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Abstract Although artificial intelligence (AI) models are increasingly applied to tropical cyclone (TC)
intensity prediction, they predominantly rely on instantaneous meteorological variables (e.g., satellite infrared
images) while often overlooking more informative temporal evolution signals, such as convective diurnal
variation. The diurnal pulse (DP), a daily-scale expansion of TC upper-level cold clouds, effectively captures
the spatiotemporal evolution of TC convection and is tightly linked to TC intensity changes, particularly rapid
intensification (RI). By incorporating the DP as a temporal evolution signal, AI models achieved significantly
improved prediction skill for TC intensification rates and RI probabilities, outperforming those using only
conventional instantaneous convective indicators. Permutation tests further confirm that the DP predictors
contribute more pronouncedly to forecast skill than instantaneous convective proxies. These findings highlight
the untapped potential of incorporating physics-informed, continuous temporal evolution variables into Al
models to improve TC intensity forecasting, especially for challenging RI events.

Plain Language Summary Predicting the intensity change of tropical cyclones is challenging, as
they can undergo sudden intensification or weakening within a short time. Artificial intelligence (Al) has
recently emerged as a promising tool for improving tropical cyclone (TC) intensity forecasting. However, most
existing Al-based models often use “snapshots” of the atmosphere, such as satellite images at single or several
moments, to predict TC intensity. Such snapshots often fail to capture the continuous temporal evolution of TCs.
By contrast, the diurnal pulsing process describes a sustained outward expansion of upper-level cold clouds and
often occurs before TC rapid intensification. This study demonstrates that incorporating diurnal pulse features
enables Al-based models to generate more accurate and reliable TC intensity forecasts, especially for rapid
intensification events. These findings highlight the importance of incorporating dynamic, physics-informed
signals into Al-based models to improve the TC intensity forecasting.

1. Introduction

Timely and accurate forecasting of tropical cyclone (TC) intensity changes remains a major challenge, partic-
ularly for rapid intensification (RI) events (Cangialosi et al., 2020; DeMaria et al., 2014; Leroux et al., 2018),
owing to the complex multi-scale interactions between external environmental forcing and internal TC dynamics
(Rogers, 2021). While favorable environmental conditions (e.g., high ocean heat content) provide the necessary
thermodynamic demands for TC intensification (Hendricks et al., 2010; Kaplan & DeMaria, 2003), internal
convective processes play a crucial role in RI by modulating latent-heating release and angular momentum
(Fischer et al., 2020; Nguyen et al., 2017; Rogers et al., 2015, 2016). Numerous studies have identified various
convective indicators for RI prediction, including deep convective bursts (Guimond et al., 2010; Vigh &
Schubert, 2009), convection distribution patterns (Alvey lii et al., 2015; Stevenson et al., 2018; Susca-Lopata
et al., 2015; Xu et al., 2017), and cloud and precipitation symmetry coverage (Kieper & Jiang, 2012; Ruan &
Wu, 2018; Tao & Jiang, 2015). However, these indicators primarily capture instantaneous states of convective
structures rather than the temporally evolving convective processes underlying TC intensity changes, which are
unable to express the cumulative effect of these processes. Notably, intense convective signals may occur at both
the onset and near the end of TC intensification, reducing their specificity as a reliable predictor of RI (Shi
et al., 2023; Tao & Jiang, 2015). In contrast, recent studies suggest that diurnal variations in TC convection,
largely driven by radiative effects, offer more valuable temporal evolution signals for RI prediction (Sun
et al., 2021; Wu et al., 2020, 2025; Zhang & Xu, 2021, 2023, 2024).
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The diurnal pulse (hereafter DP) of TC upper-level cold clouds stands out as the most prominent manifestation of
TC diurnal convective variability, characterized by a radially outward propagation of cloud-top cooling signatures
throughout the day (Ditchek et al., 2019; Dunion et al., 2014; Zhang et al., 2023; Zhang & Xu, 2021). Notably,
Zhang and Xu (2021) reported that TCs approaching or undergoing RI often possess significantly stronger and
longer-lived DP events than those in non-RI TCs. Specifically, 70%—80% of RI TCs experience long-duration
(>15 hr) DP events before the RI onset, suggesting DP may serve as a potential RI precursor. These DP sig-
nals are likely driven by convective gravity waves excited by the nighttime convective invigoration (Dunion
et al., 2014; Navarro & Hakim, 2016; O’Neill et al., 2017). While most TCs experience nocturnal convective
enhancement, a long-lived DP typically develops only when the released heating effectively excites gravity waves
that remain strongly coupled to the convection within TCs. Such long-lived DPs, particularly those that persist
beyond a certain temporal threshold (e.g., >15 hr), may subsequently enhance the secondary circulation and
vertical coupling within the vortex, fostering convective deepening and vortex symmetrization while reducing
vortex tilt (Alvey lii & Hazelton, 2022; Zhang & Xu, 2024). This accumulated positive feedback facilitates
further intensification of TCs. These findings collectively indicate that TC intensity changes are significantly
influenced by processes such as the DP, rather than merely depending on the instantaneous intensity or distri-
bution of TC convection. Despite these robust correlations between DPs and TC intensification, it remains un-
certain whether and how to effectively incorporate DP information to improve TC intensity forecasting.

Statistical-dynamical models have been widely adopted in operational TC intensity forecasting due to their
computational efficiency and reasonable performance. The Statistical Hurricane Intensity Prediction Scheme
(SHIPS) represents one of the most established examples, utilizing a rather comprehensive set of environmental,
structural, and climatological predictors to provide deterministic intensity forecasts and RI probability predictions
(DeMaria et al., 2005; DeMaria & Kaplan, 1994; Kaplan et al., 2015). The SHIPS framework incorporates
numerous convective indicators associated with TC intensity change, including principal component and standard
deviation of infrared brightness temperature fields, azimuthally average brightness temperatures, precipitable
water, and so on (Kaplan et al., 2015). However, the majority of these predictors used in SHIPS primarily
represent an instantaneous state of oceanic or atmospheric conditions that fail to capture the temporally evolving
processes like DP.

In recent years, artificial intelligence (AI) techniques have gained prominence in TC intensity forecasting because
of their ability to process heterogeneous data and capture inherently complex nonlinear relationships (Li
et al., 2024; Lian et al., 2025; Meng et al., 2023; Wang et al., 2024; Xu et al., 2021). While advancements in
computational efficiency and algorithms have dramatically enhanced Al-model performance, the careful selec-
tion and integration of physically meaningful prior knowledge remain critical. For example, recent studies have
successfully introduced TC internal structural features tightly related to intensity changes into AI models, such as
storm asymmetry (Hu et al., 2020; Tian et al., 2025), deep convective cloud coverage (Wu et al., 2025), surplus
precipitation relative to neutral TCs (Su et al., 2020), and the TC fullness (Zhuo & Tan, 2021). Notably, Wu
et al. (2025) demonstrated that including hourly deep convective cloud coverage in Al models improves TC RI
forecasts, highlighting the importance of resolving diurnal-scale structural evolution. Despite these advances,
current Al models typically rely on inputs that reflect the static states (instantaneous intensity and structure),
underutilizing dynamic evolution signals such as DPs. As one of the most prominent diurnal features and a proven
precursor to subsequent TC intensification (Zhang & Xu, 2021), the DP remains an untapped opportunity to
further enhance the predictive accuracy of Al-based models.

This study investigates whether incorporating the DP signature into an Al model can improve TC intensity change
forecasts. Among various Al-based models, long short-term memory (LSTM) networks are particularly effective
for capturing sequential dependencies and have demonstrated success in TC-related applications (Chen
et al., 2023; Yang et al., 2020; Zhou et al., 2024). Therefore, this study proposes a light Al-based model using an
LSTM network combined with an attention mechanism, and adds the physics-based DP into the input repre-
sentation. The model performance is then evaluated using various metrics, and the specific contribution of DP
features is quantitatively assessed.
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2. Data and Method
2.1. Data

TC best track data were extracted from the National Hurricane Center and the U.S. Navy's Joint Typhoon Warning
Center in the version-4 International Best Track Archive for Climate Stewardship IBTrACs, Knapp et al., 2010,
2018). Cloud-top infrared brightness temperatures (IR BTs) were retrieved from the Gridded Satellite B1
(GridSat) data set of the National Oceanic and Atmospheric Administration (NOAA) Climate Data Record
program (Knapp et al., 2011). This study uses the IR BT data in the 11-pm channel with a spatial resolution of
0.07° and a temporal resolution of 3 hr. The environmental variables are derived from the fifth generation of
European Center for Medium-Range Weather Forecasts reanalysis data (ERAS; Hersbach et al., 2020), which
provides hourly estimates of meteorological variables at a spatial resolution of 0.25°.

2.2. Design of the Model Input

This study compiles a global data set from 2001 to 2018 that includes TC best track, environmental conditions,
instantaneous convective proxies, and DP features. Note that this data set includes all TCs whose complete life
cycles occurred within 2001-2018, thereby excluding storms that spanned across the calendar years (e.g., forming
in late 2018 and dissipating in early 2019). A set of predictors from multi-source data sets was calculated as model
input for forecasting TC intensity change. TC state records are obtained from the best track data set and include
the current intensity (1-min average maximum sustained wind), the previous 12-hr intensity change, center po-
sition (latitude and longitude), and its distance to land. While latitude and longitude are not physical drivers of TC
intensity change, they are included to help the model distinguish between different background regimes across
ocean basins. Meanwhile, environmental predictors are derived from the ERAS reanalysis and include sea surface
temperatures (SST), 200-850 hPa vertical wind shear, 200-hPa divergence, and 850-hPa vorticity. Convective
structural features are derived from Gridsat-B1, including the inner-core (0—100 km) mean IR BTs and the
fractional coverage of deep convective clouds, defined as the area with IR BT below 208 K within 200 km of the
storm center. These features reflect the intensity and distribution of TC convection (Wu et al., 2025; Zhang &
Xu, 2021). To capture the diurnal variation of TC convection, two DP features are incorporated into the model:
DP duration and DP amplitude. The DP duration quantifies the total accumulated time of cold cloud propagation
observed within the previous 24 hr up to the analysis time, while the DP amplitude quantifies the magnitude of
cloud-top cooling associated with the DP. Both features reflect the strength of the DP and are extracted using the
objective identification method proposed by Zhang et al. (2023). Although previous studies typically define a DP
event as one lasting longer than 6-9 hr (Ditchek et al., 2019; Zhang et al., 2023), this study incorporates both
duration and amplitude without imposing a strict threshold for what constitutes a DP event. As a result, all TCs are
represented consistently, regardless of whether they exhibit distinct DP events. The detailed methodology for
identifying these DP characteristics is described in (Figure S1 of Supporting Information S1).

The predictors used in this study can be grouped into four categories: TC states (intensity, previous 12-hr intensity
change, latitude, longitude, and distance to land), environmental factors (SST, vertical wind shear, 200-hPa
divergence, and 850-hPa vorticity), instantaneous convective proxies (inner-core IR BT, deep cloud coverage),
and DP features (DP duration, DP amplitude) (Figure 1). DP features capture the daily evolution of convection,
whereas convective proxies describe its instantaneous state. All predictors are computed every 3 hr. To enable the
model to resolve diurnal variation processes, each training sample is a daily-length sequence of eight consecutive
3-hourly records (x,9,X;0_3, ***X;9—21), as used to predict the TC intensity change in the next 6, 12, 18, and 24 hr
(Y46 Y0412 Yio+ 185 Yio+04)- Only TCs that remained over water (minimum distance to land >0) and were
classified as tropical or subtropical storms throughout the forecast interval are included in our data set. The sample
sizes are listed in Table 1, and detailed definitions of all predictors are provided in Table S1 of Supporting
Information S1.

2.3. Deep Learning Model Architecture

A lightweight, multi-task deep learning model that couples LSTM layers with an attention mechanism was
developed to ingest multivariate time-series data (Figure 1). The LSTM network is specifically designed to
capture time dependencies in sequential data (Hochreiter & Schmidhuber, 1997). It introduces memory cells and
gating mechanisms to selectively retain or discard information over time, making it effective for learning patterns
in time series data. In addition, attention mechanisms allow the model to dynamically focus on specific parts of
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Figure 1. Schematic diagram of the model architecture. The input predictors of TC-Basic, TC-Clouds, and TC-Clouds-DP
experiments are marked in the dashed box.
the input sequence (Vaswani et al., 2017), enabling the model to access relevant information from any time step
directly. Integrating attention mechanisms with LSTM networks aims to enhance the model's ability to process
complex sequential data.
In this framework, daily-length sequences of predictors calculated from multi-modal data (Section 2.2) are
encoded by the LSTM layer and then refined by the attention layer to emphasize prominent temporal patterns.
Finally, the output of the attention layer is fed into two parallel, fully-connected output branches:
1. Regression branch predicts TC intensity changes at lead times of 6, 12, 18, and 24 hr.
2. Classification branch estimates the probabilities of RI events, defined by intensification exceeding thresholds
of 25, 30, 35, and 40 kt in the future 24 hr.
This multi-task learning framework enables the model to concurrently capture both fine-grained intensity change
distributions and RI probabilities, thereby improving generalization performance for both prediction tasks.
ZHANG ET AL. 4of 12
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Table 1 Comparative analyses of multi-task, regression, and classification approaches
Mean Absolute Error (MAE; kt) of Intensity Change Forecasts Across all (Figure S2 and Table S3 in Supporting Information S1) demonstrate that

Basins for the TC-Basic, TC-Clouds, and TC-Clouds-DP Experiments, Based ~ multi-task learning effectively mitigates the smoothing effect of regression

on Cross Tests From 2001 to 2018

loss on infrequent RI events, while simultaneously enhancing the reliability of

Basin Sample size Model interval

NWP 10,422
NEP 8,231
NA 6,115
SH 9,205

6h
12h
18 h
24 h
6 h
12h
18 h
24 h
6 h
12h
18 h
24 h
6h
12h
18 h
24 h

TC- TC- TC- RI probability classification. A weighted loss function is employed to miti-
basic clouds clouds-DP gate the class imbalance between RI and non-RI cases and reconcile
375 371 3.60%+ regression and classification losses. Complete specifications of the optimi-
6.61 6.53* 6.30%" zation algorithm, loss function formulation, and hyperparameter configura-
0.04 8,90+ 8.60%+ tions are provided in Supporting Information S1.
+ st

11.20 11.06 10.61 2.4. Experimental Setup and Evaluation Metrics
2.84 2.81 2.75
496 493 476+ To quantify the added skill of TC intensity forecast contributed by DP fea-
6.66 6.60" 6.35%% tures, three sets of experiments are conducted to compare the model's per-
8.08 . 7.66*+ formance with different input predictors: TC-Basic, TC-Clouds, and TC-

’ 797 : Clouds-DP. As shown in Figure 1, the TC-Basic model only inputs 3-

+ +

321 3.16 3.04 hourly series of TC state records and environmental factors. The TC-
5.83 5.73% 5.39%* Clouds model extends the TC-Basic model by adding convective structure
8.07 7.96% 7.36%* metrics (inner-core IR BT and deep cloud coverage). The TC-Clouds-DP
10.01 9.86™ 9.15%* further supplements TC-Clouds with the DP duration and amplitude fea-
3.46 344 3.33%+ tures. Following previous studies (Eusebi et al., 2025; Vabalas et al., 2019),
6.15 6.12 5.88%+ model performance is evaluated using a nested leave-1-yr-out validation and
8.48 8.40* 8.07++ testing framework applied to the period from 2001 to 2018. This approach
10'51 10'35 . 10.06* . ensures comprehensive evaluation across the full data set. The detailed pro-

cedure of this cross-validation and test process is provided in Supporting

Note. The lowest MAE is highlighted in bold. “*” indicates that the MAE is Information S1.
significantly lower than that of the TC-Clouds at the 95% confidence level
based on a Student-t test, while “** denotes a significant improvement over ~ Since TC activity and RI climatology vary greatly across ocean basins, the

the TC-Basic.

evaluation is performed separately for the four major TC basins: Northwest

Pacific (NWP), Northeast Pacific (NEP), North Atlantic (NA), and South
Hemisphere (SH). The corresponding sample size for each basin is shown in Table 1. The mean absolute error
(MAE) is calculated to quantify the forecast error for the TC intensity change rate. For probabilistic RI forecast,
the forecasting skill is evaluated using Brier skill score (BSS) and F1 score. In addition, to explore how much the
introduced DPs contribute to the model performance, the permutation test is performed to quantify the importance
of each input predictor. The detailed description of these evaluation metrics is provided in Supporting Infor-
mation S1. To evaluate model performances against an existing benchmark, the model predictions are matched
and compared to the real-time operational forecast from SHIPS, and the results are provided in Table S4 and
Figure S4 of Supporting Information S1.

3. Results

3.1. Evaluation of Model Performance

Table 1 shows the MAE of 6,12, 18, and 24-hr intensity forecasts for TCs based on the leave-1-yr-out test across
the data set from 2001 to 2018 from the TC-Basic, TC-Clouds, and TC-Clouds-DP experiments. Among the four
basins, the forecast error in the NWP is the largest, possibly due to the highest frequency of RI events among TCs
in this basin. The TC-Basic model, which uses only TC states and environmental factors, has the largest MAE
across all basins and lead times. Adding convective-structure predictors (TC-Clouds) reduces the MAE by about
1%-3% at all lead times relative to TC-Basic. Further inclusion of the DP features leads to the best performance
overall. The TC-Clouds-DP model achieves the lowest MAE across all lead times in nearly every basin,
demonstrating a significant improvement of 4%—7% relative to TC-Basic and 2%—5% relative to TC-Clouds. The
performance gain is especially notable at longer lead times (18-24 hr), indicating the added value of DP infor-
mation in capturing the long-term intensity evolution of TCs.

Figures 2a—2c compare the 24-hr intensity-change forecasts of the three experiments with observations. In
general, the dominant bias of all three experiments is mainly attributed to the underestimation of both RI (e.
g., 225 kt/24 hr) and rapid weakening (RW) (e.g., <—25 kt/24 hr). Nevertheless, the TC-Clouds-DP forecast

ZHANG ET AL.

Sof 12

8518017 SUOWILIOD BATe81D 3 qeotdde aup Aq pausenob a1e 9o lfe YO ‘8sN JOSs|ni o A%eiq1T8ulIuO AB]1/M UO (SUORIPLOD-PUe-SWLBI W00 A8 1M AeIq Ul juo//SANY) SUORIPUOD pue Swie 1 8y} 88S *[9202/20/2T] uo ARiqIT8ulluO A8 * AISIBAIUN UoROULd - onyZ 1KBUIC A 96¥6TT 195202/620T OT/10p/W0d A8 | imAre.qjputuo'sgndnBe//sdny wouy papeojumod ‘v ‘920z ‘2008v6T



AP~y .
MAI Geophysical Research Letters 10.1029/2025GL 119496
(a) TC-Clouds-DP (b) TC-Clouds
604 R =0.73, 604 R =0.68, ,//
MAE = 9.29 MAE = 9.79 ,/
40 4 404
201 204

Obs (kt/24h)
=

Obs (kt/24h)
o

20 20 4
S Tripervmnel e = Ty
—40 1 3 o AR Sl ST & —401 '”..3_.. w07 MBS o &% 3 s
. 7o 0 e g, i
S Sol e S L o i
’/
-60 14 -60 4
,I
—60 —20 —20 0 20 40 60 —60 —40 —20 0 20 40 60
Predicted (kt/24h) Predicted (kt/24h)
(c) TC-Basic (d) Error distribution
@ o 0w See ” i
60 R=0.66, R oo el o 1 % = TC-Clouds-DP
MAE = 9.94 : S5, e = TC-Clouds
g TN s
i e = TC-Basic
20 i * %- s L 201
20 4 s - 104
—_ 3 85 boEGEE <
z L g I
N ’ g
g 1 e =
i‘, 0 3 g § 04 o B d
2 5
o® oee 2 - e
—20 1 : g—_.__ » e J-
L = e T —10
. s oesemss oS beto [
. a
. SLY
—401 i waanmmgrea Ny
4‘."-‘H'\ l.".o“o —204
—60 1
301
0.05 0.10 015 0.20 0.25 <-25 -25~-10 -10~10 10~25 » 25
Sample Density (%) Obs (kt/24h)

Figure 2. Scatter plot of predicted versus observed 24-hr TC intensity change based on a leave-1-yr-out test across 2001-2018 global TCs from the (a) TC-Clouds-DP,
(b) TC-Clouds, and (c) TC-Basic; (d) Boxplots of model error in 24-hr intensity change for three experiments. Whiskers, boxes, median lines, and dots in the boxplot
represent the upper and lower bounds (90%, 10%), interquartile range (75%, 25%), median (50%), and mean value of the TC intensity. The correlation coefficient (R) and
mean absolute error of each experiment are marked at the upper left in (a—c); Red boxes highlight the region where both observation and predicted intensity change

within £25 kt/24 hr.

samples show markedly better alignment with the 1:1 line, especially in the RI and RW distribution tails. The
boxplots stratified by observed 24-hr intensity-change bins further illustrate the systematic improvement achieved
by TC-Clouds-DP (Figure 2d). Across all bins from rapid weakening (<—25 kt/24hr) to rapid intensification
(>25 kt/24 hr), TC-Clouds-DP yields smaller median errors and narrower interquartile ranges relative to the other
two models, especially for intensifying storms (>10 kt and >25 kt). As a result, the TC-Clouds-DP attains the
highest forecast-observation correlation (r = 0.73; Figure 2a), followed by the TC-Clouds (r = 0.69; Figure 2b)
and TC-Basic (r = 0.68; Figure 2c). These results suggest that introducing DP features into the model could
improve the ability to capture rapid TC intensity changes (both RI and RW), leading to more accurate intensity
forecasts.

Given its superior capability to capture rapid TC intensity changes, TC-Clouds-DP exhibits the highest skill in RI
probability forecasting. Figure 3 shows the tested BSS and F1 score across different RI thresholds for the three
experiments in NWP (Figures 3a and 3b), NEP (Figures 3c and 3d), NA (Figures 3e and 3f), and SH (Figures 3g
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Figure 3. Brier skill score and F1 score of RI probability forecasts from the TC-Clouds-DP (red bars), TC-Clouds (blue bars),
and TC-Basic (white bars) experiments in (a, b) NWP, (c, d) NEP, (e, f) NA, and (g-h) SH. Uncertainty bars indicate 95%
confidence intervals from the 18-yr cross-validation results.
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and 3h) basins. Across all RI thresholds and basins, TC-Clouds-DP consistently outperforms the other models,
achieving BSS values of 0.2-0.35 and F1 scores of 0.4-0.5, while TC-Basic generally performs worst. Although
predicting RI becomes more challenging at higher thresholds (35-40 kt/24 hr), where all models show relatively
low skill scores, TC-Clouds-DP still exhibits the most substantial improvement, with skill gains of 5%—20% over
TC-Clouds and 10%—30% over TC-Basic. The reliability diagram (Figure S3 in Supporting Information S1)
indicates that the TC-Clouds-DP model remains well-calibrated with the observed RI frequency, while TC-
Clouds shows a tendency toward increasing false alarms in the high-probability range.

3.2. Contributions of DP

Although TC-Clouds-DP demonstrates superior performance in both TC intensity change and RI prediction tasks,
the specific contribution of the DP requires further quantification. Figures 4a and 4b show the 10 most influential
predictors for these tasks based on the permutation test (Section 2.4). Current intensity (maximum sustained wind;
referred to as MSW in Figures 4a and 4b) and SST emerge as the top two predictors for both intensity change and
RI prediction. Predictors related to TC states, including the distance to the land, previous 12-hr intensity change
(12-hr AMSW in Figures 4a and 4b), and center locations (longitude and latitude), also contribute substantially to
the model performance. Note that the relatively high importance of latitude and longitude likely reflects their role
in identifying basin-dependent climatological TC activity and thermodynamic conditions. While this improves
model performance, geographic coordinates are not physical drivers of intensity change and should be interpreted
with caution. Among the remaining predictors, DP features (DP duration and DP amplitude) make the largest
additional contribution to the forecast accuracy, outperforming that of instantaneous convective structure in-
dicators (inner-core IR BT and deep cloud coverage), vertical wind shears, and other environmental conditions
(200-hPa divergence and 850-hPa vorticity). For RI prediction specifically, the DP duration ranks just after SST
and TC state variables, while the DP amplitude plays a relatively limited role.

Note that the TC-Clouds-DP outperforms TC-Clouds, even though the latter already incorporates instantaneous
convective structure features (inner-core IR BT and deep cloud coverage). This raises a critical question: what
unique predictive values do these DP features provide beyond the instantaneous convective features? To address
this, Figures 4c and 4d examine the relationship between two convective variables and two DP features with
subsequent 24-hr TC intensity changes. The result reveals that the inner-core IR BT and deep cloud coverage
correlate highly with both TC intensification and weakening (Figure 4c), as both RI and RW TCs similarly exhibit
low IR BT and large deep cloud coverage, which may explain the false alarm of higher RI probabilities as shown
in the reliability diagram (Figure S3 in Supporting Information S1). This means that these metrics primarily
reflect convective activity rather than predictive information about the direction of intensity change. In contrast,
the DP duration increases significantly with the intensification rate, peaking at the RI stage, while its amplitude
decreases (Figure 4d). RI TCs typically exhibit DP events with an average duration exceeding 15 hr and am-
plitudes below —1 K, whereas weakening TCs show significantly shorter and weaker DP signatures, with little
variation across weakening rates. This demonstrates a physical linkage between DP features and distinct TC
intensity changes (RI and RW), which in turn contributes to more reliable TC intensity prediction (Figures 4d and
4e). These findings support the argument by Zhang and Xu (2021) that strong DP signatures can serve as TC RI
precursors, whereas intense instantaneous convection is more indicative of mature TC states during the later RI
stage. Figures S5 and S6 in Supporting Information S1 present two cases demonstrating this evolutionary pattern,
showing pronounced DP signatures emerging prior to and during RI, followed by more organized deep con-
vection as the TC reaches its mature phase.

Since TCs tend to produce long-duration (>15 hr) DP events (Figure 4d) prior to the RI, and since DP duration is a
major contribution to RI classification (Figure 4b), the model performance is further tested exclusively on those
TC samples with DP duration >15 hr (Figures 4e and 4f). Most of these TCs exhibit an intensification and even RI
tendency within the subsequent 24-hr period (Figures 4e and 4f). For these TCs, the TC-Clouds shows substantial
bias and systematic underestimation of intensification rate, if lacking DP information (Figure 4e). In contrast, TC-
Clouds-DP reproduces the 24-hr intensity change that aligns more closely with observation, yielding both a
significantly lower MAE (11.64 vs. 12.68 kt) and a higher correlation coefficient (0.74 vs. 0.67) than TC-Clouds
(Figures 4e and 4f). The difference field between TC-Clouds and TC-Clouds-DP confirms that the incorporation
of DP features significantly alleviates the underestimation problem and increases the probability of detecting both
intensification and RI (Figure 4g). Finally, the TC-Clouds-DP achieves a more marked improvement in RI
probability prediction skill than TC-Clouds for these TCs with persistent DP events (Figure 4h).
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Figure 4. Ranking of the top 10 predictors by importance for (a) TC intensity change and (b) RI probability forecasting. (c, d)
Convective structure metrics and DP features as a function of subsequent 24-hr TC intensity change. Scatterplots of predicted
versus observed 24-hr intensity change for TC samples with long-duration (>15 hr) DP events from (e) TC-Clouds and
(f) TC-Clouds-DP. (g) Density difference between the scatterplots in (e, f). (h) Brier skill score for RI probability forecasts
from the TC-Clouds-DP and TC-Clouds experiments, for TC samples with long-duration (>15 hr) DP events.
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4. Conclusions and Discussions

This study evaluates the contribution of DP signatures to Al-based TC intensity forecasting. A lightweight time-
series model based on an LSTM network combined with an attention mechanism was used to predict both TC
intensification rate and RI probability. Three experiments (TC-Basic, TC-Clouds, and TC-Clouds-DP) were
designed by progressively incorporating predictors related to TC state, environmental conditions, convective
structures, and DP features. Model performance was examined using nested leave-1-yr-out validation and tested
across the data set from 2001 to 2018.

Among these three experiments, the TC-Clouds-DP, which incorporates DP duration and amplitude, achieves the
lowest MAE in TC intensity-change forecasts at all lead times and the highest skill scores for RI probability
predictions across different RI thresholds and basins. The inter-comparison of our model with the operational
SHIPS forecast (Table S4 and Figure S4 in Supporting Information S1) indicates that our model not only out-
performs SHIPS but also achieves skill comparable to or exceeding that of existing machine-learning approaches
based on SHIPS predictors or general storm features (Eusebi et al., 2025; Su et al., 2020; Wu et al., 2025; Yang
et al., 2020). Permutation importance tests show that, after SST and key TC state variables (current intensity,
previous 12-hr intensity change, etc.), DP features are the most influential predictors for both TC intensity change
and RI probability forecasts, outweighing the predictive value of instantaneous convective structural features
(e.g., inner-core IR BT and deep cloud coverage). A possible explanation is that cold inner-core IR BTs and
extensive deep cloud coverage are largely dependent on the instantaneous TC state (e.g., intensity), resulting in
similar convective signatures prior to both Rl and RW. In contrast, vigorous DP features (duration and amplitude)
capture the spatiotemporal diurnal evolution of TC convection, which are strongly coupled with the TC inten-
sification rate but diminish when the TC is going to weaken. Therefore, in TCs experiencing persistent DP events,
incorporating DP features into the model significantly reduces the model bias and errors, leading to a marked
improvement in RI probability prediction skill.

This study demonstrates the untapped potential of temporal evolution signals such as the DP to advance Al-based
TC intensity forecasting. Unlike purely data-driven approaches that rely on instantaneous satellite images to infer
structural changes, DPs provide the physics-informed, temporally evolving information closely linked to RI.
Therefore, incorporating DP features into operational frameworks such as SHIPS may further improve real-time
TC intensity forecasting. Future studies should utilize expanded data sets and more sophisticated modeling
frameworks to fully resolve the spatiotemporal signatures of diurnal convection variability, thereby further
improving TC intensity prediction.
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