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Class Activation Mapping for Nowcasting

Through the discrete wavelet transform coefficients, we encode -y | .
Original GOES-IR Imagery MRA with Wavelet Coefficients

directional changes of the convective structure at both fine

j=2 Resolution

Abstract and coarse resolutions corresponding to scales j = 1,2,3. coEs It Image — Resoution
Accurate tropical cyclone (TC) short-term intensity Wavelet coefficients hkave a small amplitude if the signal is regular

forecasting with a 24-hour lead time is essential for disaster over the support of y/; .. Since we are interested in regions with

mitigation in the Atlantic TC basin. Since most TCs evolve far the largest gradients in convective structure, we can threshold

from land-based observing networks, satellite imagery is the wavelet coefficients to retain the top 10% highest magnitude

critical to monitoring these storms; however, these complex coefficients.

and high-resolution spatial structures can be challenging to We achieve a total compression of the original image by a

gualitatively mtemrgt In real time by forecaslter.s. Here we factor of 1/20.
propose a concise, interpretable, and descriptive approach to
quantify fine TC structures with a multi-resolution analysis Image Inputs at t=0
. . ' I . . j=2 Resolution
(MRA) by the discrete wavelet tranSform’ enab“ng data Original GOES-IR Imagery MRA with Wavelet Coefficients Figure 4 Example of class activation maps (CAMSs) for the inputs at t = O seen in
analysts to identify physically meaningful structural features Figure 2. Left: The CNN trained on the original GOES-IR imagery had a hard time

GOES-IR Image j=3 Resolution discerning structural aspects of the storm, instead applying weight at the input’s

P . edges. Right: For the wavelet approach, the CNN was able to identify unique and
specific structural aspects of the storm correlated with intensification, such as the
storm’s curvature and cloud coverage. Specific convective features were identified
at all resolutions.

that strongly correlate with rapid intensity change.
Furthermore, deep-learning techniques can build on this
MRA for short-term intensity guidance.
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Figure 2: Example images at time t = O (i.e. the last frame in a sequence Sgo that is

inputted to the respective CNNs to nowcast TC intensities for Hurricane Eta (2020)
which underwent Rl att = 0. Left: The high-resolution GOES-IR imagery. Right: The

— thresholded wavelet coefficients used as model inputs. In this case, ] = 3 represents .
Warm rising air Cold failing air the coarsest scale and j = 1 represents the finest scale used. Structural Forecasti ng

Eye wall

Challenge #2:
Transitioning from nowcasting to forecasting at a 24-
hour lead time with scientific interpretabillity.

Storm rotation .
COUNTERCLOCKWISE Rain bands

Nowcasting Rapid Intensification

Solution:

Figure 1: Diagram of Tropical Cyclone, courtesy of the Interdisciplinary Teaching PrO_pagé}te wavelet coefficients for St.rUCtU ral

about Earth for a Sustainable Future Center. forecasting via transformers then predict intensities at
Years Non-RI RI Total 24-h lead time with CNNs.

Since 1980, TCs have cost over $1.5 trillion in damages in the
United States.

Rapid intensification (RI) events post a threat to life and property, . 2000 - | | |
and are difficult to predict. Rl = >30 knot intensity increase in 24 Training 5015 1361 49 1440 Accurate structural forecasts are imperative to improve 24-hour
hours. intensity forecasts, and to allow human forecasters to relate

intensity predictions to physical processes. The sparse nature of
Accurate prediction of TC intensities is a critical component of _ 2016 - w_avelet coef_ﬁments allows for more efficient NN architectures
disaster preparation and response. However, short-term intensity Testing 2022 741 26 767 with generative models.

guidance (24h window) is highly unreliable. Rl events are both
hard to predict and destructive.

We propose building an encoder-decoder architecture based on

Table 1: The number of unique 24-hour sequences of GOES-IR images in both the transformer blocks with multi-head attention for autoregressive
TC intensity is tied to its convective structure. Intense TCs are training and testing data sets. In order to extrapolate to future storms, we trained on forecasting of wavelet coefficients at future time steps. By
: . , ' storms from 2000-2015, and tested on storms in the following years. These numbers discretizina wavelet coefficients into a discrete vocabularv based
characterized by deep convection in the eye wall and a warm- show that roughly 3.4% of GOES-IR sequences are structurally primed for rapid distrib J | tional embeddi K ed
core structure. Infrared (IR) imagery serves as a proxy for the intensification. on distribution, we can apply positional embeddings to tokenize
convective structure of TCs inputs to effectively learn complex temporal dependencies.
We train a convolutional neural network (CNN) to classify 24- Our proposed framework combines the power of deep learning
hour sequences Sg of wavelet images as structurally primed for networks to propagate sequences of images and nowcast TC
Goal: an Rl event (Y = 1) or a non-Rl event (Y = (). For comparison, intensities with the invaluable expertise of human forecasters.

we train a similar classifier with the full GOES-IR image. We

Use TC convective structure to predict Rl events. _
assign each sequence a score

Recent Past and Present Times Forecasts
MRA Structural Summary MRA Structural Forecast
pt — [lj)(Yt — 1 |SSt) —_— [P)(Yt o 1) -24 hrs, ..., 0 hrs +1 hr, ..., +24 hrs
Challenge #1: If p, > 0, we label the sequence S, as structurally primed for orginaimagery | || M eeene | e
Finding a concise, interpretable, and descriptive Rl () P o |||
approach to capture TC structures at different scales.
Res u I ts : Coefficients Coefficients
MRA approach has a TPR of 80.77%, a 3.85%

BRE e T = e ta T improvement over using the GOES-IR images.

Figure 5: Our proposed framework for propagation of wavelet coefficients to forecast Rl
events. Representing GOES-IR images in the wavelet space allows for efficient
generation of future time stamps using an encoder-decoder propagation model. The
generated structural forecasts in the wavelet space then serve as the input to our pre-
trained CNN nowcasting model. This method yields the probability of an Rl vs. non-RI
Without SHIPS Adding SHIPS event att + 24 hours.
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