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Abstract22

Tropical cyclones (TCs) are among the most devastating natural hazards,23

yet their intensity remains notoriously difficult to predict. Numerical weather24

prediction (NWP) models are constrained by both computational demands25

and intrinsic predictability, while state-of-the-art deep learning-based weather26

forecasting models tend to underestimate TC intensity due to biases in reanalysis-27

based training data.Here, we present FuXi-TC, a diffusion-based generative28

forecasting framework that combines the track prediction strength of the FuXi29
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model with the intensity representation of NWP simulations. By condition-30

ing a diffusion model on the large-scale forecasts of the global FuXi model,31

FuXi-TC effectively downscales and delivers higher-accuracy forecasts of fine-32

grained variable fields such as wind speed and precipitation. In evaluations33

across the 2024 Western North Pacific, our approach matches the TC intensity34

forecast skill of the operational European Centre for Medium-Range Weather35

Forecasts (ECMWF) deterministic model while delivering superior precipitation36

forecasts. Meanwhile this is achieved with significantly higher inference speeds37

and lower computational costs. Moreover, FuXi-TC demonstrates robust zero-38

shot generalization directly when applied to North Atlantic hurricanes without39

any fine-tuning or re-training. When applied to the FuXi ensemble model, this40

framework effectively yields well-dispersed probabilistic forecasts and refines the41

ensemble intensity predictions. More broadly, these results highlight the poten-42

tial of leveraging physics-based simulations to construct new training datasets43

that further advancing deep learning–based weather forecasting.44

Keywords: Tropical Cyclone Intensity, FuXi, Diffusion model, WRF45

1 Introduction46

Tropical cyclones (TCs) frequently inflict catastrophic damage on coastal and inland47

regions through severe winds, heavy rainfall, storm surges, and widespread flooding.48

They pose serious threats to infrastructure, economic activities, and human safety49

across affected areas [1–5]. Under global warming, although the global annual fre-50

quency of TCs has remained relatively stable, the occurrence and spatial extent of51

extreme-intensity events have increased [6]. Continued ocean warming is expected to52

further intensify TC strength, enhance precipitation, and prolong cyclone lifespans,53

amplifying societal risk and increasing demands on disaster prevention and mitigation54

systems [7].55

Accurate and timely prediction of TC track and intensity remains a critical chal-56

lenge for modern meteorological services. Operational forecasts primarily rely on57

traditional numerical weather prediction (NWP) models specifically optimized for58

tropical cyclones. These include the Hurricane Weather Research and Forecasting59

(HWRF) model [8, 9] from the National Oceanic and Atmospheric Administration60

(NOAA), Hurricane Analysis and Forecast System (HAFS) [10] from the National61

Centers for Environmental Prediction (NCEP), and China Meteorological Adminis-62

tration Typhoon Model (CMA-TYM) [11]. These models solve atmospheric dynamical63

and thermodynamical equations to simulate the evolution of large-scale circulation64

and weather systems from prescribed initial and boundary conditions. However, their65

forecast accuracy is constrained by uncertainties in initial conditions, errors in phys-66

ical parameterizations, and limited spatial resolution. Furthermore, high-resolution67

NWP simulations are computationally expensive, typically requiring several hours68

to complete, which limits their utility for rapid-response forecasting during extreme69
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weather events. Recent studies suggest that the predictability of TC track and inten-70

sity based on traditional NWP models may be approaching theoretical limits [12, 13],71

with marginal returns from further increase in resolution.72

In recent years, data-driven weather forecasting models have demonstrated strong73

skill in TC track prediction [14]. For instance, Pangu-Weather [15] outperformed the74

high-resolution forecasts (HRES) of the European Centre for Medium-Range Weather75

Forecasts (ECMWF) in track prediction accuracy for 88 TCs in 2018 . Similarly,76

FuXi-Extreme [16], evaluated across 90 TCs, achieved superior performance in both77

TC track prediction and large-scale circulation patterns in influencing TC motion,78

particularly at lead times beyond 48 hours. These systems offer fast inference and79

scalability, making them attractive for real-time applications [17, 18]. Despite these80

advances, TC intensity prediction remains a key limitation of current data-driven mod-81

els [13]. Artificial intelligence (AI) models are typically optimized for global statistical82

performance and tend to smooth extremes, leading to systematic underestimation of83

maximum winds [16, 19, 20]. This issue is compounded by dependence on reanal-84

ysis datasets such as ERA5 for training [21], which themselves underrepresent TC85

intensity due to resolution constraints and assimilation processes [22, 23]. Efforts to86

improve intensity forecasts using auxiliary datasets, such as International Best Track87

Archive for Climate Stewardship (IBTrACS) [24], have primarily focused on predicting88

scalar attributes such as maximum sustained wind speed or minimum central pres-89

sure. While valuable, these approaches do not directly enhance the full spatiotemporal90

structure of the TCs, which is critical for hazards such as wind damage and rainfall91

distribution. Wang et al. [25] improved long-term tropical cyclone intensity forecast-92

ing by jointly leveraging IBTrACS intensity records and ERA5 reanalysis data. The93

model learns a discrete representation of historical intensity conditioned on surround-94

ing ERA5 atmospheric fields, and performs temporal prediction in this latent space.95

Forecasts from the FengWu model are incorporated as conditioning information, and96

potential intensity calculated from the forecast fields is introduced to mitigate system-97

atic underestimation and reduce long-term error accumulation. Similarly, Huang et al.98

[26] constructed a global multimodal dataset by aligning best-track intensity records99

with meteorological reanalysis fields and environmental variables. By explicitly mod-100

eling environmental contexts such as the subtropical high, this method significantly101

improves track and intensity predictions. Although both frameworks ingest complex102

multi-dimensional spatial meteorological grids as inputs, their final predictions are103

limited to time-series sequences of TC intensity. Consequently, these models fail to104

forecast the full spatiotemporal structure of the TC, such as the asymmetric wind105

fields or precipitation distributions, which is critical for accurately assessing localized106

hazards like wind damage and storm surges.107

Hybrid strategies have attempted to integrate AI model forecasts with physical108

models to improve TC intensity prediction. These approaches leverage the superior109

large-scale predictive skill of AI models to provide improved initial and boundary con-110

ditions, while relying on physics-based NWP models to simulate fine-scale intensity111

evolution and spatiotemporal structures. Xu et al.[13] proposed a novel framework112

that uses the Pangu-Weather forecasts to drive the high-resolution Weather Research113

and Forecasting (WRF) model, augmented with vortex dynamic initialization. This114
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approach improves typhoon intensity forecasts and demonstrates the promising poten-115

tial of AI models to serve as superior large-scale forcings for physics-based regional116

forecasting. Liu et al. [20] developed a novel hybrid forecasting framework that down-117

scales Pangu-Weather forecasts with a high-resolution WRF model, incorporating118

large-scale spectral nudging and ocean mixed-layer coupling to extend tropical cyclone119

prediction to two weeks. This framework advances extended-range TC intensity and120

structural forecasting capability compared with AI models. Syed et al. [27] pro-121

poses a hybrid NWP-AI forecasting system that employs large-scale spectral nudging122

to constrain the physics-based Global Environmental Multiscale model toward the123

superior large-scale predictions of the GraphCast model. This approach successfully124

leverages the strengths of both paradigms, and resulting in improved forecast skill125

across variables and lead times. However, such hybrid approaches still depend on126

regional high-resolution NWP model for dynamical downscaling. The high computa-127

tional cost and slow integration speed of traditional NWP remain major bottlenecks128

for operational deployment. A method that improves TC intensity and structure while129

preserving the computational efficiency of pure data-driven models is still lacking.130

In this study, we present a fully data-driven framework for the rapid refinement131

of TC structure and rainfall forecasts, while preserving the inherent advantages of132

large meteorological models in accurate TC track prediction. Specifically, we introduce133

FuXi-TC, a lightweight downscaling and refinement module based on a denoising dif-134

fusion probabilistic model (DDPM) [28, 29] that enhances 5-day forecasts produced135

by FuXi [30]. Unlike the aforementioned hybrid approaches that require computation-136

ally expensive NWP models during the inference phase, our framework decouples the137

physical simulation from the real-time forecasting process. To address the intensity138

underestimation inherent in ERA5 and the limitation of IBTrACS-based methods that139

optimize scalar sequences, a key component of our approach is a physics-guided data140

construction strategy. By generating multi-variable meteorological fields using WRF141

simulations as training targets, this strategy enables the trained model to reconstruct142

and refine the entire spatiotemporal structure of the TC. Crucially, these high-143

resolution target fields are generated using WRF simulations dynamically downscaled144

from FuXi forecasts rather than from ERA5. This design preserves structural and spa-145

tial consistency between the input FuXi forecasts and target fields, minimizing spatial146

misalignment arising from track deviations. The resulting paired dataset facilitates147

the diffusion-based FuXi-TC model to focus on structural refinement and downscal-148

ing, rather than compensating for positional discrepancies. The proposed framework149

is lightweight and highly adaptable, allowing for robust cross-basin generalization and150

extension to other existing large meteorological models such as FuXi-ENS[31]. By151

combining physics-guided target generation with generative refinement, our approach152

advances TC intensity prediction while retaining the speed and scalability of AI153

models, offering a practical solution for operational deployment.154
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2 Results155

For evaluating the comprehensive performance of the proposed FuXi-TC framework,156

our assessment encompasses several key dimensions. First, we analyze the overall deter-157

ministic forecast performance in the Western North Pacific (WNP), focusing on TC158

track, intensity, and precipitation metrics, with supplementary evaluations on mean159

sea-level pressure (MSL; Supplementary Fig. 8) and additional precipitation statistics160

(Supplementary Figs. 5 and 6) provided in the supplementary materials. Second, we161

present in-depth TC case studies of extreme events to illustrate the model’s capability162

in capturing fine-scale wind structures and rainfall distribution. Third, we evaluate163

the probabilistic forecasting performance by integrating FuXi-TC into the FuXi-ENS,164

resulting in an enhanced ensemble framework termed FuXi-TC-ENS. We analyze its165

ensemble spread characteristics and intensity estimation skill to assess uncertainty166

representation and probabilistic reliability. Fourth, we demonstrate the model’s zero-167

shot geographical generalization by extending the evaluation to the North Atlantic168

(NA) basin, supported by specific hurricane case studies and domain configurations169

detailed in the supplementary materials. Finally, we assess the computational efficiency170

of our approach relative to traditional NWP models. Furthermore, additional evalua-171

tions, such as physical consistency using kinetic energy spectra to verify the effective172

resolution and spatial variance of the model outputs, are provided in supplementary173

information (Supplementary Fig. 7).174

2.1 Overall TC forecast performance175

Evaluation of TC forecasts includes assessments of both track and intensity prediction.176

In this study, we have analyzed the forecast performance for 17 TCs (see Supplemen-177

tary Table 1) that occurred during July–October 2024, which represents the typhoon178

season in the WNP. Fig. 1 presents a statistical comparison between ECMWF high-179

resolution deterministic forecast (HRES-0.1◦), FuXi, WRF-0.1◦ and FuXi-TC-0.1◦ in180

5-day forecasts as well as ERA5 reanalysis data against IBTrACS dataset. In terms181

of TC intensity forecasts, FuXi-TC-0.1◦ trained using WRF-0.1◦ presents a more182

noticeable improvement over FuXi and ERA5 in terms of the maximum 10-m wind183

speed (WS10M), as evidenced by lower MAE values for Vmax. Furthermore, FuXi-184

TC-0.1◦ demonstrates overall comparable performance to HRES-0.1◦. Specifically, it185

outperforms HRES-0.1◦ during the first 48 hours of the forecast, although it performs186

marginally worse in the final 12 hours. Regarding TC track forecasts, FuXi, FuXi-187

TC-0.1◦, and WRF-0.1◦ exhibit negligible differences in track errors, and all perform188

better compared to HRES-0.1◦ at lead times of 84-120 hours.189
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Fig. 1 Comparison of TC intensity and track forecasts with IBTrACS dataset as ground truth.
Mean absolute error (MAE) of maximum sustained wind and tracks with forecast lead time for ERA5
(black lines), FuXi (green lines), FuXi-TC-0.1◦ (red lines), HRES-0.1◦ (blue lines) and WRF-0.1◦

(purple lines). All the forecast data are evaluated against the IBTrACS dataset. The evaluation covers
forecasts for 17 TCs from July to October 2024.

Beyond track and intensity, accurate rainfall prediction is crucial for assessing the190

potential impact of a typhoon. Fig. 2 shows the time series of the Critical Success Index191

(CSI) of FuXi, FuXi-TC-0.1◦, HRES-0.1◦ and WRF-0.1◦ for 6-hour accumulated total192

precipitation (TP) evaluated using various threshold values for 5-day forecasts. As193

expected, CSI values decrease with increasing thresholds, indicating greater challenges194

in predicting more extreme events. Compared to FuXi forecasts, the physics-based195

model (including HRES-0.1◦ and WRF-0.1◦) maintain a distinct advantage in forecast-196

ing heavier precipitation events. When comparing CSI between FuXi and WRF-0.1◦,197

WRF-0.1◦ significantly outperforms FuXi at higher thresholds, however FuXi achieves198

better CSI scores across a broader range of lower thresholds. The figure illustrates199

that FuXi-TC-0.1◦ successfully integrates the superior performance of physics-based200

models in capturing heavy precipitation with the proficiency of FuXi model in predict-201

ing general rainfall (indicated by the ≥ 0.1 mm threshold). Consequently, it achieves202

the highest CSI scores across most lead times and precipitation thresholds, suggesting203

its superior capabilities in precipitation forecasting. Notably, the CSI metrics exhibit204

a sawtooth-like fluctuation, which is particularly evident in the evaluation with a205

threshold greater than 0.1 mm. This oscillation stems from differences in valid data206

availability from AWS observations between 00/12 UTC and 06/18 UTC (see Sup-207

plementary Fig. 2), leading to significant fluctuations in forecast false alarms and208

corresponding variations in the probability of detection (Supplementary Figs. 5 and209

6).210
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Fig. 2 Comparison of CSI for TP. Comparison for the FuXi (green lines), FuXi-TC-0.1◦ (red lines),
HRES-0.1◦ (blue lines) and WRF-0.1◦ (purple lines) in predicting 6-hour precipitation for 0.1, 10, 20,
40 mm thresholds in (a-d) respectively. The ratios of extreme cases relative to the entire test set are
indicated in parentheses. All the forecast data are evaluated against the Automatic Weather Station
observations in period 1 July to 30 September 2024.

2.2 Deterministic case studies211

To further illustrate the advantages of FuXi-TC-0.1◦, we examine Typhoon Bebinca212

(2024254N10148) and Gaemi (2024201N12133) separately as representative cases of213

wind speed and precipitation intensity.214

On 16 September 2024 at 07:30 Beijing time, Bebinca made landfall in Shanghai215

as a severe typhoon (42 m s−1), marking the strongest typhoon to strike Shanghai and216

Jiangsu since 1949 and causing severe wind and rainfall impacts [32]. Fig. 3 shows the217

forecast initialized at 12:00 UTC on 15 September 2024. This specific time period was218

selected as an illustrative example because it covers not only the landfall of Typhoon219

Bebinca but also coincides with the peak intensity of its lifecycle. The figure shows220

that both ERA5 and FuXi dataset underestimate the intensity of Bebinca. FuXi-TC-221

0.1◦ presents stronger wind speeds like HRES-0.1◦ also contains finer-scale details in222

contrast to ERA5 and FuXi. The corresponding precipitation forecast for this case223

is provided in Supplementary Fig. 3, and the typhoon track forecast is shown in224

Supplementary Fig. 12.225
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Fig. 3 Comparison of WS10M for Typhoon Bebinca forecasts. Comparison of snapshot examples
of WS10M among ERA5 (first row), FuXi (second row), FuXi-TC-0.1◦ (third row) and HRES-0.1◦

(fourth row) for 12 (first column), 24 (second column), 36 (third column) and 48 (fourth row) hours
forecasts with the initial time at 12:00 UTC 15 September 2024.

Fig. 4 displays the 24-hour accumulated precipitation observations from Automatic226

Weather Station (AWS) alongside forecasts initialized at 00 UTC on 23 July 2024227

from FuXi, FuXi-TC-0.1◦, WRF-0.1◦ and HRES-0.1◦, over the periods of 24-48, 48-228

72, 72-96 and 96-120 hours. This case study was selected to exemplify the models’229

performance during Super Typhoon Gaemi, which triggered record-breaking extreme230

rainfall since 1961 as it made landfall in Fujian province [32]. For clarity, precipi-231

tation values are shown exclusively for mainland China, with oceanic and external232

landmasses masked. The figure reveals 0.1◦-resolution models generate more detailed233

rainfall forecasts compared to FuXi (0.25◦). Regarding the prediction of the heavy234

precipitation areas, FuXi-based forecasts align better with the observation, compared235
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to HRES-0.1◦, especially at lead times of 4-5 days. In terms of rainfall intensity, FuXi236

evidently underestimates the peak values relative to observations. In contrast, FuXi-237

TC-0.1◦ yields a more accurate intensity forecast that agrees with observations and is238

comparable to WRF-0.1◦. Furthermore, while WRF-0.1◦ produces more false alarms239

in many non-precipitation areas compared to FuXi, FuXi-TC-0.1◦ demonstrates higher240

accuracy in these rain-free regions. The corresponding track forecast for this case is241

provided in Supplementary Fig. 12.242
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Fig. 4 Comparison of TP for Typhoon Gaemi. Comparison of snapshot examples of 24-hour accu-
mulated TP among HRES-0.1◦ (first row), FuXi (second row), WRF-0.1◦ (third row), FuXi-TC-0.1◦

(fourth row) and the Automatic Weather Station observations (fifth row) mainland in China for 24-48
(first column), 48-72 (second column), 72-96 (third column) and 96-120 (fourth row) hours forecasts
with the initial time at 00:00 UTC 23 July 2024.
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2.3 Ensemble forecast comparison243

Unlike deterministic forecasts, ensemble forecasts offer the distinct advantage of pro-244

viding probabilistic guidance. While FuXi-ENS demonstrates superior performance245

over ECMWF-ENS with a comprehensive evaluation in key forecast metrics such as246

Continuous Ranked Probability Score (CRPS) and Brier Score (BS), challenges regard-247

ing ensemble under-dispersion and insufficient uncertainty quantification for extreme248

phenomena persist [31]. Following the FuXi-TC framework, a diffusion generative249

module is utilized to refine each FuXi-ENS member, yielding the enhanced ensemble250

system designated as FuXi-TC-ENS, which is then compared against ECMWF-ENS251

and FuXi-ENS in terms of TC intensity forecasts using 51 ensemble members. Fig.252

5 illustrates temporal evolution of max sustained wind speed forecasts for Typhoon253

Bebinca. FuXi-ENS exhibits a notable underestimation of maximum sustained 10-254

m wind speeds compared to IBTrACS data. Specifically, the model’s simulated peak255

wind speeds are limited to approximately 20 m/s, whereas observed values exceed 40256

m/s. Furthermore, FuXi-ENS displays insufficient ensemble spread, which is likely due257

to the limited projection of initial perturbations and the model’s inability to suffi-258

ciently amplify forecast perturbations over time [16]. Unlike simple additive noise, the259

diffusion-based refinement module enhances each ensemble forecast by superimpos-260

ing generative perturbations onto FuXi-ENS. Consequently, FuXi-TC-ENS improves261

peak intensity estimation and exhibits a more realistic increase in ensemble spread262

with lead time without degrading track accuracy. The corresponding ensemble track263

forecasts for this case are provided in Supplementary Fig. 4.264

Fig. 5 Comparison of maximum sustained wind speed forecasts for Typhoon Bebinca. Comparison
the maximum sustained wind speed from IBTrACS (red line) and ensemble forecasts generated by
FuXi-ENS (green line), FuXi-TC-ENS (blue line) and ECMWF-ENS (orange line) with the initial
forecasting time at 12:00 UTC 10 September and 12:00 UTC 11 September 2024.
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2.4 Generalization to the NA Basin265

To evaluate the generalization capability of FuXi-TC, we directly applied the model266

trained on the WNP to the NA region. Constrained by the fixed spatial dimensions267

of the WNP training domain, we partitioned the NA region into two overlapping sub-268

domains: a western segment and an eastern segment (see Supplementary Fig. 11). We269

then reconstructed the full-field forecast for the entire NA basin by stitching these sub-270

domains together, where predictions in the overlapping areas were averaged to ensure271

spatial continuity. By analyzing 15 TCs (see Supplementary Table 1) that occurred272

from June to November 2024, we present a statistical comparison of intensity and273

track forecasting performance among HRES-0.1◦, ERA5, FuXi and FuXi-TC-0.1◦ in274

Fig. 6. In terms of TC intensity forecasting, FuXi-TC-0.1◦ still significantly outper-275

forms FuXi and ERA5 in predicting the maximum WS10M. Moreover, FuXi-TC-0.1◦276

delivers superior performance to HRES-0.1◦ within the first 36 hours and last 12 hours277

of forecasting, yet it underperforms HRES-0.1◦ in the mid-term forecasting period.278

Regarding TC track forecasting, compared with HRES-0.1◦, the results of FuXi-279

based models (including FuXi and FuXi-TC-0.1◦) exhibit better performance during280

the 48–120h forecasting window. To further illustrate this generalization capability,281

detailed case studies of North Atlantic hurricanes Beryl and Helene are provided (Sup-282

plementary Figs. 9 and 10). These cases demonstrate that FuXi-TC-0.1◦ successfully283

reconstructs intense, fine-scale inner-core wind structures, even in unseen geographical284

basins.285

Fig. 6 Comparison of TC intensity and track forecasts in North Atlantic. MAE of maximum
sustained wind and tracks with forecast lead time for ERA5 (black lines), FuXi (green lines), FuXi-
TC-0.1◦ (red lines) and HRES-0.1◦ (blue lines). All the forecast data are evaluated against the
IBTrACS dataset. The evaluation covers forecasts for 15 TCs from June to November 2024.
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2.5 Computational efficiency comparison286

Compared with traditional NWP models, a primary advantage of deep learning287

approaches is their drastically improved computational efficiency and reduced resource288

demands, particularly for large-domain and high-resolution forecasts. As detailed in289

Table 1, the WRF model at 0.1◦ resolution requires approximately 11.5 hours on 32290

CPUs to complete a single 120-hour forecast under typical operational configurations.291

In contrast, FuXi-TC-0.1◦ generates a forecast with equivalent lead time and resolu-292

tion in just 2 minutes on a single GPU, corresponding to a speedup of over two orders293

of magnitude. This efficiency enables rapid update cycles, facilitates large-scale ensem-294

ble forecasting, and significantly lowers the computational cost of high-resolution TC295

prediction, making FuXi-TC-0.1◦ feasible for real-time operational applications.296

Table 1 Resource requirements and runtime per task.

Task Resource Quantity Runtime (per forecast)

WRF-0.1◦ Intel Xeon Platinum 8369B CPU @ 2.90GHz 32 11.5 hours
FuXi-TC-0.1◦ NVIDIA A100 GPU 1 2 minutes

3 Discussion297

Accurate prediction of TC intensity remains a significant challenge for both NWP and298

emerging AI forecasting systems. While recent AI–based weather forecasting models299

have achieved substantial improvements in track prediction, they often underestimate300

TC maximum wind speeds and associated precipitation. A major contributing factor301

is the intrinsic smoothing present in commonly used training datasets, particularly302

ERA5, which often suppresses extreme wind speeds and precipitation and blurs fine-303

scale structures associated with intense storms. In this study, we introduce FuXi-304

TC, a diffusion-based generative forecasting framework designed to mitigate these305

limitations. The model improves predictions of WS10M, TP and MSL while preserving306

the high accuracy of underlying FuXi-2.0 track forecasts. By recovering sharper spatial307

structures and strong extremes, the approach provides a computationally efficient308

alternative to traditional dynamical downscaling methods. Although WRF simulations309

are not bias-free, they provide dynamically consistent high-resolution structures that310

are absent in reanalysis datasets, making them suitable training targets for mesoscale311

refinement.312

To address the smoothing bias prevalent in AI predictions, previous studies have313

primarily resorted to directly dynamical downscaling using NWP models. Despite314

their efficacy in recovering small-scale details, the prohibitive computational expense315

of such methods renders them difficult to scale for large-ensemble configurations or316

operational use. Beyond computational efficiency, a key advantage of the FuXi-TC317

framework is its robust transferability across both base forecasting models and geo-318

graphical domains. Although trained exclusively on deterministic FuXi-2.0 forecasts319
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over the WNP, the generative module can be directly applied to other systems and320

regions. For instance, while the original FuXi-ENS achieves strong general forecast321

metrics, it suffers from significant under-dispersion and tends to underestimate the322

intensity of extreme events. Applying FuXi-TC to refine individual ensemble mem-323

bers of FuXi-ENS produces the FuXi-TC-ENS system, which increases ensemble324

spread without degrading track consistency and improves the representation of high-325

impact extremes. Unlike recent hybrid ensemble methods that rely on computationally326

expensive full physics-based models to couple with machine-learned flows [33], our327

framework achieves this enhancement without incurring massive computational costs.328

Its lightweight and highly transferable nature allows it to be seamlessly extended to329

large-ensemble scenarios.330

Additionally, the model exhibits strong zero-shot geographical generalization.331

Despite being trained on the WNP basin, FuXi-TC performs robustly in the NA332

basin without fine-tuning, suggesting that the model may capture transferable physical333

structures associated with TC evolution rather than simply reproducing region-specific334

patterns. More broadly, this work highlights the potential of combining AI models with335

on NWP-derived data to extend the capabilities of AI weather forecasting. Recent336

analyses have suggested that the supply of high-quality human-generated training337

data for AI systems is becoming increasingly limited [34]. Synthetic data generated338

by models can partially address this constraint, but over-reliance on such data may339

degrade model performance and diminish creativity and introduce bias [35, 36]. In340

weather forecasting, the success of AI models has relied on extensive, high-quality,341

open-source datasets, such as ERA5, which span multiple decades. However, these342

datasets are finite, and the ERA5 archive has effectively been exhausted. Therefore,343

NWP models provide a complementary source of synthetic data that can augment344

training datasets and expose AI models to rare or extreme weather scenarios, e.g., TC345

[37]. Indeed, ERA5 itself can be viewed as a synthetic dataset, produced by ECMWF346

through 4D-Var data assimilation combined with CY41R2 model forecasts.347

Beyond advancing TC forecasts, we demonstrate the broader significance of lever-348

aging NWP-derived datasets to push the performance limits of AI-based weather349

forecast. However, a critical limitation of this framework is that FuXi-TC’s perfor-350

mance upper bound may ultimately be locked by the systematic biases inherent351

in NWP physical parameterizations. To break through this theoretical ceiling, our352

future work will focus on directly integrating real-world observations to correct these353

NWP-induced biases.354

4 Method355

4.1 Dataset356

4.1.1 Tropical cyclone dataset357

To evaluate TC intensity and trajectory forecasts, we employ IBTrACS, a globally358

harmonized TC database maintained by NOAA National Centers for Environmental359

Information (NCEI), which integrates best-track records from multiple meteorological360

agencies [24, 38]. The dataset includes TC center position, maximum sustained surface361
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wind speed, and minimum central pressure (hPa). For validation against IBTrACS,362

we utilized the CMA agency best track data in the WNP and USA agency best track363

data in the NA respectively (see Supplementary Fig. 11 for the spatial domains).364

To derive the forecasted TC tracks and intensities, we employ a modified version365

of the Aurora tracker [39]. The tracker identifies the TC center by detecting local min-366

ima in the MSL field—with 700 hPa geopotential height (Z700) as a fallback. Once367

the center is located, the forecasted intensity is determined by extracting the mini-368

mum MSL and maximum WS10M within a specific radius. Following the configuration369

of FuXi-Extreme [16], we incorporate physical termination criteria to prevent spuri-370

ous tracking artifacts when the cyclone dissipates. Specifically, tracking is halted if371

the maximum 850 hPa relative vorticity and maximum WS10M falls below specific372

threshold values. This approach ensures alignment with standard evaluation protocols373

for TC forecasting.374

For comparison with the ECMWF High-Resolution Forecast including both deter-375

ministic (HRES) and ensemble forecasts (ENS) efficiently, we acquired TC track data376

from the THORPEX Interactive Grand Global Ensemble (TIGGE) archive [40, 41].377

This dataset incorporates tracks generated by the operational ECMWF tracker and is378

distributed in XML format, where the ECMWF HRES and ENS tracks are explicitly379

identified by the ”Forecast” and ”ensembleForecast” tags, respectively.380

4.1.2 FuXi-2.0 dataset381

Serving as the primary source of training dataset, FuXi-2.0 represents a significant382

advancement over its predecessor FuXi-1.0 [30], serving as an AI-based medium-383

range weather forecasting model with a coupled ocean–atmosphere structure. A key384

innovation is FuXi-2.0 employs a dual-model framework where a transformer-based385

interpolator efficiently derives continuous 1-hourly forecasts from 6-hourly predictions,386

thereby minimizing iterative steps and ensuring temporal coherence.387

Furthermore, by explicitly modeling ocean feedback processes like sea surface heat388

fluxes, FuXi-2.0 improves the representation of air–sea interactions, which is critical389

for capturing the key features of TCs [42]. The model is trained and driven using the390

ERA5 reanalysis dataset, covering the period from 2012 to 2017.391

This study uses FuXi-2.0 fields as the main source of global atmospheric initial and392

boundary conditions for the WRF model, with soil variables and sea surface temper-393

ature (SST) provided by ERA5 (A summary of variable definitions can be referred to394

in Table 2). The following surface variables are used: mean sea level pressure (MSL),395

2-meter temperature (T2M), 2-meter dew point temperature (D2M), surface pressure396

(SP), and 10-m zonal and meridional winds (U10M and V10M). Upper-air variables397

on 13 standard pressure levels (50, 100, 150, 200, 250, 300, 400, 500, 600, 700, 850,398

925, and 1000 hPa) include geopotential (Z), temperature (T), zonal wind (U), merid-399

ional wind (V), and relative humidity (RH), enabling a comprehensive representation400

of the tropospheric state. To ensure alignment with the variable requirements of the401

WRF model, RH is derived from specific humidity (Q), pressure (P), and tempera-402

ture (T) using standard thermodynamic conversions. First, the actual vapor pressure403
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is calculated as follows [43]:404

e =
Q × P

0.622 + 0.378Q
(1)

where Q is the specific humidity in kg/kg, and P is the atmospheric pressure in405

hPa. Next, the saturation vapor pressure es (in hPa) is estimated using the empirical406

formula proposed by Bolton [44]:407

es = 6.112 exp

(

17.67 Tc

Tc + 243.5

)

(2)

where Tc is the temperature in °C (Tc = T − 273.15). Finally, the relative humidity408

is calculated as the ratio of actual to saturation vapor pressure, capped at 100%:409

RH =
e

es
× 100% (3)

Table 2 Summary of initial and boundary condition variables for the WRF model.

Category Variables Source

single level

mean sea level pressure FuXi-2.0

surface pressure FuXi-2.0

2-m temperature FuXi-2.0

2-m dew point FuXi-2.0

10-m zonal/meridional winds FuXi-2.0

soil variables ERA5

sea surface temperature ERA5

upper-air

(13 pressure levels)a

geopotential FuXi-2.0

temperature FuXi-2.0

zonal/meridional wind FuXi-2.0

specific humidity FuXi-2.0

relative humidity FuXi-2.0(Derived)

a 50, 100, 150, 200, 250, 300, 400, 500, 600, 700, 850, 925, and 1000 hPa.

4.1.3 WRF dataset410

High-resolution training targets are created using simulations from the WRF model411

(detailed parameter configurations are provided in Section 4.5). In contrast to previous412

hybrid approaches [13, 20, 27, 45] that initialize with Pangu-weather or Graphcast413

to provide initial and boundary conditions, the simulations in this study were driven414

primarily by FuXi-2.0 forecasts. This configuration preserves structural consistency415

between the large-scale input forecasts and the high-resolution target fields used for416

model training.417
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The WRF simulations were configured on a regular latitude-longitude grid with418

a horizontal resolution of 0.1◦, comprising 592×496 grid points in longitude and lati-419

tude. In the vertical direction, the model atmosphere was discretized into 56 eta levels,420

extending to a model top pressure of 50 hPa. The downscaled fields provide spatially421

detailed representations of TC structure, including strong wind gradients and precip-422

itation patterns that are not resolved in coarser and smoother AI forecasts. We select423

a set of key surface meteorological variables, including T2M, U10M, V10M, WS10M,424

MSL, and 6-hourly accumulated TP. Upper-air variables are extracted for pressure425

levels of 200, 300, 500, 700, and 850 hPa, including T, Q, U and V. Upper-air vari-426

ables were vertically interpolated from model levels to the specified pressure levels427

using linear interpolation. These variables are integrated into the FuXi-TC framework428

to effectively capture the feature of TC.429

4.1.4 Training data preprocessing430

Preprocessing was applied separately to different variable types. For non-precipitation431

variables, Z-score normalization is applied using the mean and standard deviation432

computed from the training dataset. For TP, which exhibits a highly skewed, long-433

tailed distribution, we employ a logarithmic transformation to mitigate the dominance434

of extreme values and yield a more Gaussian-like distribution [46, 47]. Specifically, the435

transformation is defined as:436

x̃ = ln(x + 1) (4)

where x is the original 6-hourly accumulated precipitation, and x̃ is the transformed437

value. The constant 1 is added to handle zero precipitation values.438

4.2 FuXi-TC model structure439

As illustrated in Fig.7, the FuXi-TC framework employs a hybrid architecture that440

integrates global large-scale meteorological guidance with a generative refinement441

module. This design is inspired by the recent success of the FuXi-Extreme model [16],442

which demonstrated that coupling autoregressive forecasting with diffusion models443

significantly improves the representation of extreme weather events. Specifically, the444

framework extracts regional subsets from the FuXi-2.0 global forecast dataset (see445

regional domain in Supplementary Fig. 11). These coarse-resolution forecasts serve446

as the primary conditioning inputs for the downscaling process. In addition to these447

meteorological fields, the generative process is further conditioned on the diffusion448

noise level and various temporal features, including the forecast step, day of the year,449

and hour of the day, are encoded using sine/cosine transformations to accurately guide450

the denoising trajectory.451

The final high-resolution forecasts are achieved via a Denoising Diffusion Proba-452

bilistic Model (DDPM) [28, 29], which is trained to map the coarse FuXi-2.0 priors to453

physically consistent WRF simulations.454
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Fig. 7 Schematic diagram of the structures of the FuXi-TC framework. Coarse-resolution regional
subsets are extracted from the global FuXi-2.0 forecasts to serve as the primary conditioning inputs.
The generative refinement module, based on DDPM iteratively denoises random noise through a
UNet-based solver. The denoising process is jointly conditioned on the meteorological fields and
encoded temporal features. During training, the model is optimized using a MSE loss to map the
generated high-resolution forecasts to physically consistent WRF simulations.

4.3 Denoising diffusion probabilistic model (DDPM)455

The DDPM serves as the generative backbone of FuXi-TC, which treats the down-456

scaling and bias-correction task as a conditional generation problem, similar to image457

super-resolution strategies employed in computer vision [48].458

We employ the UNet [49] architecture from the Diffusers1 library to build our459

DDPM model, which includes three downsampling layers and three upsampling layers.460

Each layer applies 2D convolutions with 3 × 3 kernels, SiLU activation functions [50]461

and group normalization[51], and the number of channels are 256, 512 and 1024 for the462

first, second, and third layers respectively. At the bottleneck of the network, 12 global463

self-attention layers [52] are integrated to enhance the capture of long-range spatial464

dependencies, which is crucial for restoring TC fine structures such as eye walls and465

spiral rain bands.466

Formally, the diffusion process consists of a forward noise-injection process and a467

reverse denoising process. In the forward process, random Gaussian noise ϵ is gradually468

added to the ground-truth WRF data (Z) over t steps (t ∈ [1, T ]) according to a469

variance schedule βt [53]. The noisy sample Xt at step t is expressed as follows,470

Xt =
√
ᾱtX0 +

√
1 − ᾱtϵ, ϵ ∼ N (0, I) (5)

where αt = 1 − βt and ᾱt is the cumulative product of α, ᾱt =
∏t

i=1 αi, αi = 1 − βi.471

1https://github.com/huggingface/diffusers
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In the reverse process, the model learns to predict the added noise: ϵθ(Xt, t, C) with472

respect to the input condition C. The posterior distribution γθ(Xt−1|Xt, C) is assumed473

to be Gaussian, whose mean µ parameterized by the UNet model with parameters θ:474

µθ(Xt, t, C) =
1√
αt

(

Xt −
1 − αt√
1 − ᾱt

ϵθ(Xt, t, C)

)

(6)

By predicting the noise, the model learn to reconstruct the original data from the475

sampled noise XT via iterative denoising.476

The loss function of the DDPM model adopts mean squared error (MSE), which477

minimizes the difference between the noise added in the forward process and the noise478

predicted by the model.479

L = Et,X0,ϵ,C

[

||ϵ− ϵθ(Xt, t, C)||2
]

(7)

During inference, sampling was performed using 5 denoising steps with a linear beta480

schedule. This configuration provides a balance between computational efficiency and481

reconstruction fidelity.482

4.4 FuXi-TC model training483

The FuXi-TC model is trained based on the PyTorch [54] framework, and the training484

process only updates the parameters of the DDPM model, while the parameters of485

FuXi remain frozen to ensure the stability of the base forecast. The training is carried486

out on 2 Nvidia A100 GPUs, with a batch size of 2 per GPU and a total of 60000487

iterations. We use the AdamW [55] optimizer for training, with the parameters set as488

β1 = 0.9, β2 = 0.95. We select the initial learning rate of 2.5×10−4 to balance the489

convergence speed and stability, and use the weight decay coefficient 0.1 to suppress490

overfitting.491

4.5 WRF model configuration492

We employ WRF version 4.3 [56] to conduct regional simulations over the WNP (see493

Supplementary Fig. 11). The model is initialized twice daily at 00 and 12 UTC, with494

forecasts extending up to 120 hours. To facilitate numerical integration and subsequent495

post-processing training framework, a latitude–longitude projection is adopted. The496

simulation domain spans 100◦E–159.1◦E and 0.5◦N–50◦N, a coverage sufficient to497

capture the majority of TC tracks in the WNP. This corresponds to a horizontal grid498

dimension of 592 × 496 points with 0.1◦ horizontal interval. In the vertical direction,499

the model top is set at 50 hPa, with 56 vertical levels defined by eta coordinates.500

We evaluated the model’s sensitivity to horizontal resolution by comparing simu-501

lations at 0.25◦ and 0.1◦ using identical physical configurations. Supplementary Fig. 1502

illustrates the comparative performance regarding TC track and intensity forecasting.503

The results indicate that while track forecast accuracy remains similar between the504

two resolutions, the WRF-0.1◦ configuration demonstrates significantly superior per-505

formance in predicting TC intensity compared to WRF-0.25◦. Consequently, the 0.1◦506

horizontal resolution was selected for this study. The WRF outputs at this selected507
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resolution are generated for specific periods in 2023 and 2024. The WRF outputs at508

this selected resolution are generated for specific periods. We utilize data from April509

1 to October 31 of 2023 for model training and reserve data from July 1 to October510

31 of 2024 for independent testing.511

Both physical parameterization and spectral nudging schemes follow those used512

in the Shanghai Typhoon Model (SHTM) [57]. Specifically, the model employs the513

Thompson microphysics scheme [58], the multi-scale Kain–Fritsch cumulus scheme514

[59], the RRTMG scheme for longwave radiation [60], the unified Noah land-surface515

model [61], and the Yonsei University planetary boundary layer scheme [62].516

Spectral nudging is applied to maintain consistency between the WRF simula-517

tions and FuXi’s large-scale circulation while allowing the model to develop its own518

mesoscale structures. The nudging configuration is optimized in terms of nudged vari-519

ables, vertical application, horizontal wavelength cutoff, and relaxation time. Only the520

zonal and meridional wind components and virtual temperature are nudged, while521

specific humidity is excluded to prevent degradation of TC intensity forecasts [27].522

Vertically, nudging is applied only above 850 hPa, excluding the planetary bound-523

ary layer to avoid adverse effects arising from FuXi’s limited vertical detail near524

the surface and from differences in surface forcing over complex terrain. A height-525

dependent weighting reduces the nudging influence toward the surface, thereby526

preserving boundary-layer processes[27].527

In spectral space, only large-scale features exceeding a specified wavelength thresh-528

old are constrained, ensuring that synoptic-scale patterns from FuXi are retained529

while WRF generates smaller-scale variability[57]. A relatively weak relaxation coeffi-530

cient provides gentle constraints, enabling the model to align with FuXi’s large-scale531

fields without suppressing mesoscale dynamics. Nudging is activated from the start532

of the integration and maintained throughout the forecast period to ensure persistent533

large-scale alignment.534

4.6 Evaluation method535

4.6.1 TC tracking method536

In our study, we adopt a modified version of Aurora tracker [39] to all forecast model’s537

performance including FuXi, FuXi-TC, FuXi-ENS and FuXi-TC-ENS. Initially, we538

outline the Aurora tracker, then detail our modifications and the justification for these539

changes.540

The primary function of the Aurora tracker is to identifies TC center positions541

by detecting local minima in predicted MSL fields, with Z700 employed as a fallback542

variable when MSL-based detection fails when plagued by multiple local minima. The543

tracker is initialised at the observed TC position from IBTrACS best track data (China544

Meteorological Administration agency for WNP and United States agency for NA)545

at the analysis time. For each subsequent 6-hourly forecast lead time, a first-guess546

position is estimated by linear extrapolation of the preceding tracked positions (up to547

the most recent eight estimates, corresponding to 48 h). To locate the TC center, the548

tracker searches for the local minimum of the Gaussian-smoothed MSL field closest549

to the first-guess position. Within a search box of x◦ × x◦ centered on the first-guess550
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position. The tracker sequentially attempts search boxes of 4◦, 3◦, 2◦, and 1.5◦ radius551

until a valid interior local minimum is identified. If all MSL-based attempts fail, the552

procedure falls back to detecting the closest local minimum of Z700, and then repeats553

the procedure within varying box sizes for MSL.554

Following the ECMWF’s TC tracker algorithm described by Van Der Grijn [63],555

FuXi-Extreme tracking method [16], and informed by our analysis of mistracks within556

our dataset, we introduce several enhancements to this algorithm as described below.557

(1)In addition to utilizing the local minima of MSL and Z700, we incorporate558

two physical termination criteria based on the local maxima of WS10M and vorticity559

at 850 hPa to enhance the robustness of TC identification. Specifically, tracking is560

terminated if the maximum 850 hPa relative vorticity within a 1.5◦ range of the center561

falls below 5×10−5 s−1 or if the maximum WS10M drops below 8 m/s within the same562

range. This thresholding prevents spurious tracking artifacts that may arise when the563

cyclone’s intensity dissipates.564

(2)The models evaluated in our study operate at varying spatial resolutions, specif-565

ically 0.25◦ and 0.1◦. To account for these differences, we linearly scale the parameters566

of the Gaussian low-pass filter according to the specific grid spacing of each dataset.567

This adjustment standardizes the effective smoothing area across all forecasts. Conse-568

quently, the physical scale for local minimum detection remains approximately 2◦ × 2569

regardless of the native model resolution, maintaining consistent tracking behavior570

across forecast systems with different grid spacings.571

4.6.2 TC track and intensity evaluation572

Track accuracy is quantified using the MAE, which calculates distance between573

observed and predicted TC center positions. Intensity evaluation involves assessing574

the maximum sustained WS10M near the TC center using MAE. Phases categorized575

as Tropical Depression (TD) or those flagged as Extratropical Cyclone (ET) stages576

were explicitly excluded from the dataset to minimize tracking uncertainties associated577

with weak or asymmetric baroclinic systems. Consistent with the WNP methodology,578

the evaluation included valid time steps categorized as Tropical Storm, Hurricane,579

Tropical Cyclone, Typhoon, or Super Typhoon. This evaluation encompasses totally580

35 TCs from 2024 in both WNP and NA only if the IBTrACS, European Centre581

for Medium-Range Weather Forecasts Reanalysis v5 (ERA5) and forecast results are582

simultaneously recorded.583

4.6.3 Total precipitation evaluation584

To quantitatively assess the forecast model performance, we utilize standard categor-585

ical verification statistics based on contingency table including True Positives (TP),586

False Positives (FP), False Negatives (FN), and True Negatives (TN) [64]. The Critical587

Success Index (CSI), also known as the Threat Score (TS), provides a comprehen-588

sive measure of accuracy, accounting for both misses and false alarms. It is calculated589

using the equation CSI = TP
TP+FP+FN . Probability of Detection (POD) score mea-590

sures the fraction of observed events that were correctly predicted, using the equation591
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POD = TP
TP+FN . And False Alarm Ratio (FAR) score highlights the tendency of the592

dataset to overestimate precipitation occurrence, using the equation FAR = FP
TP+FP .593

The 6-hour accumulated ground truth precipitation data on land were obtained594

from the AWS provided by the China Meteorological Data Service Centre (CMDC).595

Since the AWS network is limited to mainland China, a spatial masking procedure596

was applied to the forecast data. Therefore, grid points corresponding to oceanic597

regions and areas outside mainland Chinese territory were excluded to ensure spatial598

consistency.599

Furthermore, direct comparison between point-based gauge observations and grid-600

based NWP outputs is prone to representativeness error due to scale mismatches601

[65]. To mitigate this and facilitate a rigorous grid-to-grid verification, we reference602

the standard practice to map observational data onto the model grid [66, 67]. There-603

fore, consistent with established verification frameworks, the valid station observations604

were interpolated to the 0.1◦ model’s grid resolution prior to statistical calculation.605

The metrics were computed for precipitation accumulated over a 6-hour period, using606

threshold values of 0.1, 10, 20, and 40 mm to evaluate the model’s performance across607

light to heavy rainfall intensities.608

Data Availability Statement609

The ERA5 reanalysis data are accessible through the Copernicus Climate Data Store610

at https://cds.climate.copernicus.eu/. ECMWF HRES and ENS TC track forecasts611

can be retrieved from https://confluence.ecmwf.int/display/TIGGE. We downloaded612

the ground truth tracks of TC from the International Best Track Archive for Climate613

Stewardship (IBTrACS) project, which is publicly available at https://www.ncei.noaa.614

gov/products/international-best-track-archive.615

Code Availability Statement616

The code base of the DDPM model used in this work is available at https://github.617

com/luchengthu/dpm-solver [68]. The source code used for running FuXi-TC model,618

along with the scripts for running the WRF simulations in this work, are available619

from the Zenodo link (https://zenodo.org/records/19382719 [69]). The source code620

used for training and running FuXi models are available at https://doi.org/10.5281/621

zenodo.8100201 [30]. Additionally, the basic Aurora tracker algorithm in this work622

can be downloaded from https://github.com/microsoft/aurora [39]. Furthermore, the623

source code for the WRF model version 4.3 is publicly available at https://github.624

com/wrf-model/WRF [56].625

Acknowledgments626

We gratefully acknowledge the ECMWF for their efforts in producing, maintaining,627

and distributing the ERA5 reanalysis and ECMWF HRES datasets. We acknowledged628

the efforts of NOAA National Centers for Environmental Information in making the629

IBTrACS dataset available. We recognize the efforts of CMA for sharing the IBTrACS630

22

https://cds.climate.copernicus.eu/
https://confluence.ecmwf.int/display/TIGGE
https://www.ncei.noaa.gov/products/international-best-track-archive
https://www.ncei.noaa.gov/products/international-best-track-archive
https://www.ncei.noaa.gov/products/international-best-track-archive
https://github.com/luchengthu/dpm-solver
https://github.com/luchengthu/dpm-solver
https://github.com/luchengthu/dpm-solver
https://zenodo.org/records/19382719
https://doi.org/10.5281/zenodo.8100201
https://doi.org/10.5281/zenodo.8100201
https://doi.org/10.5281/zenodo.8100201
https://github.com/microsoft/aurora
https://github.com/wrf-model/WRF
https://github.com/wrf-model/WRF
https://github.com/wrf-model/WRF


dataset. We thank support from the Computing for the Future at Fudan (CFFF),631

which has provided us with a high-performance computing platform. This work was632

supported by AI for Science Program, Shanghai Municipal Commission of Economy633

and Informatization, 2025-GZL-RGZN-BTBX-02017.634

Competing interests635

The authors declare no competing interests.636

References637

[1] Emanuel, K.: Increasing destructiveness of tropical cyclones over the past 30638

years. Nature 436(7051), 686–688 (2005) https://doi.org/10.1038/nature03906639

[2] Emanuel, K., Chonabayashi, S., Bakkensen, L., Mendelsohn, R.: The impact of640

climate change on global tropical cyclone damage. Nature Climate Change 2641

(2012) https://doi.org/10.1038/nclimate1357642

[3] Zhang, Q., Wu, L., Liu, Q.: Tropical cyclone damages in china 1983–2006. Bulletin643

of the American Meteorological Society 90(4), 489–496 (2009) https://doi.org/644

10.1175/2008BAMS2631.1645

[4] Zhang, Q., Gu, X., Shi, P., Singh, V.P.: Impact of tropical cyclones on flood646

risk in southeastern china: Spatial patterns, causes and implications. Global and647

Planetary Change 150, 81–93 (2017) https://doi.org/10.1016/j.gloplacha.2017.648

02.004649

[5] Peduzzi, P., Chatenoux, B., Dao, H., De Bono, A., Herold, C., Kossin, J., Mouton,650

F., Nordbeck, O.: Global trends in tropical cyclone risk. Nature Climate Change651

2(4), 289–294 (2012) https://doi.org/10.1038/nclimate1410652

[6] Masson-Delmotte, V., Zhai, P., Pirani, A., Connors, S.L., Péan, C., Berger, S.,653
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