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ABSTRACT

Tropical cyclones (TC) are one of the most destructive natural events claiming a lot of human lives and devastating coastal
areas. Despite the advanced understanding of the formation of TC, prediction capabilities on the rapid intensification (RI) of
TCs remain unsatisfactory. In this study, a deep learning framework using satellite images is used for the first time to identify
Rl events. We resort to the predictive power of VGG-like, ResNet-like and Xception architectures. The results show that the
models are well capable of differentiating RI from non-RI events (roc-auc > 0.86), with a probability of detection (POD) > 0.83
and high fractional improvement over a random guess (HSS) > 0.57. The False Alarm Rate (FAR) is less than 0.23 on average.
By considering only the best performance of the learners, roc-auc is maximized to 0.878 for VGG , 0.874 for ResNet and 0.911
for Xception; FAR decreases to 0.218 for VGG, 0.209 for ResNet and 0.182 for Xception, and POD are 0.864, 0.835 and 0.888
for the three models respectively. The trained models can be deployed in a real world scenario to help mitigate the further risks
engendered by a TC going through a phase of rapid intensification.

Introduction

Predicting rapid intensification (RI) of tropical cyclones (TC) remains challenging due to the complexity of the factors control-
ling TC intensities and the limited understanding of meteorological covariates that best predict RI. Large-scale factors such as
warm sea surface temperature, weak vertical wind shear, large upper-level divergence!-? as well as sub-surface ocean properties
(e.g. upper-ocean heat content and barrier layer thickness®) are among the known mechanisms that can lead to an RI. There
are cases when some of these factors are not fulfilled leading to unexpected RI*. However, rapidly intensified TCs, which are
projected to increase in number>, can lead to disastrous socio-economic consequences when there is a delay to inform and
evacuate the affected areas.

In general, dynamical, statistical and hybrid statistical-dynamical models have been broadly used for RI prediction. Dynamical
models are based on solving primitive equations and usually requires very high spatial resolution in order to represent the small
scale features that impact the intensity of a TC. Despite the recent significant improvement in modeling techniques, physical
parameterizations, computing resources as well as data availability for the model initialization, getting a better RI prediction
remains a challenge by using dynamical models. On the other hand, statistical models are usually based on multiple regression
techniques and assume a linear relationship between the predictors (e.g. large scale environmental variable) and predictand (e.g.
intensity of a TC). Given the non linearity of the interaction of different processes that drive the intensification of a TC, skills of
statistical models are also limited.

Recently, the weather prediction and TC research communities have started to make use of machine learning (ML) approaches
to complement the standard methods. Pioneer works®” used support vector machines (SVM) and logistic regression (LR)
approaches. With synoptic-scale variables as predictors, SVM is found to outperform the LR model. Other methods such as
artificial neural networks, and random forests were also used to generate RI forecasts®. The upper limits in the performance of
these ML approaches exceed that of the standard methods. A more recent study” used the inner-core precipitation from satellite
data, combined with other predictors employed by the US National Hurricane Center and found that their model outperforms
the current standard operational methods. These studies suggest that overall, by using ML techniques together with different
variables from satellite and reanalysis data as well as model outputs, there is a potential progress in the detection and prediction
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Figure 1. Training and testing configuration.

of RI. However, these models rely heavily on feature engineering and selection to identify the predictors that are most useful
for prediction.

In this work, we develop a deep learning framework to identify RI from satellite images. Such framework allows us to better
exploit the near real-time raw data by automatically learning discriminative features and to capture both spatial and temporal
information from the highly resolved data. To the best of our knowledge, this is the first study that utilizes deep learning
techniques to classify the rapid intensification of tropical cyclones.

Results

Using the HURSAT-B1 infrared temperature and sustained wind speed data, each time step in a given TC is labelled as RI or
non-RI. A VGG-like, a Residual Network (ResNet) and an Xception models are then trained to predict the occurrence of an RI
(See Methods for detailed description of data collection and processing, as well as network architecture). To deal with the effect
of class imbalance, we adopt a data approach which consists of undersampling the majority class, i.e. the non-RI events. The
idea is to randomly draw n instances from the negative class where n is the number of positive class in the training dataset. A
balanced test set is obtained by using the same approach. To investigate the effect of the random sampling, the following three
cases are considered (see Fig. 1)

* many-many case: it consists of running training-testing nine times using balanced dataset then averaging the considered
metrics from all runs.

* many-one case: models are trained nine times with a balanced set whose negative examples are randomly drawn from the
original dataset. At each training, the models are tested with the same balanced test set. The average value of each metric
from all runs is then computed.

* one-many case: the model obtained from the best run — training that yields the best performance — is selected and tested
with nine different test sets where the RI instances remain the same whereas non-RI event instances are randomly sampled
from the original test set.

Table. 1 top panel shows the variations of all the performance measures selected in this work as a function of the runs in
many-many setup. Results suggest that the randomly selected samples of negative class for both training and testing impact the
performance of the classifiers. All metrics from each run fluctuate around the corresponding mean value (rather than constantly
increasing or decreasing), implying that on average the three networks perform well. An average value of roc-auc ~ 0.86
denotes a good measure of separability. In other words, the probability that the networks are capable of differentiating the
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Table 1. The performance metrics of the models from the three cases considered in this study.
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Figure 2. roc and precision-recall curves. Left panel shows roc curve which is the variation of the true positive rate as a
function of false positive rate. Numbers in brackets are the values of the roc-auc. Right panel shows how the precision varies as
a function of recall. Average precision is given by the area under the curve. In all cases blue, red and green lines correspond to
VGG, ResNet and Xception respectively. Dashed lines indicate the results related to highest recall whereas solid lines are for
best HSS.

positive from the negative class is about 86% (see Table. 1 top panel). Considering their ability to distinguish RI events from
non-RI events, the networks are robust to the random change of the majority class in both the training and testing datasets, as
evidenced by the relatively lower scatter, i.e. Gype—que < 0.009.

The algorithms also exhibit good fractional improvements on a random guess, as suggested by the mean value of heidke skill
score (HSS) > 0.57 (see Table. 1 top panel). Given that the main objective of this work is to predict whether a tropical cyclone
at a specific time will go through a rapid intensification such that preventative measures can be taken accordingly, optimizing
recall (or POD) (or minimizing False Negative) is of utmost importance. It is shown in Table. 1 top panel that compared to
other metrics, POD varies within a relatively larger range with a standard deviation > 0.05, suggesting that it is more sensitive
to the sub-samples used for both the training and testing. But overall, the probability of detection of the methods varies around
84%, indicative of a good performance of the learners. It is worth noting that POD, HSS, FAR are all based on a threshold
value, above which an input is classified positive. Score can be the raw outputs from the network or a probability obtained by
passing the network outputs through a SOFTMAX function. We recall that there is no activation function at the output layer of
our networks. For deployment in a real world scenario, it is possible to adjust the threshold value such that the recall, under the
assumption that it is the appropriate metric of the classification task, is increased. However in general, sensitivity is maximized
to the detriment of precision (and vice versa); the so-called precision - recall trade-off. Hence, the adjustment of the threshold
which aims to increase the probability of detection can be done at a fixed minimum value of precision, because a classifier
with a relatively high recall but poor precision is not very useful. F score, the harmonic mean of precision and recall, can

317



83

84

85

86

87

88

89

920

91

92

93

94

95

96

97

98

929

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

17

118

119

120

121

122

123

Table 2. The results corresponding to the types of best performance considered in many-one.

recall FAR HSS roc-auc
High HSS
VGG 0.864 0.218 0.622 0.878
ResNet 0.835 0.209 0.613 0.874
Xception 0.888 0.182 0.690 0.911
High recall
VGG 0.899 0.261 0.580 0.863
ResNet 0.934 0.283 0.565 0.856
Xception 0.981 0.409 0.303 0.757

be used as a good measure of the compromise between them. For the many-many case, we obtained an average value of Fj
score of 0.799%0015 with VGG, 0.798F%-017 with ResNet and 0.827+%02! for Xception. These corroborate the fact that the
classifiers perform reasonably well. Like precision, FAR is another indicator of the number of false positives. For an ideal
case, FAR = 0 (or precision = 1). The percentage of false positives is minimized to around 0.227, 0.234 and 0.207 with VGG,
ResNet and Xception respectively (see Table. 1 top panel). Although it is critical to optimize the probability of detection in this
task, a relatively low value of FAR is beneficial since there are still some costs related to deploying resources in response to a
“false alarm” in an environment with data-driven decisions. In this scenario, based on all four metrics, it is noticeable that the
performance of Xception is better than those of the other methods. This trend is consistent with what was found on previous
work!? which compared their performance in a different classification problem.

Table. 1 middle panel shows the results from many-one setup. Its difference with many-many (Table. 1 top panel) is not
considerable. Similar to many-many, recall fluctuates the most across the runs, as shown by the large standard deviation (>
0.05), and the dispersion of roc-auc remains small (Gypc—gue < 0.007). In one-many scenario, the trained model obtained from
the best run amongst the nine ones is tested on nine different test sets, each composed of the same positive class sample and
a different negative class sub-sample at each run. Two ways of defining the best run for each model in many-one scenario
are used; the training that corresponds to the highest HSS and the one achieving the highest recall. The results related to the
highest HSS and recall are displayed in Table. 2 top and bottom panel respectively. It is shown that the sensitivity values are
relatively higher (> 0.89) in the latter, denoting a minimized number of FN which is achieved at the cost of a higher FP as
indicated by FAR > 0.26. However, a better generalization capability of the networks is apparent in Table. 2 top panel, despite
the lower values of recall compared to those in Table. 2 bottom panel. This is supported by the larger value of roc-auc (>
0.87), higher fractional improvement over a random guess (HSS > 0.6) and a minimized FP (FAR < 0.22). Further comparison
between the two types of best run can be done by taking into account the average precision which is defined as the mean of
precisions computed for all possible values of threshold. It is found that the run with the highest HSS corresponds to average
precision = 0.849, 0.850 and 0.897 for VGG, ResNet and Xception respectively, whereas the one with the highest recall yields
average precision = 0.831, 0.823 and 0.716 for VGG, ResNet and Xception respectively. This confirms that high HSS value is
indicative of a good predictive power in our task.

Fig. 2 shows the roc and precision-recall curves obtained from each network best run which is defined as the one with the
highest HSS score (solid line) first then the one having the highest recall (dashed line) after. Based on the comparison between
the two definitions of best performance in many-one scenario, we consider the trained networks with the highest fractional
improvement to further investigate the impact of sampling in the one-many case. The results obtained from testing each trained
model from the best run on nine different test sets are shown in Table. 1 bottom panel. The recall remains constant irrespective
of the new sub-sample of negative class combined with the same positive class sample to form a new test set in each test. This
is expected since the trained networks always identify/misidentify the same set of positive instances each time. It is noticeable
that the scatter around the mean value of each metric is relatively smaller compared to those of the first two cases, many-many
(Table. 1 top panel) and many-one (Table. 1 middle panel). This indicates that the classifiers are more sensitive to the dataset
used for training. Overall, the Xception classifier, demonstrating better generalization capability, slightly outperforms the other
two which exhibit similar performance. Lastly, it is noted that the inference time with an input image with 301 x 301 pixels is
12 +6ms on an Intel(R) Xeon(R) CPU E5-2690 v3 @ 2.60GHz.

Summary and Discussion

This work demonstrates the possibility of exploiting the predictive power of deep networks to predict whether a TC is going
through a phase of rapid intensification using satellite images. To this end, we have made use of HURSAT-B infrared satellite
images!!. In this study, VGG-like, ResNet-like and Xception architectures are considered. An undersampling data approach is
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adopted in order to avoid the effect of the original imbalanced dataset on the classifiers performance. To highlight the effects
of the undersampling, we have analyzed three different cases. Training/testing each model nine times with a different set of
non-RI instances in the training/testing set each time (many-many case), running the training nine times with a different training
set each time and testing the trained models from each run on a single balanced test set (many-one case), and finally testing
each trained model corresponding to the best run on a different balanced test set (one-many case).

In the first case, many-many, the models demonstrate a great capability of distinguishing RI from non-RI events with a
mean value of roc-auc > 0.86 and a relatively low standard deviation (< 0.008). This is consistent with the results obtained in
previous studies'> where they used a set of predictors (or features) such as the maximum intensity VMAX (see their Table. 1)
as inputs using non-neural network methods which include Support Vector Machine, Naive Bayes, Logistic Regression and a
tree based model; Classification And Regression Tree (CART). Their Logistic Regression attained a roc-auc = 0.89. Although
it is not quite a fair comparison as the two approaches use two different types of inputs, the fact that our results slightly better
than theirs is indicative of the great potential of the novelty of this work. The resulting mean value of recall > 0.83 suggests
that each model is quite sensitive to the positive class, which is critical for predicting RI events. Our methods improve by a
large fraction on a classifier with random guess as indicated by the average HSS > 0.57. A good generalization capability of an
algorithm is characterized by optimized values of the metrics considered to assess its performance. In this work, identifying RI
events is the main objective, nevertheless the ability of the classifiers to properly classify the negative instances is also of great
interest. Together with the mean value of roc-auc, recall and HSS, the minimized mean value of FAR < 0.24 denotes that the
classifiers generalize well.

It is found that the results obtained from both many-many and many-one are within the same ballpark, as evidenced by both
the dispersion and the mean of each resulting metric value in each case. This suggests that the networks are less sensitive to
different test sets, indicating a good fit. For the last case, one-many, the results highlight that in general a maximized fractional
improvement implies optimized value of each metric, in contrast to the performance with the highest recall. Although the
highest value of POD achieved are 0.899, 0.934 and 0.981 for VGG, ResNet and Xception respectively, the corresponding
value of the other metrics is not optimized, such that the run that corresponds to the highest HSS is defined as the best.

Methods

Data collection and processing

This study makes use of global TC-centered geostationnary satellite imagery from the HURSAT-B1, with a particular focus on
infrared temperature and sustained wind data set'!-!314, The initial data consists of 228,700 images of 3,790 TCs, which are
globally distributed and span a 37-year period from 1980 to 2016. The evolution of each TC is recorded at a 3-hour interval.
The data then consist of multiple instances or events per TC. The resolution of each image (at each event) is 301 x 301 pixels.
An RI is characterized by an increase in sustained wind speed of 30kt — equivalent to 15m.s~! — or more over a 24-hour period.
Each instance within a given TC is then labeled RI or non-RI accordingly as in a binary classification process. The given labels
are matched to their corresponding two dimensional images which then become the input of the networks. It is noted that the
RI events mostly occur by the first peak of the wind speed evolution. RI instances usually present a well-formed cyclone-like
structure compared to their non-RI counterparts. Once trained, the networks predict whether the input is an image of positive
class — an RI event — or not.

The data are split into training, validation and testing tests. Before splitting, the number of TCs with and without RI events
are first balanced. Within the entire data, there are 557 TCs with at least one RI instance, and 3,233 TCs without RI. Out of the
3,233 non-RI TCs, we randomly select 557 to match its RI counterpart. After such reduction, a likelihood of 50% for a tropical
cyclone to have at least one RI event during its lifetime is obtained. However in terms of the actual number of examples in
each class, the dataset is still imbalanced as there are 7,498 RI events out of 68,984 instances (~1:9). To mitigate the effect of
that bias towards the negative (non-RI) class, we opt for undersampling the latter such that the models are trained with well
balanced datasets. A fraction of 20% of our data —14,845 instances — is set aside for testing. The remainder is further split into
training and validation sets by 75% and 25% respectively, i.e. ~ 46k instances for training and ~ 15k for validation. To avoid
any data leakage, the data are split by cyclone ordered by year. In other words, the training and validation sets consist of the
first (by year) 80% of the data and the testing set the latest 20%.

Network architecture

In this work, three existing models are tailored to reach an optimal solution. In the first architecture, we leverage the higher
capacity of a VGG-like architecture'® to extract the relevant features. The key differences, compared to VGG-16, lie in the fact
that instead of pooling, striding is used for downsampling, and the bias term is switched off in all layers. The extracted features
are passed through three fully connected layers before the output layer. The second architecture consists of the network used in
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other study'®. It results from the combination of a residual network (ResNet!”) with inception modules'®. In order to decrease
the error, which deeper architectures are more prone to, the use of residual layers is proposed to improve the performance'”. To
learn from different scales at higher levels of the network, two inception modules are added after the last residual layer. The
third architecture is the Xception model which inherits from the Inception structure where the modules are substituted with
depth-wise separable convolutions'?. That replacement made Xception outperform the Inception architecture on Imagenet data
due to a more efficient use of the model parameters. We also exploit the capacity of Xception network in this study. The only
modifications that have been implemented in the original architecture are the adaptation of the input layer to expect a 1 channel
input, instead of 3, and the addition of a dense layer with one unit at the end of the chain to reflect our binary classification
problem.

Performance measure

TN FP
FN TP
True Positive (TP) is the number of positive instances that are properly classified, True Negative (TN) is the number of negative
instances that are well identified, False Positive (FN) is the number of negative instances that are misclassified as positive ones
and False Negative (FN) is the number of positive examples that are identified as negative ones. To assess the performance of
the methods, the following metrics are used

For easy reference, the four entries of a confusion matrix in a binary classification is defined as follows . Where,

* recall also known as probability of detection (POD) or sensitivity. It denotes how well the classifier is able to minimize
the number of positive instances identified as negative (false negative). It is given by

TP

recall = ———
TP +FN

* Heidke Skill Score (HSS) which indicates the improvement on a classifier with a random guess and reads

TP x TN —FP x FN

HSS =
(TP+FN) x (FN+TN) + (TP+FP) x (TN +FP)

e false alarm ratio known as FAR, defined by
FP

FAR = ——
FP+TP

. A low value of this metric indicates a good classifier.

* Receiving Operating Characteristic - Area Under the Curve (roc-auc) is the result of averaging the variation of the true
positive rate as a function of false positive rate. It indicates the degree of separability, in other words the capability of the
model to distinguish between positive and negative examples.
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