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Abstract

This study focuses on developing a consensus machine learning model (CML)
model for tropical cyclone (TC) intensity probabilistic forecasting, especially for
rapid intensification (RI). This CML model is built based on six classical machine
learning models with the input data extracted from a high-resolution hurricane
model, the Weather Research and Forecasting (HWRF) system. The input data
contains 20 to 34 RI-related predictors extracted from the 2018 version of HWRF
(H218). This study found that TC inner-core predictors can be critical for
improved RI predictions. Inner-core relative humidity is identified as one of the
most influential predictors in our input dataset. Moreover, the importance of
performing resampling on an imbalanced input dataset is also emphasized in this
paper. Edited Nearest Neighbor and Synthetic Minority Oversampling Technique
used for resampling can improve Probability of Detection (POD) by about 10%
for the RI class. This paper also shows that the CML model built based on the
rebalanced input data has satisfactory performance on RI predictions. CML can
reach about 47% POD but with less than 50% false alarm ratio (FAR), while the
HWRF system had only 15% POD and 40% FAR. The CML model was further
tested with the HWRF data from 2019. The performance was slightly degraded
compared to the results with H218, possibly due to limited training data. The
results indicate that, with proper and sufficient training data, CML has the
potential to provide reliable probabilistic RI forecasts during a hurricane season.
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Logit = logistic regression
kNN= k-nearest neighbors
DT = Decision Trees
RF = Random Forest
SVM = Support Vector Machine
ANN = Artificial Neural Networks
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Best Track
Uncertainty
•

Based on Torn and Snyder (2012),
best track has uncertainty on the wind
speed values

•

We use this uncertainty to create the
probability ground truth for wind speed
change profiles

•

30-kt intensity changes:
[W, N, I, RI] = [0, 0, 0.33, 0.67]
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Inner-core features

Inner-core
Feature

●

Inner-core RH (INRH)

300 ✕ 300 km

●

The formation of a nearly-saturated
mesoscale core is an important
precondition for RI onset (X. Chen et

al. 2019)

(X. Chen et al. 2019)
t = -11 h
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•
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Reflectivity

●

●

Under vertical wind shear, a nearly-saturated core forms
when mid-level moisture (high-MSE region) is aligned
with low-level circulation.
The increase of column-integrated MSE precedes RI
onset.

(X. Chen et al. 2018, 2021, JAS)

RI onset timing differs with different SSTs

Inner-core
Feature

•

Local Rossby number (Ro)

●

Effective RI indicator for all experiments: R0>12 (near
surface), i.e., the formation of a compact/strong innercore

(X. Chen et al. 2018, 2021, JAS)

RI onset timing differs with different SSTs

Inner-core
Feature

•

Precipitation symmetricity (PS)

●
●

Early-RI TCs have notably higher symmetricity of
stratiform precipitation (~0.2) than late-RI TCs.
For simplicity, we use the surface rain rate (0.5 mm/hr) as
a proxy in this study.
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100%
90%
80%

•
•
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imbalanced-class problem
Edited Nearest Neighbor to
undersample (Silson 1972)

use 5-NN to detect data noise in the majority set
(def: 3+ NNs are from different classes)

•

Boulder-line SMOTE to upsample
(Han et al. 2005)

use 10-NN to detect boulderline samples (def: 6-9
NNs are from the majority set), and 5-NN in the
minority set to create synthetic data
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Validation Result
•
•

Training: H218 retrospective run
(2015-2017)
Validating: H218 real-time run (2018)

•

Analysis data conveys better
information to ML models than forecast
data

•

Increase feature space can decrease
FAR

•

CML is the best across all the classes

Validation Result

•

Compare to other operational models:
CML has high POD, but still high FAR

•

Further expand feature space may
help

Validation Result

•

The CML-RI performance is
comparable to SHIPS-RII

Testing Result
•
•

Training: H218 retrospective run
(2015-2017)
Testing: H219 real-time run (2019)

•

The 3-year of training data may not be
sufficient enough to cover the full
range of RI profile

•

HWRF annual updates may have also
contribute to the decrement of the
performance. Including the
retrospective run of the year may be
key to avoid the impact from the
annual updates

Conclusion

•
•
•
•

Future Work

• Deep learning method (resources?)
• Acquiring a larger dataset (retrospective run over several years and from
various HWRF versions) may enhance the ML prediction
• Adding more predictors
• Basin separation (AL, EP, CP, etc.)

Inner-core features are important to RI forecasts
Resampling can increase POD rate while maintaining the FAR
Increasing feature space can lower FAR
CML method is better than any individual classical ML methods
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