs and
MHs) has been assessed using Cohen’s kappa statistic (k). The model precision (pyg) reflects the
accuracy for predicting the MH class. The values for each metric report the mean result across all
folds from all runs. The number of trees (# Trees) corresponds to the number of trees when the
“performance saturation” condition is met. The number of samples (# Samples) is the total number of
events (50% were TSs and 50% MHs).

Time (h) 6 12 18 24 30 36 42 48 54
# Samples 122 128 128 134 126 114 118 100 80
# Trees 29.80 34.20 35.00 27.60 22.20 34.20 12.60 54.00 28.60
Py (%) 72.10 75.65 84.38 76.78 80.58 76.09 92.67 76.22 77.12
k 0.47 0.50 0.69 0.55 0.64 0.58 0.71 0.58 0.48
Table 2. As in Table 1, but for the NE Pacific Ocean.
Time (h) 6 12 18 24 30 36 42 48 54
# Samples 188 190 192 192 182 170 148 136 106
# Trees 39.20 39.80 37.80 18.40 17.20 48.20 14.60 48.40 15.80
pmH (%) 66.78 70.55 67.72 74.55 72.31 79.79 77.88 70.54 81.79
k 0.34 0.40 0.35 0.49 0.46 0.57 0.59 0.40 0.53
Table 3. As in Table 1, but for the Atlantic and NE Pacific oceans combined.
Time (h) 6 12 18 24 30 36 42 48 54
# Samples 310 318 320 326 308 284 276 236 186
# Trees 32.60 36.40 46.20 47.00 71.80 36.00 22.40 51.20 51.00
pwmi (%) 69.12 70.94 72.54 73.71 71.94 71.01 77.49 74.58 73.14
k 0.40 0.42 0.46 0.49 0.46 0.45 0.57 0.47 0.44

The next step was to perform the train-test procedure on an 80/20 split (the best of
all tested splits), where 80% of the dataset is held for training and 20% for testing with no
overlapping cases. Given that the dataset available is relatively small, it was deemed not
appropriate to split the training part again into validation and train to re-test the model
configuration. Nonetheless, our RF classifier consists of many decision trees, and it uses
bootstrap aggregation (or bagging) and feature randomness, a method to randomly select
subsets from the original training set when building each tree to combine the predictions
from all models, which reduces the variance of the performance while maintaining the low
bias of decision trees. The optimal number of trees (or iterations) was established based on
Cohen’s kappa (k) metric (also described in Materials and Methods section).

From the combination of ensemble predictions, a measure of variable importance was
computed (using the MATLAB predictorImportance function). We identified that the most
important predictor variables are the temperature features, the area, and the morphology of
the TC system (in order of importance, see Figure 2). We also determined that the dramatic
differences in the shape of the cloud were slightly better captured by combining both the
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circularity and eccentricity, rather than with either one of them individually (not shown).
The highest performance was achieved with all the grouped variables in the models as it
helps “balance” every feature of the TC.

For further robustness, the stochastic nature of our models was evaluated using a
cross-validation iterator, such as k-fold, for the Atlantic Ocean, NE Pacific Ocean, and both
regions combined. This resampling procedure divides the data into k random groups of
samples, called folds [41]. As our data was set to k = 5, the 80/20 split for training and
testing data was repeated 5 times, each time with a different subset (using the MATLAB
cupartition function). All analysis led to the same conclusions above.

3.2. Anticipating Major Hurricane Events

In-depth analysis of the capability of our RF models to predict MHs is given below for
several forecasting lead-times. Considering that generally the average ‘maturity time” of
a developing major TC event is no more than 2-3 days [53,54], tests were run to deliver
predictions (running backwards) from the maximum sustained wind speed (referred to as
0 h) up to 54 h using a time step of 6 h. A lead-time of, for example, 18 h means that the
prediction of MH is done based on the TC features at 18 h ahead of the time of peak.

Test statistics for MH prediction show that the precision (pyp) ranged between 72%
and 93% (67% and 82%) in the Atlantic (NE Pacific) Ocean, and between 69% and 77% with
both basins combined over the entire forecasting window (see Tables 1-3). The k-values
were (also respectively) 0.58 (and 0.46) on average, meaning overall substantial (moderate)
agreement between each model prediction and the actual class values for both TSs and MHs.
The total number of events goes from 114 (Atlantic) to 192 (Pacific) up to 42 h, but, beyond
this time frame, the numbers are somewhat reduced (with 80 events as the lowest-case
scenario for 54 h in the Atlantic region). As a result, the model forecasting performance is
slightly compromised in these cases. Lastly, close to the (first) maximum intensity peak (up
to 6 h), although the number of cases is relatively large, the TC cloud shows mixed or less
distinct traits, a limiting factor that also affects the learning process of the models to some
extent. Nevertheless, in this case, the forecast accuracy is still fairly high with precision
values of 72% and 67% for the Atlantic and NE Pacific regions, respectively. Combining
datasets from both regions (see Table 3) helps overcome the small dataset problem and
leads to more generalized models, but a somewhat lower forecast precision is found when
applying the resulting models to Atlantic hurricanes (not shown). These results reveal
some differences among regions, despite tropical cyclones having several traits in common,
as described in the present study.

Predictions made with our RF models were also examined for individual cases that
achieved RI. We include here seven examples (see Figures 4-10): category 4 Iota (2020),
category 4 Laura (2020), category 5 Emily (2005), and category 4 Ian (2022) for the Atlantic,
and category 5 Willa (2018), category 4 Odile (2014), and category 5 Patricia (2015) for
the NE Pacific region. Emily and Patricia were of special interest as they were difficult
to forecast by numerical weather prediction models [15,43]. Notably, Patricia, a MH that
rapidly intensified at a rare rate, was the strongest hurricane on record in the NE Pacific
and North Atlantic basins. At least 80% of our models were able to predict a MH (up to
48 h ahead). Emily, the earliest-forming category 5 hurricane on record in the Atlantic basin,
which went through two RI stages, was predicted by 100% of our models (up to 54 h ahead).
All of our RF models also predicted that the MH status would remain as such throughout
its maximum development. Odile is another example of RI that was not anticipated by the
official forecasts because of the poor organization of the cyclone’s inner core and the large
size of the cyclone, but that was predicted again by at least 80% of our models (66 h ahead).
Willa was predicted by 100% of our models (up to 18 h ahead). Another interesting aspect is
that from 60% to 100% of our models anticipated MH status even when applying them on
new data beyond the training period (1995-2019), like in the case of lota and Laura in 2020
(up to 42 h) or Ian in 2022 (up to 60 h in advance). Note that these three cases, some of the
most devastating hurricanes in U.S. history, underwent RI within 24 h. In all studied cases
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here, the predictive ability of our models was tested outside the range of typical lead-times
(6-54 h). As expected, the RF models are less reliable when the number of trained/tested
data cases decreases (i.e., for lead-times higher than 54 h).

Finally, it is also worth highlighting that our models have a relatively low computa-
tional cost, as a full run (100 trees with 5-fold cross-validation and 9 lead-times) takes about
20 min in the Atlantic (and about 2 min for a specific lead-time).

IOTA
18 \ T T \ T \ T T T
Time(h)y| 6 |12 |18 |24 |30 | 36 [42 |48 (54|60 |66 | 72 | 78 | 84 | 90
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Figure 4. Analysis of the hit ratio (HR) for the different prediction models for hurricane Iota (Atlantic
Ocean, 13-18 November 2018). The image shows the track of the TC under consideration for each
lead time since the TS was formed (13 November 2020, at 21:00 UTC) until it reached its maximum
intensity peak, or wind speed (Max WS) (16 November 2020, at 12:00 UTC). The arrow indicates the
rapid increase in scale category as the TC progressed. The table shows the hit ratio (the number of
times that a correct prediction was made out of the total number of predictions) of our RF classifier
for each lead time (as in Tables 1-3). TS and C1-5 stand for tropical storm and category 1-5 hurricanes,
respectively.
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Figure 5. As in Figure 4, but for hurricane Laura (Atlantic Ocean, 20-29 August 2020). Here, the
TS was formed on 21 August 2020, at 09:00 UTC and it reached the Max WS on 27 August 2020, at
00:00 UTC.
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Figure 6. As in Figure 4, but for hurricane Emily (Atlantic Ocean, 11-21 July 2005). Here, the TS was
formed on 12 July 2005, at 00:00 UTC and it reached the Max WS on 17 July 2005, at 00:00 UTC.
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Figure 7. As in Figure 4, but for hurricane Ian (NE Atlantic Ocean, 19 September—2 October 2022).
Here, the TS was formed on 19 September 2022, at 12:00 UTC and it reached the Max WS on 28
September 2022, at 12:00 UTC.
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Figure 8. As in Figure 4, but for hurricane Willa (NE Pacific Ocean, 20-24 October 2018). Here, the
TS was formed on 20 October 2018, at 12:00 UTC and it reached the Max WS on 22 October 2018, at
06:00 UTC.
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Figure 9. As in Figure 4, but for hurricane Odile (NE Pacific Ocean, 10-18 September 2014). Here, the
TS was formed on 10 September 2014, at 06:00 UTC and it reached the Max WS on 14 September 2018,
at 06:00 UTC.
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Figure 10. As in Figure 4, but for hurricane Patricia (NE Pacific Ocean, 20-24 October 2015). Here,
the TS was formed on 21 October 2015, at 00:00 UTC and it reached the Max WS on 23 October 2015,
at 12:00 UTC.

4. Summary and Conclusions

In summary, this study presents some innovations regarding the definition of the
hurricane features, related to the anatomy (size, shape) and temperature (change between
the outer edges and inner-core) of the cloud’s system, obtained using a k-means clustering
algorithm applied to GOES data. Furthermore, these parameters were optimally combined
and linked to the maximum intensity of the TC system in a nonlinear fashion using a novel
random forest algorithm (trained in a 5-fold cross-validation) to predict major hurricanes
events in advance. The final prediction precision is 79% (74%) in the Atlantic (NE Pacific)
Ocean on average for up to 54 h in advance. Thus, our findings demonstrate that the
integration of the prominent cloud features of an incipient tropical cyclone, including the
anatomy and temperature, in a machine learning approach is suitable as a benchmark for
diagnosing a possible transition into a major hurricane. The proposed assessment procedure
also enables the integration of other candidate features or factors (to be progressively
explored). Thus far, there is not enough cases in different seasons for model training
and testing. However, when more data is available in the future, analysis can also be
performed to study the effects of environmental variations, such as seasonality. Moreover,
this design could help towards a decision support system beyond its usefulness regarding
major hurricanes.
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