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ABSTRACT: The rapid intensification (RI) of tropical cyclones (TCs), defined here as an intensity increase of $30 kt
(1 kt’ 0.51 m s21) in 24 h, is a difficult but important forecasting problem. Operational RI forecasts have considerably im-
proved since the late 2000s, largely thanks to better statistical models, including machine learning (ML). Most ML applica-
tions use scalars from the Statistical Hurricane Intensity Prediction Scheme (SHIPS) development dataset as predictors,
describing the TC history, near-TC environment, and satellite presentation of the TC. More recent ML applications use
convolutional neural networks (CNNs), which can ingest full satellite images (or time series of images) and freely “decide”
which spatiotemporal features are important for RI. However, two questions remain unanswered: 1) Does image convolu-
tion significantly improve RI skill? 2) What strategies do CNNs use for RI prediction}and can we gain new insights from
these strategies? We use an ablation experiment to answer the first question and explainable artificial intelligence (XAI) to
answer the second. Convolution leads to only a small performance gain, likely because, as revealed by XAI, the CNN’s
main strategy uses image features already well described in scalar predictors used by preexisting RI models. This work
makes three additional contributions to the literature: 1) Neural networks (NNs) with SHIPS data outperform preexisting
models in some aspects; 2) NNs provide well calibrated uncertainty quantification (UQ), while preexisting models have no
UQ; 3) the NN without SHIPS data performs surprisingly well and is fairly independent of preexisting models, suggesting
its potential value in an operational ensemble.

SIGNIFICANCE STATEMENT: Rapid intensification (RI) is a hazardous event and is difficult to forecast. RI fore-
casting could potentially be improved by machine learning (ML) models that ingest full satellite images}or even time
series of images}centered on a tropical cyclone (TC). We investigate whether this improvement is actually realized
and whether explainable ML can teach us anything new about RI precursors in satellite imagery.

KEYWORDS: Hurricanes/typhoons; Tropical cyclones; Empirical orthogonal functions; Machine learning;
Model interpretation and visualization; Neural networks

1. Introduction

Tropical cyclone (TC) warning centers around the globe is-
sue 6-hourly forecasts for all active TCs, including two impor-
tant quantities: track, defined as the geographic location of
the TC center, and intensity, defined as the spatial maximum
of sustained wind1 inside the TC. While forecasts of both
quantities have steadily improved (DeMaria et al. 2014, 2021),
the National Hurricane Center (NHC) and Joint Typhoon
Warning Center (JTWC) note that rapid intensification (RI)
remains a difficult problem (Cangialosi et al. 2020). RI is also

a problem of great societal importance, because this rapid
change often overwhelms the capabilities of the public and
emergency management, leaving insufficient time for pre-
paredness activities. This is especially true when RI–typically
defined as an intensity increase of 30 kt (15.4 m s21) within
24 h (Rappaport et al. 2012)2}occurs shortly before landfall.
While RI is not a special physical process, it represents the ex-
treme end of the intensity change distribution, with ;5% of
24-h intensity changes meeting the 30-kt (1 kt ’ 0.51 m s21)
threshold (Kaplan and DeMaria 2003; Kaplan et al. 2015).
Also, most major TCs}with lifetime maximum intensity. 96 kt
(49.4 m s21)}undergo RI at least once (Lee et al. 2016).
Recent improvements in RI forecasting have been afforded by
better understanding of the processes responsible for RI; bet-
ter dynamical models, with sufficient resolution to capture
these processes; and better statistical models, which often bias-
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correct the systematic underforecasting of RI by dynamical
models (DeMaria et al. 2021).

The rest of this introduction reviews the literature on
TC dynamics (because we seek to connect our models’
RI-forecasting strategies to TC dynamics), followed by the
literature on statistical RI forecasting, and then concludes with
the focus of the current study.

a. Background on TC dynamics

Processes leading to RI can be divided into three categories:
environmental, oceanic, and inner core. The first two categories
represent most predictor variables used in statistical RI models.
For example, two seminal studies (Kaplan and DeMaria 2003;
Kaplan et al. 2010) found that RI is favored by small values of
vertical wind shear; large differences between the TC’s current
intensity and maximum potential intensity (MPI; Emanuel
1986), the latter determined by the environment; and large
values of sea surface temperature (SST), ocean heat content
(OHC), low-to-midlevel humidity, upper-level divergence,
and recent intensity increase. Kaplan et al. (2015) also iden-
tified current intensity I0 as important for RI. They found
that RI is favored by intermediate values of I0; weak TCs
(with small I0) are too disorganized to undergo RI, and
strong TCs (with large I0) are too close to their MPI. Recent
machine learning studies (Xu et al. 2021; Griffin et al. 2022)
have also found that RI is favored by weaker 200-hPa zonal
wind, which may indicate less vertical wind shear or less
ventilation of the warm core by environmental flows.

The inner core of a TC is dominated by two circulations: the
primary circulation, characterized by horizontal rotation
around a low pressure center; and the secondary circulation,
characterized by vertical and radial motions which act to warm
and moisten the TC core. TC intensity is determined largely
by the strength of the coupling between these two circulations,
which is often influenced by convective bursts (CBs; Shapiro
and Willoughby 1982; Heymsfield et al. 2001), defined as con-
vection with an updraft speed exceeding a certain threshold,
often 5 m s21 (Black et al. 1996; Reasor et al. 2009; Rogers
2010). However, recent studies suggest that the pathway from
CBs to RI is indirect and involves weaker convection as well
(Rogers 2010; Chen and Zhang 2013; Tang et al. 2018). RI usu-
ally coincides with the axisymmetrization of convection in the
inner core}i.e., coverage evolves from one or two quadrants
to a full ring around the TC center (Rogers 2010; Chen and
Zhang 2013; Tang et al. 2018).

Other inner-core processes may sometimes be responsible for
RI, including vortex Rossby waves and mesovortices caused by
barotropic–convective instability (Montgomery and Kallenbach
1997; Rogers 2010; Alford et al. 2023). However, these processes
are not reliably identifiable in the infrared satellite imagery used
in this study; rather, they are typically identified by numeri-
cal simulations or targeted field observations (Cotto et al.
2015; Alford et al. 2023).

b. Background on statistical RI forecasting

Statistical models are often used to operationally fore-
cast RI, because dynamical models suffer from an extreme

underforecasting bias (DeMaria et al. 2021, henceforth D21).
Three popular statistical models are the Statistical Hurricane In-
tensity Prediction Scheme (SHIPS)–RI index (RII), SHIPS con-
sensus, and deterministic-to-probabilistic statistical (DTOPS)
model. The SHIPS-RII has been used by the NHC since 2001,
undergoing several modifications during that time (D21). For
example, Kaplan et al. (2010) replaced the original threshold-
ing algorithm of Kaplan and DeMaria (2003) with linear dis-
criminant analysis (LDA). The SHIPS consensus averages
output from three models: the preexisting LDA, logistic re-
gression, and naïve Bayes (Kaplan et al. 2015, henceforth
K15). DTOPS, which was developed in 2018 and introduced
globally in 2023 (D21; Sampson et al. 2023), uses logistic re-
gression to combine deterministic intensity forecasts from dy-
namical models into one probabilistic RI forecast. Although
DTOPS uses no predictors other than intensity forecasts and
the TC’s initial latitude/intensity, it outperforms all versions of
SHIPS-RII (Fig. 10 of D21), showing that the deterministic
models have skill that can be “unlocked” with simple ensem-
bling and bias correction.

Some of these statistical models have recently been expanded
to a global domain (Knaff et al. 2018, 2020) or to include novel
observations, such as microwave satellite imagery and lightning
(DeMaria et al. 2012; Su et al. 2020; Slocum et al. 2023). How-
ever, statistical RI models generally rely on the same data sour-
ces, so their predictions are highly interdependent. While the
spread is large enough that these models can be profitably
blended in a consensus (Sampson et al. 2023), some questions
remain on how to gain additional independent skill with new
models.

Many statistical RI models are examples of ML, a field char-
acterized by complex, nonlinear, and data-driven methods.
There are also more recent ML applications in RI research
(McNeely et al. 2020; Mercer et al. 2021), including deep neural
networks (NNs). The deep NNs of Griffin et al. (2022) show
some advantages over operational models in predicting 24-h
RI, while the deep NNs of Xu et al. (2021) beat most opera-
tional models in predicting 24-h intensity change (not specifi-
cally RI).

c. Focus of this study

A key advantage of convolutional NNs (CNNs) is that
they can ingest a full image}or even a video (time series of
images)}instead of summary statistics describing the im-
age. This allows a CNN to freely “decide” which spatial fea-
tures are important for RI prediction}features that could be
missed by summary statistics. However, two science questions
remain unanswered:

1) What is the influence of different predictor sources on RI
skill? For example, does the use of full satellite images or
videos (which requires more computationally expensive
models such as CNNs) lead to a significant improvement
in RI skill in practice?

2) When ML models are applied to full satellite images, what
strategies do they use for RI prediction? Can we learn any-
thing new, especially vis-à-vis convection and CBs in the in-
ner core?
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To answer the first question, we perform an ablation experi-
ment, training NNs with and without different data sources
such as full satellite images (Fig. 1a). To answer the second
question, we use explainable artificial intelligence (XAI). Fur-
thermore, we incorporate uncertainty quantification (UQ) into
our NNs, training them to output a well-calibrated ensemble of
RI predictions. UQ is crucial for high-impact decision-making
and can be used to assess the trustworthiness of ML models
on a case-by-case basis (Haynes et al. 2023); it also provides
forecasters with an often-requested objective measure of
uncertainty.

The rest of this article is organized as follows. Sections 2
and 3 describe our data and methodology; section 4 shows the
results of our ablation experiment, including a detailed evalua-
tion of the selected NN models and comparison of these with
baseline models used operationally; section 5 shows the results
of our XAI analysis, including a detailed discussion of what
the NNs have learned; and section 6 summarizes our findings.

2. Input data

This section describes the three datasets used to create out-
put (target) variables and input (predictor) variables for the
NNs, as well as preprocessing for these variables. We use TCs
from around the globe: specifically the North Atlantic (AL),
eastern North Pacific (EP), western North Pacific (WP), central
North Pacific (CP), Southern Hemisphere (SH), and Indian
Ocean (IO) Basins.

a. Best track intensity data (ground truth)

We use the final best tracks}provided by the NHC, JTWC,
and Central Pacific Hurricane Center}from the archives of
the Automated Tropical Cyclone Forecast (ATCF) system
(Sampson and Schrader 2000). Best tracks are updated at

synoptic times (0000, 0600, 1200, and 1800 UTC)}and occa-
sionally other important times, such as landfall}throughout
the lifetime of each TC. This postevent dataset (reanalyzed
after every TC season) contains a smoothed representation
of the best subjective analysis for many TC properties, in-
cluding location, storm motion, intensity, etc. For this study,
we use only one best track variable}intensity}to provide
correct answers (labels) for the NN models. Specifically, for
each TC object, the binary label is created as follows:

y 5 I max
t5t0124h

t5t0
It
( )

2 It0 $ 30 kt
{ }

, (1)

where It is the best track intensity at time t and I is the indica-
tor function, evaluating to 1 if the condition is true and 0 if
false. Thus, y 5 1 if, at any time between t0 and t0 1 24 h, the
intensity exceeds its t0 value by at least 30 kt.

b. TC IR satellite data (image predictors)

This study uses a global archive of infrared images, hence-
forth the TC IR archive. The archive is maintained and updated
by the NOAA Center for Satellite Applications and Research,
collocated with the Cooperative Institute for Research in the
Atmosphere (CIRA) at Colorado State University. The IR im-
ages are mapped to a Mercator projection on a 480 3 640 pixel
(1920 km 3 2560 km) grid with 4-km spacing. The images con-
tain one variable}brightness temperature at a central wave-
length of ;11 mm, henceforth Tb}created using the global
constellation of geostationary satellites. For each available
TC3 from 1993 through 2021, the dataset contains images at
;30-min time intervals. For additional details on the TC IR

FIG. 1. Overview of (a) our approach to forecasting RI with NNs and (b) our approach to
understanding what the NNs have learned.

3 TCs in the AL, EP, WP, CP, SH, and IO are available starting
in 1993, 2002, 2002, 2005, 2018, and 2020, respectively.
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archive, see Mueller et al. (2006), Zehr and Knaff (2007),
and Knaff et al. (2014).

We preprocess the TC IR data in five steps. First, we align
image centers with TC centers. The original images are only
roughly TC-centered (Fig. 2a), but for this study}especially
the XAI analyses, where we composite images from many
TCs}more exact centering is useful. Specifically, we crop
each image from its original size (480 3 640) to 380 3 540,
aligning the image center with the center fix stored in the TC
IR metadata. TC IR center fixes are based on the best track
archive, available at 6-hourly synoptic times; for off-synoptic

times, TC IR applies cubic spline interpolation to the synoptic
times. The cropped image is smaller than the original image
because, when recentering at a different point, the 480 3 640
window runs off the edge of the original image.

Second, we rotate images to align them with TC motion,
which is provided in the TC IR files and based on a 6-h back-
ward difference from points in the abovementioned spline inter-
polation (Fig. 2c). Arbitrarily, we make TC motion point toward
the right, i.e., the positive x direction. Accounting for differences
in TC motion is crucial for the XAI analyses}which involve
compositing over many TCs}as some important RI precursors

FIG. 2. Overview of TC IR data and the preprocessing thereof. The green arrow is the direction of storm motion.
The color map in each panel is Tb (K). (a) The raw TC IR image for Cyclone Veronica at 1810 UTC 21 Mar 2019.
(b) Cropped version of (a), which is now TC-centered. (c) Rotated version of (b). When plotted in latitude–longitude
coordinates, the rotated image is a rhombus; but in row–column coordinates (the way the image is fed to an NN), it is
rectangular, with the direction of storm motion being the right edge. In the particular case shown, this is the south-
western edge. (d) Flipped version of (c). The TC now appears to rotate counterclockwise, i.e., cyclonically if it were in
the Northern Hemisphere. This flipping operation is done only for SH TCs.
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in IR imagery have preferred orientations with respect to TC
motion (K15). TC motion also leads to asymmetric frictionally
induced convergence (Chow 1971; Shapiro and Willoughby
1982) and, to the first order, determines asymmetries in the sur-
face wind (Klotz and Jiang 2017). Note that rotation leaves the
image corners with no data (see light gray pixels in Fig. 2c).
These grid points need a sentinel value, for which we choose the
average Tb over the training data, namely, 268.9 K.

Third, because TCs in the two hemispheres rotate in opposite
directions, training the same model with data from around the
globe requires special care. Specifically, we flip TC IR images in
the Southern Hemisphere upside down (with respect to the x
axis), so that IR features appear as they would if the TC rotated
counterclockwise (Fig. 2d). Thus, all the IR images appear as
they would in the Northern Hemisphere, allowing the NN mod-
els to learn relevant IR features in a common framework.

Fourth, we split the data into training, validation, and testing
sets. Training data are used to optimize NN parameters (i.e.,
weights and biases); validation data are used to optimize NN hy-
perparameters (settings that cannot change during training, e.g.,
number of layers); and testing data are used for an independent
assessment of the selected models. The three datasets are in-
dependent, each containing TCs from a different set of years
(Table 1). Supplemental section 1 in the online supplemental
material discusses the geographic distribution of each dataset.

Fifth, we scale Tb via the following procedure, which is re-
peated for every atomic Tb value (an “atomic value” being
one grid point in one image).

1) Quantile normalization. Transform Tb to its quantile over
the training data.4 This results in a transformed variable
T′
b with a uniform distribution over [0, 1].

2) z-score normalization. Transform T′
b to a standard normal

distribution (mean 5 0 and variance 5 1), using the in-
verse cumulative density function.

The z-score normalization is common practice for NNs (section
3.6.2 of Chollet 2018; Shanker et al. 1996). However, the com-
mon approach does not involve step 1, because it assumes that
the raw data follow a normal distribution (just not the stan-
dard normal distribution) already. This is not true for Tb in
our dataset, which is heavily skewed to the left.

c. SHIPS developmental data (scalar predictors)

The SHIPS dataset (NOAA 2020) contains three types of
predictors: environmental, describing near-TC atmospheric and
oceanic conditions; satellite-based, describing TC-centered geo-
stationary satellite imagery; and storm-based metrics, including
the TC’s location, current intensity, and recent intensity changes.
All SHIPS predictors are scalars, and most are environmental.
Thus, while the TC IR archive quantifies the current state of the
TC, the SHIPS data mainly quantify the near-TC environment.
The SHIPS data are updated at synoptic times throughout the
lifetime of each TC.

In the real-time SHIPS dataset, most of the predictors are
forecasts, provided at lead times up to 5 days.5 However, we
train with the postevent SHIPS dataset,6 where these predictors
are perfect prognoses (Kalnay 2002) instead of forecasts. In
other words, what appears to be an N-hour forecast initialized
at time t0 is actually a 0-h analysis initialized at time t0 1 N.
Thus, using any lead time beyond zero in the NN predictors is
tantamount to leaking information from the future, which is
not possible in an eventual real-time application of the NNs.
For environmental predictors, we use only the first five lead
times from the postevent dataset}0, 6, 12, 18, and 24 h}at
which true forecasts and perfect prognoses are quite close. We
quantify the effects of this choice in section 4c. For predictors
involving TC intensity, we use only the 0-h lead time, because
using any perfect prognosis for these variables makes RI pre-
diction too easy.

There are many environmental and storm-based predic-
tors to choose from, and our choice (Table 2 and Fig. 3b) is
based on two factors. The first is a predictor-importance
analysis from a “kitchen sink” model trained with all SHIPS
predictors (not shown). We identified top predictors accord-
ing to the multipass backward version of the permutation
test, which screens out correlated predictors (section 7.1.1
of Lagerquist 2020). The second factor is data quality and

TABLE 1. Partitioning of data into independent subsets. One “TC object” is one TC at one 6-h time step. Although the TC IR
archive has 30-min time steps, the other two datasets have 6-h time steps, so our NN models make one forecast every 6 h. An “RI
object” is a TC object that undergoes rapid intensification in the next 24 h. The first three datasets use postevent SHIPS data, while
the last uses real-time SHIPS data.

Data subset Years Number of unique TCs Number of TC objects Number of RI objects

Training 1993–2004, 2015–19 673 16 329 1217
Validation 2005–09 310 6287 518
Testing 2010–14, 2020–21 448 8948 640
Real-time testing 2010–14, 2020–21 260 5000 290

4 Ideally, we would use all values in the training data. How-
ever, finding a quantile over 42 billion values (204 658 images
with 380 3 540 pixels each) is too computationally expensive, so
we randomly select 100 000 training values for this procedure.

5 Storm-based predictors (location and intensity) are forecasts
from the SHIPS model; satellite-based predictors are analyses
(based on data available at the current time); within the environ-
mental predictors, atmospheric variables are forecasts from the
Global Forecast System (GFS), while oceanic variables are a hybrid
forecast/analysis. Specifically, oceanic variables}such as sea-
surface temperature and ocean heat content}come from the Navy
Coupled Operational Data Assimilation (NCODA; Cummings
2005) at the forecast TC location (Sampson et al. 2022).

6 Because postevent data are available over a longer time pe-
riod than real-time data.
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homogeneity}i.e., we choose variables that have better
overall quality and better consistency over the time period
(1993–2021). In other words, our choice of predictors is based
on both objective methods and subjective domain expertise.
For variables with “best available” in the name, the second col-
umn of Table 2 gives the priority list. For best available SST,
we use the first option available from NSST (NCODA), DSST
(daily Reynolds analysis), RSST (Reynolds analysis), and CSST
(climatology). For best available OHC, we use the first avail-
able out of NOHC (at the 268C isotherm from NCODA),
RHCN (satellite-based), PHCN (based on climatology and
SST), XOHC (climatology), and COHC (climatology).

For the satellite-based predictors (Table 3 and Fig. 3a), each
SHIPS record contains four versions of the predictors: in lines
labeled IR00 (based on satellite imagery at the present time),
IRM1 (based on imagery 1.5 h ago), IRM3 (3 h ago), and
IRXX (climatology). For each variable, we use the best avail-
able from the following priority list: IR00, IRM1, IRM3, and
IRXX. We use all satellite-based predictors in SHIPS except
for “time of the GOES image” and “variables needed for
storm-size estimation.” Some of these variables were identified
by the kitchen-sink model as important, and some were not.
Nonetheless, we use the full set of variables because 1) they
include all summary statistics of the full satellite image, and
2) our first science question involves determining whether
the full image adds predictive value beyond this summary.

We preprocess the SHIPS data in two steps. First, we nor-
malize SHIPS predictors, using the same procedure as for TC
IR data (section 2b). In that procedure, replace “Tb” with
“xj” (the jth SHIPS predictor) and replace atomic value with
just “value” (since the SHIPS predictors are scalars and not
images). The procedure is repeated for every SHIPS predic-
tor; the result is that all predictors (SHIPS scalars and Tb)
have mean 0 and variance 1. Second, to align Southern

Hemisphere TCs with their Northern Hemisphere counter-
parts, we multiply LAT and TWXC (Table 2) by 21. Hence,
LAT can be interpreted as meridional distance from the equa-
tor, and TWXC can be interpreted as maximum tangential
wind in the cyclonic direction. Before (after) this preprocessing,
the positive direction for TWXC is counterclockwise (cyclonic)
regardless of hemisphere.

3. Methods

This section discusses our NN architecture, uncertainty-
quantification methods coupled with the NNs, XAI methods,
and the ablation experiment used to find the best NN model
with/without certain data sources.

a. NNs: Fully connected and convolutional

CNNs can ingest full images as predictors, whereas fully
connected NNs can use only scalar data. Since we train some
NNs with full satellite images and some without, we use both
CNNs and fully connected NNs. See Fig. 4 for a diagram of
one of our CNN architectures,7 supplemental section 2 for
deeper background on CNNs, and supplemental section 3 for
our hyperparameter choices.

b. UQ

Our methods for machine-learned UQ (ML-UQ) are de-
scribed below with frequent reference to Haynes et al.
(2023, henceforth H23). There are two fundamental types of
uncertainty}aleatory and epistemic (section 2b of H23)}and

TABLE 2. Environmental and storm-based SHIPS variables used as NN predictors. “Low level” means averaged from 850 to 700 mb
(1 mb 5 1 hPa); “low-to-midlevel” means over the 850–500-mb layer; “deep layer” means over the 850–200-mb layer; “full column”
means averaged from 0 to 15 km above ground level; “inner ring” means averaged over a 500-km radius around the TC center; and
“outer ring” means averaged over a 200–800-km annulus around the TC center. Low-to-midlevel eastward shear is computed from two
SHIPS variables: SHRS (the magnitude of the shear vector) and SHTS (its direction). As discussed in section 2b, LAT and TWXC are
multiplied by 21 for SH cases.

Variable Name in SHIPS files Units Forecast leads used (h) Category

Current TC intensity VMAX m s21 0 Storm-based
TC-intensity change over last 6 h INCV m s21 0 Storm-based
Low-to-midlevel eastward shear SHRS and SHTS m s21 0, 6, 12, 18, 24 Environmental
Deep-layer, inner-ring, vortex-removed shear SHGC m s21 0, 6, 12, 18, 24 Environmental
200-mb outer-ring temperature T200 K 0, 6, 12, 18, 24 Environmental
Low-level, inner-ring temperature gradient TGRD K m21 0, 6, 12, 18, 24 Environmental
Maximum 850-mb symmetric tangential wind TWXC m s21 0, 6, 12, 18, 24 Environmental
Full-column, inner-ring, vortex-removed vertical

velocity
VVAC m s21 0, 6, 12, 18, 24 Environmental

TC-center latitude LAT 8N 0, 6, 12, 18, 24 Environmental
MPI VMPI m s21 0, 6, 12, 18, 24 Environmental
Ocean age OAGE s 0, 6, 12, 18, 24 Environmental
Best available SST NSST, DSST, K 0, 6, 12, 18, 24 Environmental

RSST, or CSST
Best available OHC NOHC, RHCN, PHCN, J m22 0, 6, 12, 18, 24 Environmental

XOHC, or COHC

7 Including all SHIPS variables and two TC IR images as predic-
tors. Note that different predictor sets lead to slightly different
architectures.

WEATHER AND FORECAS T ING VOLUME 401206

Brought to you by NOAA Library | Unauthenticated | Downloaded 09/14/26 01:31 PM UTC



most UQ methods can capture only one type (section 3 of
H23). Thus, we combine two UQmethods. For aleatory uncer-
tainty, we have found that the continuous ranked probability
score (CRPS) method performs best (e.g., sections 5 and 6 of
H23). This method involves training the NN to output an en-
semble of predictions, optimizing the ensemble with the CRPS
loss function. For epistemic uncertainty, we have found in other
studies that Bayesian NNs (BNNs) perform best, followed
closely by the multimodel ensemble (MME). However, for the
RI problem, even after trying hundreds of hyperparameter set-
tings for BNNs, the resulting models barely outperformed cli-
matology. Thus, we use the MME method instead, which
involves training many different NNs with the same hyper-
parameters but different random seeds. The random seed
determines how NN weights are initialized, and different
random seeds lead to different solutions, i.e., final weights.
To combine the two UQ methods, we train 50 NN models,
each with the CRPS loss function and 100 output neurons.
Thus, the inner (outer) ensemble size is 100 (50), leading to
a total ensemble size of 5000.

c. Probability calibration

To calibrate RI probabilities and produce a better attrib-
utes diagram, we apply isotonic regression (Niculescu-Mizil
and Caruana 2005) to every NN. Isotonic regression is com-
monly used for this purpose, and an explanation geared to-
ward atmospheric scientists is found in Lagerquist et al.
(2017). The sole input (predictor) variable for isotonic re-
gression is the NN-forecast RI probability (ŷraw), and the
target variable is the true RI label (0 or 1). The output of
isotonic regression is a calibrated probability ŷ, and we use
only the training data (Table 1) to tune this calibration.
More specifically, we train isotonic regression only to cor-
rect the NN ensemble mean. At inference time, to adjust
the ensemble mean of a forecast by D5 ŷ 2 ŷraw, we adjust
every ensemble member by D.

d. DeepSHAP

Shapley values, which come from the field of cooperative
game theory (Shapley 1953), represent the expected marginal
contribution of each player in a cooperative game. Shapley
additive explanation (SHAP; Lundberg and Lee 2017, hence-
forth LL17) is an XAI method based on Shapley values. In ML,
the definition of Shapley value is the same, except that “player”
is replaced with “predictor variable” and the “marginal contri-
bution” is to the ML model’s prediction ŷ.8 The expected mar-
ginal contribution of each predictor x to ŷ is a measure of x’s
influence, often called a “feature attribution” in the XAI litera-
ture. The summed attribution over all predictors equals ŷ, so
SHAP is considered an additive feature-attribution method.
SHAP is a local method, meaning that it provides a different ex-
planation for each data sample (here, TC object). Furthermore,
SHAP unifies and combines the best properties of six

TABLE 3. Satellite-based SHIPS variables used as NN predictors.
Any distance range (e.g., 0–200 km) is a range of radii outside the
TC center.

Variable Units

Mean 0–200-km Tb K
Standard deviation of 0–200-km Tb K
Mean 100–300-km Tb K
Standard deviation of 100–300-km Tb K
Fractional area from 50 to 200 km with Tb , 2108C Unitless
Fractional area from 50 to 200 km with Tb , 2208C Unitless
Fractional area from 50 to 200 km with Tb , 2308C Unitless
Fractional area from 50 to 200 km with Tb , 2408C Unitless
Fractional area from 50 to 200 km with Tb , 2508C Unitless
Fractional area from 50 to 200 km with Tb , 2608C Unitless
Maximum 0–30-km Tb K
Mean 0–30-km Tb K
Radius of maximum Tb m
Minimum 20–120-km Tb K
Mean 20–120-km Tb K
Radius of minimum Tb m

FIG. 3. Example of SHIPS data for Cyclone Veronica at
1800 UTC 21 Mar 2019. Variables are plotted in normalized units;
otherwise, given the different scales of the variables, they would
be difficult to plot with a single color bar. (a) The 16 satellite-
based predictors we use. “Best” is the best available from the fol-
lowing priority list: IR00, IRM1, IRM3, and IRXX. In this case, all
variables are available in the IR00 line, so the “IR00” and “Best”
rows of the plot are identical. (b) Environmental and storm-based
predictors. Note that while the SHIPS dataset contains “forecasts”
(actually perfect prognoses) of VMAX and INCV beyond 0 h, we
do not use these values. This is why, for both variables, values at
nonzero lead times are greyed out.

8 Although our models output an ensemble, we compute Shap-
ley values only for the ensemble mean. Thus, ŷ in this discussion
should be interpreted as the model’s mean prediction.
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preexisting XAI methods, as explained in LL17. We specifically
use the DeepSHAP algorithm, which is a computationally effi-
cient approximation of SHAP for NNs.

e. Eigenanalysis of DeepSHAP output

Our goal for XAI is to learn more about RI precursors in sat-
ellite imagery. Thus, although DeepSHAP produces a Shapley
value for every predictor}including the TC IR image pixels
and SHIPS scalars}we focus on the TC IR image. However,
like most XAI methods (Nielsen et al. 2022), DeepSHAP pro-
duces a lot of pixel-level noise when applied to image data, as
in supplemental Fig. S24. This makes it difficult to interpret
Shapley values for an individual data sample. Thus, we use ei-
genanalysis to find patterns in large composites of Shapley
maps, i.e., over many data samples. Specifically, we wish to find
the leading modes of covariability between two fields}Tb and
Shapley value}interpreting each mode as a strategy used by
the NN to predict RI.

When one spatial field is to be eigenanalyzed, the most com-
mon strategy is principal component analysis (PCA; Wilks 2006,
chapter 11), which eigenanalyzes the temporal covariance matrix
of the field to find leading modes of variability. When two fields
must be considered}e.g., Tb and Shapley values}the analogous
method is maximum covariance analysis (MCA; section 12.4 of
Wilks 2006), which is often used in climate studies (Frankignoul
et al. 2011; Barreto et al. 2017; Pangaluru et al. 2019). MCA de-
tects modes of covariability by eigenanalyzing the temporal

covariance matrix of the two fields. For details of our MCA pro-
cedure, see supplemental section 4.

f. Ablation experiment: Finding the best model
with/without certain data sources

We conduct a hyperparameter experiment, where most of
the hyperparameters control which data sources are used to
create predictors. The goal of this experiment is to find the
best NN models with and without certain data sources. Specif-
ically, we aim to find the best model overall, the best without
TC IR data (i.e., with only SHIPS data), and the best without
SHIPS data (i.e., with only TC IR data). The best model over-
all}which will likely use most or all data sources and thus be
computationally expensive}would be useful in a stand-alone
setting (where no other models are available). The best model
without TC IR data}which will include no images and thus
no convolution}would be useful in a setting with limited com-
puting resources. The best model without SHIPS data (let this
be M) would be useful in a setting where it is combined with
information from other models. This is because most preexist-
ing RI models use SHIPS data but not full satellite images, so
M would be fairly independent of the preexisting models.

In addition to data sources, we experiment with two other
hyperparameters. The first is dropout rate (let this be d) for
dropout regularization (Hinton et al. 2012), a method that mit-
igates overfitting by randomly dropping d?100% of neurons
when making a prediction. Supplemental section 3 contains

FIG. 4. The CNN architecture shown here is used when the predictors include all environmental/storm-based SHIPS
variables, all satellite-based SHIPS variables, and two lag times for TC IR images. There are six convolutional blocks
(solid black arrows), each containing two convolutional layers with 33 3 pixel filters, followed by a maximum pooling
layer with a 2 3 2 pixel pooling window. There are two fully connected layers (FCLs) for extracting SHIPS-only fea-
tures (purple arrows in the left half of the figure) and five FCLs for extracting combined features, which include both
SHIPS and TC IR data (purple arrows in the right half of the figure). After concatenating SHIPS-only and
TC-IR-only features into the same vector, we exponentially decrease the number of features from its initial value
(11 240) to its final value (100), which is the ensemble size. In other words, the final output is an ensemble of 100 RI
probabilities.
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more details on dropout. The second additional hyperpara-
meter is temporal differencing of TC IR images, which can be
either “on” or “off.” When turned on, TC IR images at non-
zero lag times contain Tb differences instead of absolute values,
as in supplemental Fig. S1.

A full list of attempted hyperparameter values is shown in
Table 4. We try all possible combinations of these values. The
total number of NN models would then be 53 63 23 2325
240, except that five of these models have no predictors at all.
Hence, the total number of models is 235. For a full listing and
justification of all other hyperparameter values (those not op-
timized by the experiment), see supplemental section 3. To
choose the best models, we compute eight evaluation metrics
(defined below) on the validation data. The models in this ex-
periment are trained with the CRPS-only method, as opposed
to the hybrid MME/CRPS method, for UQ. Using MME for
every hyperparameter combination would involve training
235 3 50 5 11 750 NNs, which is too computationally expen-
sive. For each of the best CRPS-only models, we then train
an MME/CRPS model with the same hyperparameters and
evaluate this final model on the testing data.

The eight evaluation metrics include five concerning the
ensemble-mean prediction ypred and three UQ-based metrics,
which concern the full ensemble. The first five are area under
the receiver operating characteristic curve (AUC; Metz 1978),
area under the performance diagram (AUPD; Roebber 2009),
Brier skill score with respect to a climatological forecast (BSS;
Hsu and Murphy 1986), critical success index (CSI) maximized
over all probability thresholds, and frequency bias (FB) at the
CSI-maximizing probability threshold. See Lagerquist et al.
(2021) for a succinct explanation of these metrics. The three
UQ-based metrics are spread–skill reliability (SSREL) and
spread–skill ratio (SSRAT), based on the spread–skill plot, and
monotonicity fraction (MF), based on the discard test. See H23
for details. AUC, AUPD, BSS, CSI, and MF are positively ori-
ented with an optimal value of 1.0; SSREL is negatively ori-
ented with an optimal value of 0.0; FB has an optimum of 1.0,
with higher (lower) values indicating overprediction (underpre-
diction); and SSRAT has an optimum of 1.0, with higher
(lower) values indicating underconfidence (overconfidence).

4. Results of ablation experiment

In the validation phase, we use validation data to select the
three best NN models: the best overall, without TC IR data,
and without SHIPS data. These models are trained with the

CRPS-only UQmethod. In the testing phase}after retraining
the best models on training data with the same hyperpara-
meters but with the hybrid MME/CRPS UQ method}we use
testing data for a final assessment of the best models.

a. Validation phase

Detailed results}i.e., all eight evaluation metrics for all
235 models}are shown in Fig. 5 and supplemental Figs. S2–S8.
UQ-based evaluation metrics are shown in supplemental
Figs. S6–S8, while mean-prediction-based metrics are shown
in Fig. 5 and supplemental Figs. S2–S5. We summarize the
results below.

1) All five mean-prediction-based metrics improve as more
SHIPS predictors are added (i.e., as the panel letter increases
from Figs. 5a to h).

2) The mean-prediction-based metrics do not have a clear re-
lationship with the amount (number of lag times) or format
(temporal differences vs raw values) of TC IR data used.

3) However, mean-prediction-based metrics improve slightly
as the number of TC IR lag times increases from 0 to 1
(the left two columns of each panel). In other words, the
models are better when they have access to some TC IR
data instead of none.

4) The mean-prediction-based metrics have no clear rela-
tionship with dropout rate.

5) The UQ-based metrics also improve as more SHIPS predic-
tors are added, but not as markedly as the mean-prediction-
based metrics.

6) The UQ-based metrics do not have a clear relationship with
any hyperparameter not involving SHIPS predictors, except
that SSREL improves slightly as the number of TC IR lag
times increases from 0 to 1. In other words, the SSREL is
better with some TC IR data instead of none.

Overall, the most important hyperparameter is the inclusion
of SHIPS data (all three types}environmental, storm-based,
and satellite-based}are useful), followed by the inclusion of TC
IR data (one lag time}i.e., an image rather than a video}is suf-
ficient). The dropout rate and format of TC IR data (raw values
vs temporal differences) are unimportant. Based on all eight
metrics, we choose the following as the best models, marked by
circles in Fig. 5. Supplemental section 5a contains more details
on the best models.

• Best model overall: all SHIPS predictors, 1 TC IR lag time,
dropout rate of 0.8

TABLE 4. Experimental hyperparameters. When Nlag (the number of TC IR lag times) 5 0, the predictors include no TC IR data;
when Nlag 5 1, we use data at the forecast issue time (t0); when Nlag 5 2, we use data from t0 and t0 2 4 h; and when Nlag 5 3, we
use data from t0, t0 2 2 h, and t0 2 4 h. When Nlag in the table is followed by an asterisk, this means that we use temporal
differencing for nonzero lag times. “Count” is the number of values attempted for the given hyperparameter.

Hyperparameter Values attempted Count Explanation

Dropout rate 0.5, 0.6, 0.7, 0.8, 0.9 5
Number of TC IR lag times 0, 1, 2, 2*, 3, 3* 6
Use SHIPS environmental predictors? Yes, no 2 If “yes,” we use the last 11 columns of Fig. 3b.
Use SHIPS storm-based predictors? Yes, no 2 If yes, we use the first two columns of Fig. 3b.
Use SHIPS satellite-based predictors? Yes, no 2 If yes, we use the top row of Fig. 3a.
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• Best model without TC IR: all SHIPS predictors and drop-
out rate of 0.8

• Best model without SHIPS: 1 TC IR lag time and dropout
rate of 0.7

Henceforth, we call these the “NN with everything,” “NN
without TC IR,” and “NN without SHIPS,” respectively.

b. Testing phase with postevent data

Figure 6 shows testing results for the NN with everything.
Figures 6a–c and 6f–g consider only the ensemble-mean pre-
diction, while Figs. 6d and 6e consider the full predictive dis-
tribution, including UQ. The receiver operating characteristic
(ROC) curve (Fig. 6a) shows an AUC . 0.9, considered ex-
cellent performance (Luna-Herrera et al. 2003; Muller et al.
2005). However, the performance diagram (Fig. 6b) is much
lower quality, with an AUPD of only 0.483. At the CSI-

maximizing probability threshold (p∗) for the testing data (the
“T” in Fig. 6b), the CSI is 0.369 and the FB is 0.981, so the
model does not substantially over- or underpredict RI. How-
ever, the testing data are meant to simulate an operational envi-
ronment, where p∗ has already been tuned on the validation
data and cannot be retuned. In other words, one can think of p∗

as a hyperparameter. Using p∗ chosen from the validation data
(marked as “V” in Fig. 6b), the CSI is 0.272 and the FB is
2.741, so the model substantially overpredicts RI. This contrast
illustrates that great care must be taken in choosing decision
thresholds.

The attributes diagram (Fig. 6c) shows that probabilistic fore-
casts are often poorly calibrated, with overprediction at all prob-
abilities below 0.8 and negative skill at all probabilities from 0.1
to 0.6. Calibration is also an issue for preexisting RI models
(D21), and this will be discussed in section 4c. The spread–skill
plot (Fig. 6d) shows that the model is underconfident at all

FIG. 5. AUC on validation data for each NN model. Each panel represents models trained with a different set of SHIPS predictors;
within one panel, each row represents models trained with a different dropout rate, and each column represents models trained with a dif-
ferent amount and format of TC IR data. If the number of lag times (Nlag) is 0, the predictors include no TC IR data; if Nlag 5 1, the pre-
dictors include a single TC IR image; if Nlag 5 2 or 3, the predictors include a TC IR video; and if Nlag 5 2*or 3*, the predictors include a
TC IR video with raw Tb values at the zero lag time and temporal differences at the nonzero lag times. The three circles mark the best
models, and the star represents the model with the best value for this particular metric (AUC). Five boxes in (a) are missing; these corre-
spond to models with no predictors, so we do not actually train a model.

WEATHER AND FORECAS T ING VOLUME 401210

Brought to you by NOAA Library | Unauthenticated | Downloaded 09/14/26 01:31 PM UTC



spread values except the highest; however, the underconfidence
is most minor (i.e., the curve is closest to the 458 line) at the
most common spread values (0.10–0.20 and 0.45–0.50).
Also, the overall SSRAT is quite close to one, at 1.168. The
discard test (Fig. 6e) shows that the model’s estimate of its
own uncertainty is strongly correlated with its Brier score,
yielding an MF of 100%. In other words, the expected Brier
score decreases whenever the discard fraction is increased
(i.e., whenever the maximum acceptable uncertainty is de-
creased). This property could be useful as an “override
switch” in operations. For example, suppose that the maxi-
mum acceptable Brier score is 0.042, which corresponds to a
discard fraction of 0.1 (shown in Fig. 6e) and model spread

sypred
of 0.480 (not shown in Fig. 6e). Then, forecasters could

choose to override the model whenever sypred
. 0:480.

Results split by month and basin (Figs. 6f and g) lead to three
main takeaways. First, AUC and AUPD}which measure the
quality of binary forecasts}are largely controlled by the num-
ber of cases in each subset, especially the number of RI cases.
AUC and AUPD are worst in January–March, which are
among the 4 months with the fewest RI cases,9 and in the

FIG. 6. Performance of NN with everything on postevent testing data. (a) ROC curve.
(b) Performance diagram. The V marks the CSI-maximizing probability threshold on
the validation data (0.311); the T is analogous but for the testing data (0.611). The blue
color fill represents CSI; the dashed lines represent FB. (c) Attributes diagram. The blue
shading represents the positive-skill area, where BSS . 0; the dashed 458 line is the per-
fect reliability curve; and the inset histogram shows how often the model forecasts each
probability. (d) Spread–skill plot. The histogram shows how often the model produces
each spread value; the inset graph shows the RI frequency (“mean target”) and mean
forecast RI probability as a function of spread. (e) Discard test. The inset graph shows
the RI frequency and mean RI probability as a function of discard fraction. (f) Results
by month. The histogram (in logarithmic scale) shows the number of total cases and RI
cases by month. (g) Results by basin.

9 In this paragraph, the phrase “fewest RI cases” is based only
on the testing data used to create Fig. 6. We make no claims about
the climatological frequency of RI in any month/basin.
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IO and SH, which are among the three basins with the
fewest RI cases. Second, in the monthly distribution of
BSS (Fig. 6f)}which measures the quality of probabilistic
forecasts}there is no clear seasonal cycle or relationship to
the number of cases. However, third, there is a weak relation-
ship between BSS and the number of RI cases in a given basin
(Fig. 6g). For example, BSS is worst in the CP and IO, which
are the two basins with the fewest RI cases. In all other basins,
BSS is positive, indicating that the NN’s probabilistic forecasts
are better than climatology.

Figure 7 shows testing results for the NN without TC IR. In
the following, we highlight differences between this model and
the NN with everything (Fig. 6). The ROC curves (Fig. 7a) are

nearly identical, with an identical AUC. However, the perfor-
mance diagram (Fig. 7b) is worse without TC IR, showing a
13% decrease in AUPD, a 10% decrease in CSI, and a 21%
increase in FB. The attributes diagram (Fig. 7c) is also worse
without TC IR, showing a negative BSS and overprediction at
all probabilities from 0.1 to 0.7 (vs 0.1–0.6 for the NN with ev-
erything). Between Figs. 7b and 7c, we conclude that the NN
without TC IR has a worse overprediction problem for both
binary and probabilistic forecasts. The spread–skill plots
(Fig. 7d) are similar, with both models showing underconfi-
dence. The discard tests (Fig. 7e) are similar, except that the
NN without TC IR has a slightly worse MF at 94.7% (18/19).
Nonetheless, this large MF shows good correlation between

FIG. 7. As in Fig. 6, but for performance of NN without TC IR on postevent test-
ing data. Formatting is explained in the caption of Fig. 6. Here, the CSI-maximizing
probability thresholds marked in the performance diagram in (b) are 0.310 for the
validation data (V) and 0.629 for the testing data (T).
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model spread and skill. Last, results by month and basin
(Figs. 7f and g) are similar between the two models, leading
to the same main takeaways.

Figure 8 shows testing results for the NN without SHIPS. In
the following, we highlight differences between this model
and the NN with everything (Fig. 6). The ROC curve (Fig. 8a)
and performance diagram (Fig. 8b) are much worse without
SHIPS data, showing a decrease of 14% in AUC, 76% in
AUPD, and 41% in CSI. The huge decrease in AUPD occurs
because, at a given POD (y axis in the performance diagram),
the NN without SHIPS produces many more false alarms than
the NN with everything, leading to a much smaller success ratio
(x axis in the performance diagram). This suggests that SHIPS
data are crucial for reducing false alarms. The attributes

diagram (Fig. 8c) is overall worse without SHIPS data, showing
a slight decrease in BSS and a major decrease in sharpness. The
NN with everything forecasts all probabilities up to ;0.8 with
nonnegligible frequency, while the NN without SHIPS never
forecasts a probability. 0.35. However, the NN without SHIPS
is inside the positive-skill area at most probabilities it forecasts,
unlike the NN with everything. We note that without probability
calibration (section 3c), the NN without SHIPS has greater
sharpness (can forecast probabilities up to 45%) but worse cal-
ibration, manifesting in a BSS of 20.126. This trade-off be-
tween sharpness and calibration was also observed by Burke
et al. (2020); see their Fig. 6. The spread–skill plot (Fig. 8d) is
surprisingly better without SHIPS data, showing a 32% de-
crease in SSREL and SSRAT very close to 1.0. In other words,

FIG. 8. As in Fig. 6, but for performance of NN without SHIPS on postevent test-
ing data. Formatting is explained in the caption of Fig. 6. Here, the CSI-maximizing
probability thresholds marked in the performance diagram in (b) are 0.207 for the
validation data (V) and 0.219 for the testing data (T).
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FIG. 9. Comparison of NN with everything vs SHIPS-RII baseline on real-time
testing data. (a)–(e) NN results; (f)–(h) SHIPS-RII results. (a),(f) ROC curves for
the two models. (b),(g) Performance diagrams for the two models. The T marks the
CSI-maximizing probability threshold (0.590 for NN and 0.290 for SHIPS-RII) on
the testing data used to make the figure. We do not include a V for validation data

WEATHER AND FORECAS T ING VOLUME 401214

Brought to you by NOAA Library | Unauthenticated | Downloaded 09/14/26 01:31 PM UTC



the NN without SHIPS does not have the across-the-board
underconfidence exhibited by the NN with everything. The
discard test (Fig. 8e) is slightly worse without SHIPS data, ex-
hibiting an MF of 89.5% (17/19). But again, this MF is still
large, showing good correlation between spread and skill.
Last, results by month and basin (Figs. 8f and g) are similar be-
tween the two models, except that for the NN without SHIPS,
the relationship between BSS and the number of RI cases in a
basin (Fig. 8g) is not apparent. Overall, the removal of SHIPS
data severely impacts model performance, but it impacts bi-
nary forecasts more than probabilistic forecasts or UQ.

Our main conclusions from postevent testing are summa-
rized below:

• The NNs with access to SHIPS data produce skillful binary
forecasts (e.g., AUC . 0.9).

• All NNs produce a better ROC curve than performance
diagram, resulting in AUC .. AUPD. This is because RI is
a rare event and is overpredicted by the NNs, leading to
many false alarms (the same is true for operational models;
see section 4c).

• All NNs produce poorly calibrated probabilistic forecasts
(BSS , 0.1).

• All NNs produce useful uncertainty estimates; results from
the discard test could be used to create an override switch
for operations.

• The NNs perform better in months/basins where RI is
more common and worse in months/basins where RI is
less common.

• Removing TC IR data hurts performance a little, but remov-
ing SHIPS data hurts performance a lot. In other words, the
SHIPS predictors are collectively much more important to
our NNs than IR satellite imagery. This makes sense, given
that SHIPS predictors 1) include summary statistics of IR im-
agery and 2) have been identified and continually improved
over several decades.

c. Testing phase with real-time data

This section compares our NN models with three baselines:
the SHIPS-RII, SHIPS consensus, and DTOPS. Because the
baseline models are operational, they use real-time data rather
than postevent; to ensure fairness, our NNs also use real-time
data for this comparison. Also, the baseline models have incom-
plete forecast archives; to ensure fairness, when comparing our
NNs with baseline B, we use only TC objects (samples) in the
archive for B. The complete real-time testing dataset includes
5000 samples, covering all seven testing years and three basins:
the AL, EP, and CP. The SHIPS-RII archive includes 4588
samples, also covering the seven years and three basins; the
SHIPS-consensus archive includes 1705 samples, covering only

the AL and EP basins in 2020–21; and the DTOPS archive in-
cludes 1583 samples, covering the same two basins and two years.

The overall performance of the NN with everything is
worse on real-time data (Figs. 9a–e) than on postevent data
(Fig. 6), as expected since postevent data have the benefit
of hindsight. However, the decline in performance is not
catastrophic}e.g., the AUC decreases from 0.913 to 0.881,
while the AUPD decreases from 0.483 to 0.395. Also, note
that some aspects of NN performance actually improve from
the postevent to real-time testing data. For example, the BSS
increases from 0.075 to 0.105, indicating better probabilistic
forecasts despite worse binary forecasts, and both the SSREL
and SSRAT improve, indicating that uncertainty estimates be-
come better calibrated. This mixture of results reemphasizes
the trade-off among the quality of binary forecasts, probabilis-
tic forecasts, and uncertainty estimates. The NN has a higher
AUC (cf. Figs. 9a,f) and AUPD (cf. Figs. 9b and g) than
SHIPS-RII, indicating better binary forecasts, but a worse BSS
(cf. Figs. 9c and h), indicating worse probabilistic forecasts.
All three differences are statistically significant at the 95% level,
as determined by a paired, two-sided bootstrapping test with
1000 replicates (henceforth, we use “SS” as a shorthand). The
NN’s uncertainty estimates cannot be compared with SHIPS-
RII or any other baseline, since the baseline models do not
perform UQ. However, we note that the NN’s uncertainty es-
timates could be useful in operations, as the SSRAT and MF
are both near their optimal value of 1.0.

Figure 10 compares the best-performing NN (NN with ev-
erything) to the best-performing baseline (DTOPS). Again,
the NN produces better binary forecasts, indicated by a higher
AUC (cf. Figs. 10a and 10f) and AUPD (cf. Figs. 10b and
10g), but worse probabilistic forecasts, indicated by a lower
BSS (cf. Figs. 10c and 10h). The AUC and BSS differences are
SS, but the AUPD differences are not. Comparison of the NN
with everything to the remaining baseline, namely, the SHIPS
consensus, is relegated to supplemental Fig. S9. The above
conclusions from Fig. 10 also apply to supplemental Fig. S9.

For the other two NNs}i.e., that without TC IR data and
that without SHIPS data}Figs. 11 and 12 show the compari-
son to DTOPS. Comparison between these NNs and the other
two baselines is relegated to supplemental section 5b. The NN
without TC IR performs similarly to the NN with everything
on samples in the DTOPS archive (cf. Figs. 11a–e and 10a–e),
with the most notable difference being a much lower BSS (cf.
Figs. 11c and 10c). This difference between the two NNs was
also noted for postevent testing (cf. Figs. 7c and 6c). Like the
NN with everything, the NN without TC IR produces better
binary forecasts (with SS differences for AUC and non-SS dif-
ferences for AUPD) and worse probabilistic forecasts (with
SS differences for BSS) than the DTOPS baseline. Meanwhile,

$−
here, because we do not have SHIPS-RII forecasts for the validation period and thus
cannot properly tune this threshold for SHIPS-RII. (c),(h) Attributes diagrams for
the two models. (d),(e) Spread–skill plot and discard test for the NN. These
graphics cannot be created for the SHIPS-RII model, which does not perform UQ.
In (a)–(c) and (f)–(h), the solid line represents themean over 1000 bootstrap replicates of
the testing samples, while the shaded envelope represents the 95% confidence interval.
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FIG. 10. As in Fig. 9, but comparing NN with everything vs DTOPS. The T in each
performance diagram marks the CSI-maximizing probability threshold (0.583 for NN
and 0.171 for DTOPS) on the testing data.
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FIG. 11. As in Fig. 9, but comparing NN without TC IR vs DTOPS. The T in each
performance diagram marks the CSI-maximizing probability threshold (0.634 for NN
and 0.171 for DTOPS) on the testing data.
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FIG. 12. As in Fig. 9, but comparing NN without SHIPS vs DTOPS. The T in each
performance diagram marks the CSI-maximizing probability threshold (0.193 for NN
and 0.171 for DTOPS) on the testing data.
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the NN without SHIPS produces much worse binary forecasts
than DTOPS, with a SS AUC difference (cf. Figs. 12a and 12f)
and AUPD difference (cf. Figs. 12b and 12g), and worse prob-
abilistic forecasts than DTOPS, with a SS BSS difference (cf.
Figs. 12c and 12h). However, the NN without SHIPS still pro-
duces surprisingly good probabilistic forecasts (much higher
BSS than the NN without TC IR; cf. Figs. 12c and 11c) and un-
certainty estimates (better SSREL and SSRAT than any other
NN; cf. Figs. 12d, 11d, and 10d).

Our main conclusions from real-time testing are summa-
rized below:

• All NNs perform slightly worse on real-time data than post-
event data, as expected.

• The NNs produce worse probabilistic forecasts than the
baselines (shown by the “BSS” bars in Fig. 13).

• The NN with everything and the NN without TC IR pro-
duce better binary forecasts than the baselines, while the
NN without SHIPS produces worse binary forecasts (shown
by the “AUC” and “AUPD” bars in Fig. 13).

• All NNs provide useful uncertainty estimates; the baselines
provide none.

• Though outperformed by the baselines, the NN without
SHIPS still provides useful uncertainty and surprisingly
good probabilistic forecasts. Furthermore, the NN without
SHIPS is the least correlated with (most independent of)
the other models; see Fig. 14. Thus, although the NN with-
out SHIPS does not have competitive skill on its own, it
could be a useful addition to operational RI ensembles like
the SHIPS consensus and that discussed in Sampson et al.
(2023).10

Supplemental section 5c shows five case studies from the
real-time testing data: one randomly selected, the best true

FIG. 13. Overall model comparison on real-time
testing data. (a) Comparison of NNs with SHIPS-
RII baseline, based on matched TC objects (those
for which a SHIPS-RII forecast is available).
(b) As in (a), but for SHIPS consensus. (c) As
in (a), but for DTOPS. Each error bar shows a
95% confidence interval based on 1000 boot-
strap replicates of the testing samples.

10 Creating this new ensemble would involve retuning ensemble
weights; this would require additional SHIPS-consensus data, i.e.,
a tuning set in addition to the testing set used in this section. Thus,
we have left a potential new ensemble for future work.
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positive, the best true negative, the worst false positive, and
the worst false negative.

5. Results of XAI

We apply the DeepSHAP XAI method (section 3d) to ev-
ery TC object in the postevent testing data, then eigenanalyze
the outputs via MCA (section 3e), interpreting the leading
modes of covariability between Tb and Shapley value as the
leading strategies used by an NN to predict RI. Because we
are interested in the satellite imagery and not the SHIPS sca-
lars, we use the NN without SHIPS. Also, because DeepSHAP
is designed for a single NN and not a multimodel ensemble,
we use the model from the validation phase rather than the
testing phase. This decision should have no impact on XAI re-
sults; the main difference between the two models is their UQ
method, but DeepSHAP considers a model’s mean prediction,
not the full ensemble (section 3d). DeepSHAP requires a set
of baseline data samples, for which we use 50 randomly chosen
TC objects from the training data, each from a different TC.11

Supplemental Fig. S25 shows eigenvalues for the top 10
modes of covariability from the MCA. All 10 eigenvalues
have nonoverlapping error bars, suggesting that at least 10
modes are significant. However, the top 5 modes collectively

explain over 99% of the covariance between Tb and Shapley
value, so we focus on the top 5 modes. Homogeneous-
regression maps12 for these modes are shown in Fig. 15.

Mode 1 (Fig. 15a) explains 93.2% of the covariance and
therefore represents by far the leading strategy used by the
NN to predict RI. The TC center is surrounded by positive
Shapley values (solid contours; evidence for RI) associated
with colder cloud tops (i.e., deeper convection), and both
fields are nearly axisymmetric. Also, large Shapley values in
mode 1 are concentrated within ;28 of the TC center. Thus,
taken alone, our results for mode 1 justify current operational
strategies that use pixel counts (i.e., number of pixels with Tb

colder than a threshold value) within 200–300 km of the TC
center for RI prediction.

Meanwhile, mode 2 (Fig. 15b) features a dipole, with con-
vection biased toward the right-front quadrant of the TC and
warmer cloud tops in the left-rear quadrant. Mode 3 (Fig. 15c)
is essentially mode 2 but rotated 908 counterclockwise, with
convection biased toward the left-front quadrant. K15 found a
similar pattern in univariate PCA of IR imagery (their Fig. 2)
and concluded that this pattern, with convection concentrated

FIG. 14. Correlation matrix for RI probabilities on real-time testing data. The (i, j) entry is the
Pearson correlation between forecast probabilities from the ith and jth models, based on
matched TC objects for the two models.

11 Using more TC objects in the baseline leads to out-of-
memory errors.

12 Homogeneous-regression maps are explained in supplemen-
tal section 4. For readers more familiar with PCA, the equivalent
is a regression map (the word “homogeneous” is not needed
when there is only one field), such as those in Fig. 4 of Knaff
et al. (2015).

WEATHER AND FORECAS T ING VOLUME 401220

Brought to you by NOAA Library | Unauthenticated | Downloaded 09/14/26 01:31 PM UTC



in the left-front quadrant, is favorable for RI. Collectively, Tb

dipoles in modes 2 and 3 suggest that the NN can leverage
nonaxisymmetric patterns of convection. From the literature
(section 1), we know that these nonaxisymmetric patterns typi-
cally occur earlier}before and at the onset of RI}evolving to

become axisymmetric during RI. Thus, modes 2 and 3 could
represent strategies used by the NN earlier during RI, allowing
for a longer lead time. K15 supports this view, stating that en-
hanced convection in the left-front quadrant often precedes axi-
symmetrization of the overall convective pattern. However, in

FIG. 15. Homogeneous regression maps for top five modes of MCA. All inputs to the MCA (TC objects) are cen-
tered at dummy coordinates (08, 08) with TC motion pointing to the right; thus, (08, 08) is the composite TC center,
while the green arrow is the direction of composite TC motion. The red–blue color fill shows double-normalized Tb

(see supplemental section 4 for the meaning of “double-normalized”), and the grayscale line contours show Shapley
values, one for every Tb pixel. The color scale represents the magnitude of a Shapley value, while the line style
(dashed or solid) represents the sign of a Shapley value. Dashed contours represent negative Shapley values}
i.e., negative contributions to RI probability, or evidence against RI. Solid contours represent positive Shapley
values}i.e., positive contributions to RI probability, or evidence for RI.
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both modes 2 and 3, Shapley values show that the NN attributes
positive RI evidence to the cold cloud tops and negative evi-
dence to the warm cloud tops. In other words, only the cold
side of the dipole is seen as conducive to RI. Thus, modes 1–3
collectively suggest that the NN prefers cold cloud tops every-
where near the TC center and does not prefer warm cloud tops
anywhere. In other words, the NN’s top three strategies for RI
prediction leverage mostly axisymmetric patterns (although
modes 2 and 3 suggest a slight preference for cold cloud
tops ahead of the TC). The axisymmetric areal coverage of
cold cloud tops around the TC center is already described in
several satellite-based SHIPS predictors; this is likely a key
reason that NNs without full satellite images perform nearly
as well as those with the images (section 4).

Last, modes 4 and 5 are similar to mode 1, but with cold
cloud tops confined to a much smaller ring around the TC cen-
ter. In both modes 4 and 5, positive Shapley values collocated
with cold cloud tops indicate higher RI probabilities. We hy-
pothesize that mode 4, which is nearly symmetric, is related to
the diurnal oscillations often seen in TCs (Gray and Jacobson
1977; Kossin 2002; Dunion et al. 2014). Knaff et al. (2019)
found a similar mode with univariate PCA that oscillates diur-
nally, with a maximum of cold cloud tops occurring in the early
morning. These oscillations occur in {45%, 54%, and 61%} of
TCs with at least {tropical storm, hurricane, and major
hurricane} strength. Ditchek et al. (2019) came to similar conclu-
sions, using different methods. Also, we hypothesize that
mode 5 is related to variations in the size of the convective
core; both overall TC size and inner-core size contribute
weakly to predicting RI (Knaff et al. 2018, 2020). However, our
exploration of these two hypotheses yields very weak correla-
tions (supplemental section 6). Thus, while diurnal pulsing and
TC size may contribute weakly to improving RI forecasts, our
analysis suggests that these phenomena are not correct inter-
pretations of modes 4 and 5, respectively.

6. Summary and future work

RI is a difficult forecasting problem of great societal impor-
tance. Recent improvements in RI forecasting have been
largely fueled by statistical models, including machine learn-
ing (ML) and, more recently, deep learning such as convolu-
tional neural networks (CNNs). However, two questions have
still not been answered. First, what is the influence of different
predictor sources (e.g., full satellite images versus scalars in
the SHIPS developmental data, which include summaries of
the images) on RI skill? Does the use of full images or videos
significantly improve RI skill? Second, what can NNs learn
from full satellite images?

To answer the first question, we perform an ablation experi-
ment, training NNs with different combinations of full satellite
images and scalar summaries of the images, TC history, and
near-TC environment. We found that the SHIPS data are col-
lectively much more important than the TC IR image data and
that all three types of SHIPS data}satellite-based, environ-
mental, and storm-based}are important. We also found that,
while the inclusion of full satellite images marginally improves
NN performance, this performance gain is achieved by a single

image (one time step), with no additional performance gain
achieved by a video. Thus, NNs can successfully leverage
some spatial information in the satellite images that is not
subsumed by the SHIPS predictors, but they cannot do the
same for spatiotemporal information. However, these con-
clusions are tempered by the facts that 1) SHIPS predictors
and IR imagery contain redundant information; 2) we have
not exhausted all possible NN or deep learning approaches;
and 3) higher-resolution IR imagery or microwave imagery
(although the latter is available at much lower temporal fre-
quency) could provide more skill. Also, the problem investi-
gated here is 24-h RI; for shorter time windows such as 12-h
RI, the initial TC-state information contained in IR imagery
might be more important. We selected three best NN mod-
els: the best overall (called the “NN with everything” be-
cause it uses data from all sources), without TC IR data, and
without SHIPS data. We selected three operational models
as baselines: SHIPS-RII, SHIPS consensus, and DTOPS.
The two NNs including SHIPS data produce better binary
(yes/no) forecasts, but worse probabilistic forecasts, than
the baselines; the NN without SHIPS is worse than the
baselines in both categories. However, the NNs provide
well-calibrated uncertainty estimates, while the baselines
provide no uncertainty. Also, the NN without SHIPS performs
surprisingly well, and its forecasts are fairly independent of pre-
existing RI models, suggesting that it could be a valuable addi-
tion to an operational ensemble (e.g., Sampson et al. 2023).
Nonetheless, the main conclusion from the ablation experiment
is that full satellite images add little skill to RI prediction be-
yond the SHIPS scalars.

To answer the second question, we used the DeepSHAP
XAI method. For every TC object, DeepSHAP produces an
attribution map, quantifying the RI evidence at each satellite-
image pixel. Because individual attribution maps are noisy,
we used maximum covariance analysis (MCA) to find the
leading modes of covariability}between satellite brightness
temperature and RI evidence. The leading modes suggest that
the NN’s main strategy for RI prediction is to look for an axi-
symmetric ring of cold cloud tops (deep convection) around
the TC center. Although we know from the literature that
nonaxisymmetric patterns are also prevalent}occurring just
before or at the onset of RI}we did not find evidence that
the NN leverages nonaxisymmetric patterns. This could indi-
cate that nonaxisymmetric patterns are overall not good pre-
dictors of RI or that the NN simply fails to use them.
Nonetheless, the NN’s main strategy}looking for cold cloud
tops in an axisymmetric ring}is also the main strategy used
to derive most of the satellite-based SHIPS predictors, which
helps explain why adding the full TC IR image data to SHIPS
data yields such a small performance gain.

In future work, we will incorporate the NN without SHIPS
into an ensemble with other RI models and find the best
ways to estimate uncertainty from such an ad hoc ensem-
ble, i.e., to ensure a good spread–skill relationship. Also,
we will explore improved ways to leverage spatiotemporal
information in satellite videos; leveraging spatiotemporal
information remains a vexing problem in ML applications
to environmental science (Singh Bansal et al. 2022).
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