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Abstract1

Advances in numerical weather prediction have substantially improved large-scale at-2

mospheric modeling and tropical cyclone (TC) track forecasts, but gains in TC intensity3

prediction have been more limited. A similar gap persists for AI weather models, which can4

predict atmospheric evolution with high skill while remaining less skillful than numerical mod-5

els in direct prediction of TC intensity. Whether their advantage in atmospheric forecasting6

can be converted into an improved TC intensity forecast remains unclear. Here, we compare7

the Artificial Intelligence Forecasting System (AIFS) and the Integrated Forecasting System8

(IFS), both as direct TC forecasting systems and as atmospheric inputs to the Tropical9

cyclone Intensity Forecasting Network (TIFNet), a cyclone-specific AI model for TC intensity10

prediction. AIFS has larger direct intensity errors than IFS but lower atmospheric-field errors11

from 24 to 120 h. When used as TIFNet inputs, however, AIFS forecasts produce lower12

intensity errors from 72 to 120 h, with the largest improvements for super typhoons and13

storms undergoing rapid changes in intensity. Controlled sensitivity experiments show that14

lower atmospheric-field errors offset part of the loss associated with reduced short-wavelength15

variability, while input-specific fine-tuning recovers additional skill. The findings of this study16

show that more accurate environmental prediction can translate into improved forecasts of17

TC intensity despite smoother storm-scale representation, thereby providing a practical route18

for combining global AI weather forecasts with specialized TC intensity models.19

1 Introduction20

Tropical cyclones (TCs) are among the most destructive weather systems, making accurate21

forecasts of their intensity essential for anticipating their impact (Peduzzi et al., 2012; Zhang22

et al., 2009). However, TC intensity remains difficult to predict because it depends on the coupled23

evolution of the vortex itself and its surrounding environment. Storm structure, convection, and24

boundary layer dynamics shape the evolution of the vortex, while thermodynamic conditions,25

vertical wind shear, and air–sea exchange regulate storm intensity (DeMaria, 1996; Emanuel,26

1999; Jiang, 2012; Emanuel and Zhang, 2016; Montgomery and Smith, 2017). Errors in simulating27

either the vortex or its environment can therefore propagate into subsequent modeling of the28

evolution of storm intensity, particularly during periods of rapid intensification (RI) or rapid29

weakening (RW) (Kaplan et al., 2010; DeMaria et al., 2014; Cangialosi et al., 2020). Consequently,30

conventional dynamical TC prediction depends on accurate representation of both the evolving31

storm and the regional environment that governs its intensity change.32

∗Correspondence to Hongxiong Xu, xuhx@cma.gov.cn
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Over recent decades, advances in numerical weather prediction have substantially improved33

large-scale atmospheric forecasts and TC track prediction, whereas progress in TC intensity34

prediction has been more modest. Higher model resolution, improved data assimilation, and35

advances in physical parameterizations have strengthened the representation of TCs and their36

interactions with the surrounding environment (Bauer et al., 2015; Gopalakrishnan et al., 2012;37

Tallapragada et al., 2014). Nevertheless, TC intensity forecasts remain sensitive to uncertainties38

in the initial vortex, model physics, and the limited predictability of the inner-core evolution39

(Emanuel and Zhang, 2016). Consequently, gains in atmospheric forecast skill have not translated40

into comparable gains in TC intensity prediction. The matter of whether increasingly accurate41

atmospheric forecasts can be translated into improved TC intensity forecasts remains to be42

resolved.43

The rapid development of AI weather prediction makes this problem even more important.44

Global AI weather models now achieve high skill in atmospheric forecasting at substantially45

lower computational cost than conventional dynamical systems (Bi et al., 2023; Lam et al.,46

2023; Price et al., 2025). However, improvements in global forecast skill do not necessarily47

translate into improved direct forecasts of TC intensity. Evaluations of global AI weather models48

have found intensity errors that can remain larger than those of numerical weather prediction49

systems (DeMaria et al., 2025; Yamaguchi et al., 2025). Their forecasts also tend to contain50

smoother cyclone structures and less small-scale variability, which might limit the representation51

of storm-scale processes relevant to TC intensity evolution (Bi et al., 2023; Bonavita, 2024).52

Moreover, accurate prediction of the evolving atmospheric environment might retain information53

about subsequent TC intensity change, even with smoother representation of the storm itself.54

Whether this information can be converted into improved TC intensity forecasts is a separate55

question to how accurately global models predict TC intensity directly.56

Answering this question requires a model that can reliably translate environmental forecast57

information into TC intensity forecasts. Statistical and machine learning intensity models provide58

such a link by relating atmospheric predictors directly to subsequent TC intensity evolution,59

rather than relying on the intensity simulated by the atmospheric model itself (DeMaria et al.,60

2005; Xu et al., 2021). Recent studies have reported improved TC intensity forecasts using61

models that combine storm information with atmospheric fields (Lee et al., 2024; Huang et al.,62

2025; Wang et al., 2025). The Tropical cyclone Intensity Forecasting Network (TIFNet) combines63

forecast atmospheric fields with recent TC intensity evolution and directly predicts multi-lead64

intensity changes using a noniterative spatiotemporal Transformer. It has demonstrated strong65

skill relative to operational guidance, particularly during periods of rapid TC intensification66

(Qu et al., 2026). More recent work has independently shown that substantial TC intensity67

information can also be extracted from relatively coarse atmospheric fields, further supporting the68

potential of cyclone-specific AI prediction based on global atmospheric forecasts (Alet et al., 2026).69

Applying the same intensity model to forecasts from different atmospheric systems provides a70

controlled test of whether differences in atmospheric forecast accuracy translate into differences71

in TC intensity prediction.72

Here, we compare the European Centre for Medium-Range Weather Forecasts Integrated73

Forecasting System (IFS) and the Artificial Intelligence Forecasting System (AIFS), both as74

direct TC forecasting systems and as atmospheric inputs to TIFNet. By applying the same75

intensity model to both sets of forecast fields, we assess whether differences in environmental76

forecast accuracy translate into differences in TC intensity prediction. We then use controlled77

experiments based on forecast-error growth, spectral perturbation, and input-specific fine-tuning78

to separate the effects of atmospheric forecast accuracy, short-wavelength information, and model79

adaptation. This analysis is intended to clarify how advances in global atmospheric prediction80

can be translated into improved forecasts of TC intensity, and to establish a practical approach81

for combining global AI weather forecasts with specialized intensity prediction models.82
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2 Results83

2.1 Tropical cyclone intensity forecasts84

We first tested whether direct TC intensity skill reflects the usefulness of a model’s atmospheric85

forecast fields for subsequent intensity prediction. AIFS and IFS were evaluated over the 2023–86

2024 TC seasons (Fig. 1a), first as direct forecasting systems and then as atmospheric inputs to87

TIFNet. TIFNet was fine-tuned separately for the two forecast sources, yielding TIFNet-AIFS88

and TIFNet-IFS. All forecasts were verified against China Meteorological Administration (CMA)89

best-track data (Ying et al., 2014; Lu et al., 2021).90

The direct forecasts gave contrasting results for intensity and track. AIFS had larger intensity91

errors than IFS at every evaluated lead time, with differences in mean absolute error (MAE)92

of 5.21–7.33 ms−1 (Fig. 1b). In contrast, AIFS had smaller track errors throughout the same93

period, with reductions of 3.88–79.62 km (Fig. 1c). Differences in both intensity and track error94

were statistically significant at every evaluated lead time.95

The intensity ranking changed when the atmospheric forecasts were used as inputs to TIFNet.96

TIFNet-AIFS and TIFNet-IFS had nearly identical MAEs at 12 h, with only small differences97

from 24 to 60 h (Fig. 1d). From 72 to 120 h, TIFNet-AIFS consistently had lower MAEs, with98

reductions of 0.06–1.55 ms−1. The largest reduction occurred at 108 h, when the TIFNet-AIFS99

MAE was 1.55 ms−1 (18.71%) lower than that of TIFNet-IFS.100

The difference was larger during periods of rapid change in intensity. For RI and RW samples,101

TIFNet-AIFS had lower MAEs at every evaluated lead time, with reductions of 0.05–2.22 ms−1
102

(Fig. 1e). The largest reduction occurred at 96 h and reached 2.22 ms−1 (27.60%). Thus, the103

direct intensity ranking of AIFS and IFS was not preserved when their atmospheric fields were104

used as inputs to the same TIFNet architecture with input-specific fine-tuning. The two TIFNet105

configurations performed similarly at shorter lead times, whereas TIFNet-AIFS had lower errors106

at longer lead times and during rapid changes in TC intensity.107

2.2 Forecast skill across intensity categories108

The difference between TIFNet-AIFS and TIFNet-IFS depended strongly on TC intensity (Fig. 2).109

For tropical storms (TS), TIFNet-AIFS had numerically lower MAEs from 48 to 120 h (Fig. 2a),110

whereas differences for severe tropical storms (STS) and severe typhoons (STY) were small111

and changed sign across lead times (Fig. 2b,d). For typhoons (TY), TIFNet-AIFS had higher112

MAEs at 48 and 72 h by 1.23 and 1.72 ms−1, respectively (Fig. 2c). The largest and most113

persistent differences occurred for super typhoons (SuperTY): TIFNet-AIFS reduced the MAEs114

by 2.06, 3.27, and 2.75 ms−1 at 72, 96, and 120 h, corresponding to reductions of 23.66%, 31.34%,115

and 22.25%, respectively (Fig. 2e). The advantage of TIFNet-AIFS was most pronounced for116

SuperTY.117

Two SuperTY cases with contrasting intensity histories, Mawar (2023) and Man-yi (2024),118

were examined to illustrate the forecast differences during typhoon evolution (Figs. 3 and 4).119

Mawar underwent RI, brief weakening, and subsequent reintensification to SuperTY strength,120

whereas Man-yi underwent a shorter and more concentrated intensification–weakening cycle.121

TIFNet-AIFS and TIFNet-IFS had similar overall intensity errors at shorter lead times, but the122

difference increased at 96 and 120 h. The reductions were larger during rapid changes in intensity,123

reaching 4.58 ms−1 at 72 h (Fig. 3f,g). For Man-yi, TIFNet-AIFS likewise produced lower MAEs124

for rapid-intensity-change samples at all five lead times, with reductions of 0.81–6.52 ms−1
125

(Fig. 4g). Both cases were consistent in terms of the overall statistics, with larger differences126

between TIFNet-AIFS and TIFNet-IFS during periods of rapid change in intensity.127
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2.3 Accuracy of atmospheric forecast fields128

To examine whether the longer-range differences between TIFNet-AIFS and TIFNet-IFS were129

associated with the accuracy of their atmospheric inputs, we compared AIFS and IFS forecast130

fields with verifying IFS analyses (Fig. 5). Root mean square errors (RMSEs) were evaluated for131

16 surface and upper-air variable–level combinations. At 6 h, IFS had lower RMSEs than AIFS132

for all 16 fields. The ordering began to reverse during 12–18 h and AIFS had lower RMSEs from133

24 to 120 h for every field examined. For most variables, the separation between the two systems134

increased with forecast lead time.135

This ordering was the opposite to that of the direct intensity forecasts. IFS had lower direct136

intensity errors throughout the evaluation period (Fig. 1b), whereas AIFS had lower atmospheric-137

field errors from 24 to 120 h. The atmospheric-field advantage of AIFS emerged earlier and138

persisted throughout the 72–120-h forecast period, during which TIFNet-AIFS produced lower139

intensity errors than TIFNet-IFS. Direct intensity skill and atmospheric-field accuracy therefore140

did not produce the same ranking of the two forecast systems. Whether the lower atmospheric-141

field errors contributed to the TIFNet-AIFS advantage was examined through the controlled142

experiments described below.143

2.4 Factors controlling TIFNet intensity forecasts144

2.4.1 Sensitivity to input forecast-error growth145

To test the sensitivity of TIFNet to atmospheric forecast error, we held the TIFNet parameters146

fixed and varied the forecast lead of the IFS input fields (Fig. 6). TIFNet-IFS-24h, TIFNet-147

IFS-48h, TIFNet-IFS-72h, and TIFNet-IFS-96h used IFS fields from the 24-, 48-, 72- and 96-h148

forecasts, respectively, with the same ERA5-pretrained TIFNet checkpoint applied without149

fine-tuning.150

Across all samples, intensity MAEs increased with the forecast lead time of the input fields.151

Compared with TIFNet-IFS-24h, TIFNet-IFS-96h increased the MAEs by 2.15–3.31 ms−1 across152

the evaluated TIFNet forecast lead times (Fig. 6a). The rapid-intensity-change samples showed153

the same overall tendency. Using 96-h rather than 24-h IFS fields increased the MAEs by154

2.41–4.88 ms−1, although the MAEs did not increase monotonically across the intermediate155

input lead times at every TIFNet forecast lead time (Fig. 6b). Thus, using IFS fields from longer156

forecasts was associated with less accurate TIFNet intensity forecasts, consistent with sensitivity157

to input error growth.158

These results show that TIFNet intensity forecasts are strongly sensitive to the quality of the159

upstream atmospheric fields. As forecast errors grow with input lead time, the corresponding160

intensity forecasts deteriorate substantially. This sensitivity helps explain why the atmospheric-161

field accuracy of the upstream model matters for TIFNet, but it does not fully account for the162

differences between TIFNet-AIFS and TIFNet-IFS. We further examined whether the spatial163

structure of the input fields also affected intensity prediction.164

2.4.2 Sensitivity to spectral information165

AIFS and IFS also differed in the spatial spectra of their atmospheric fields. To isolate this166

difference, we constructed IFSspec by attenuating the Fourier amplitudes of the dynamic IFS167

fields towards the corresponding AIFS spectra while retaining the IFS spatial mean, Fourier168

phase, grid, and static variables. The 850-hPa kinetic energy spectra confirmed that the largest169

differences between IFS and AIFS occurred at shorter wavelengths and that IFSspec substantially170

reduced this excess short-wavelength power (Appendix Fig. A1).171

For all forecast samples, spectral attenuation had little effect on intensity error: the MAE172

difference between TIFNet-IFSspec-ZS and TIFNet-IFS-ZS (ZS denotes zero-shot application of173

the ERA5-pretrained TIFNet without fine-tuning; the experimental configurations are summarized174
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in Table 1.) remained below 0.29 ms−1 at every lead time (Fig. 7a). The response became much175

larger when forecasts were stratified by TC intensity. Spectral attenuation reduced the MAEs176

for TS and STS at all evaluated lead times but increased errors for stronger storms. For STY,177

the increase occurred from 48 to 120 h; for SuperTY, TIFNet-IFSspec-ZS had larger MAEs at178

every lead time, with increases of 0.62–2.43 ms−1 (Fig. 7b–f).179

Opposite responses occurred during RI and RW periods. Spectral attenuation reduced the180

MAEs during RW at every lead time, with statistically significant reductions at 24, 48, 96, and181

120 h. During RI, TIFNet-IFSspec-ZS produced statistically significant larger errors at 24, 48,182

and 120 h (Fig. 7g,h). The effect of reducing short-wavelength variability was therefore small in183

terms of the aggregate but strongly dependent on storm regime, with the largest degradation for184

SuperTY and RI forecasts.185

2.4.3 Effect of input-specific fine-tuning186

We next tested whether the response to spectral attenuation depended on adaptation of TIFNet to187

the modified inputs. Fine-tuning the prediction head with IFSspec produced TIFNet-IFSspec-FT,188

which was compared with the corresponding zero-shot configuration, TIFNet-IFSspec-ZS, and189

with TIFNet-IFS-FT using the original IFS fields (Fig. 7). Across all samples, TIFNet-IFSspec-190

FT reduced the MAEs by 0.10–0.63 ms−1 relative to TIFNet-IFSspec-ZS, with statistically191

significant reductions from 48 to 96 h (Fig. 7a). Among the intensity categories, the largest192

improvements were found for SuperTY. Fine-tuning reduced the MAEs by 0.71–3.31 ms−1 at193

all evaluated lead times. TIFNet-IFSspec-FT also had lower MAEs than TIFNet-IFS-FT during194

48–120 h, with reductions of 0.73–2.15 ms−1 (Fig. 7f).195

A similar response occurred during RI periods. TIFNet-IFSspec-FT reduced the MAEs by196

1.37–3.71 ms−1 relative to TIFNet-IFSspec-ZS at every evaluated lead time. TIFNet-IFSspec-FT197

also had lower MAEs than TIFNet-IFS-FT, with reductions of 0.53–4.77 ms−1 (Fig. 7h). In198

contrast, fine-tuning did not consistently reduce errors for TS, STS, TY, or RW periods. The199

response to spectral attenuation was not determined by the atmospheric fields alone: adaptation200

to the modified input distribution recovered much of the degradation for SuperTY and RI and,201

at several lead times, produced lower errors than fine-tuning with the original IFS fields.202

Overall, the sensitivity experiments separate three properties of the atmospheric inputs.203

Increasing forecast error degraded TIFNet intensity skill, whereas reducing short-wavelength204

variability had little effect on overall performance but increased errors for SuperTY and RI periods.205

Input-specific fine-tuning recovered much of this degradation. These results are consistent with206

the longer-range TIFNet-AIFS advantage arising from a trade-off: the lower atmospheric-field207

errors of AIFS offset part of the loss associated with smoother, short-wavelength-deficient fields,208

while adaptation to the AIFS inputs provides additional improvement.209

3 Discussion210

Recent AI weather models have demonstrated competitive skill in global atmospheric prediction211

and TC track forecasting (Bi et al., 2023; Lam et al., 2023; Price et al., 2025; Lang et al., 2024),212

but whether they can provide useful intensity forecasts despite smoother storm representations213

remains unclear. Here, we compared AIFS and IFS both as direct TC prediction systems and as214

atmospheric inputs to TIFNet. A central result of this study is that direct TC intensity skill and215

the usefulness of atmospheric forecast fields for intensity prediction are not equivalent. AIFS216

produced larger direct intensity errors than IFS, yet TIFNet driven by AIFS had lower errors at217

longer lead times, with the largest differences for SuperTY and pooled rapid-intensity-change218

samples (RI and RW). The reversal in model ranking shows that a global forecasting system219

need not provide the most accurate direct intensity forecast to supply atmospheric information220

that is useful for subsequent intensity prediction.221

5



Atmospheric forecast accuracy provides one explanation for this behavior. AIFS had lower222

atmospheric-field errors than IFS across the forecast period, and the difference generally increased223

with lead time. The forecast-lead sensitivity experiments showed corresponding deterioration in224

TIFNet intensity forecasts as errors in the IFS input fields increased. This supports the view225

that accurate prediction of the evolving atmospheric environment is important for longer-range226

intensity prediction, consistent with the established role of environmental conditions in regulating227

TC evolution (Emanuel, 1999; Kaplan et al., 2015; Montgomery and Smith, 2017). It also helps228

explain why the advantage of TIFNet-AIFS emerged mainly at longer lead times, even though229

AIFS remained less accurate than IFS in direct intensity prediction.230

The spatial characteristics of the input fields also affected intensity prediction. AI weather231

models often produce smoother forecasts and reduce small-scale variability compared with nu-232

merical prediction systems (Bi et al., 2023; Bonavita, 2024). However, reducing short-wavelength233

power in IFS did not produce a uniform response. Instead, its impact depended on storm234

intensity and intensity evolution: spectral attenuation improved forecasts for weaker storms and235

RW but degraded forecasts for SuperTY and RI. These results show that small-scale information236

remains important for intense and rapidly evolving TCs, even though accurate representation of237

environmental evolution also provides valuable predictive information.238

How the intensity model is adapted to those fields also matters. Fine-tuning TIFNet on239

IFSspec recovered much of the degradation found in the zero-shot forecasts for SuperTY and RI240

and, at several lead times, produced lower errors than fine-tuning with the original IFS fields. The241

usefulness of an atmospheric forecast is thus determined not only by the information contained242

in the fields, but also by how effectively the intensity model extracts that information. This243

result also suggests that smoother atmospheric fields should not be interpreted by themselves as244

a direct measure of their value for TC intensity prediction. Reduced short-wavelength variability245

can remove information that is important for intense and rapidly evolving storms, but part of246

this loss can be compensated by adapting the prediction model to the characteristics of the input247

fields.248

These findings point to a different way of using global atmospheric forecasts for TC intensity249

prediction. Conventional dynamical forecasting has sought to improve intensity prediction through250

increasingly realistic representations of the storm, supported by higher resolution, improved251

initialization and data assimilation, and advances in physical parameterizations (Gopalakrishnan252

et al., 2012; Goldenberg et al., 2015; Emanuel and Zhang, 2016). Global AI weather models253

are primarily optimized to predict the evolution of the atmospheric state and do not necessarily254

reproduce the same degree of storm-scale detail (Bi et al., 2023; Lam et al., 2023). TIFNet255

uses the resulting forecast information: rather than requiring the atmospheric model itself256

to reproduce the correct TC intensity, it learns a direct relationship between the predicted257

atmospheric environment, recent intensity evolution, and subsequent intensity change. More258

recent cyclone-specific AI forecasting systems have likewise shown that substantial information259

about TC evolution can be extracted from relatively coarse global atmospheric fields (Alet et al.,260

2026). Our results suggest that the value of a global weather forecast for TC intensity prediction261

lies not only in how accurately it represents the storm, but also in the intensity information262

retained in the predicted environment and how effectively that information can be extracted by263

a specialized model.264

Several directions remain for future research. This study focused on maximum wind intensity265

prediction, and future work should investigate whether the relationship between atmospheric-field266

accuracy, spatial information, and model adaptation also applies to other aspects of TC prediction,267

including wind structure, precipitation, and landfall impacts. Further controlled experiments will268

also be needed to identify the atmospheric processes and spatial scales that contribute most to269

intensity predictability. More broadly, our results suggest that future forecasting systems might270

benefit from combining accurate global AI forecasts with specialized prediction models, allowing271

global atmospheric evolution and cyclone-specific intensity information to be represented within272
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complementary frameworks.273

4 Methods274

4.1 Datasets275

The positions and intensities of TCs were obtained from the CMA best-track dataset for the276

western North Pacific, including the South China Sea (Ying et al., 2014; Lu et al., 2021). Six-277

hourly records at 00, 06, 12, and 18 UTC were used. For each TC, records were retained from the278

first to the last tropical-storm-or-stronger observation, including intervening tropical-depression279

records followed by reintensification. Subsequent extratropical records were excluded. The280

independent 2023–2024 test period contained 43 TCs and 906 retained CMA records.281

Atmospheric data were obtained from the 0.25◦ hourly ERA5 (Hersbach et al., 2020), ECMWF282

IFS deterministic forecasts and analyses (ECMWF, 2023), and retrospective forecasts produced283

with ECMWF deterministic AIFS Single v1.0 from IFS analyses (Lang et al., 2024; Pinnington284

et al., 2025). ERA5 data from 1990–2020 were used for TIFNet pretraining and data from 2021–285

2022 used for validation. Input-specific fine-tuning used forecasts from 2020–2021 for training286

and data from 2022 for model selection. Forecasts from 2023–2024 were reserved exclusively for287

independent evaluation and were not used for training or model selection.288

4.2 TC-centered atmospheric inputs289

For each data source, atmospheric fields were independently centered on the diagnosed TC290

position before being supplied to TIFNet. TC centers were diagnosed separately from ERA5,291

IFS, AIFS, and verifying IFS analyses using three equally weighted estimates: the geometric292

circulation center from 850-hPa winds, the minimum sea level pressure, and the minimum 850-hPa293

geopotential height. The CMA position was used only to initialize the search at forecast issue294

time. At subsequent lead times, the search was initialized from the previously diagnosed center295

and refined within a 300-km radius.296

The centered fields were linearly interpolated onto a 72 × 72 latitude–longitude grid at297

0.25◦ spacing, covering approximately 18◦ × 18◦. Each time step contained 44 atmospheric298

fields. Nine surface fields were used: 10-m zonal and meridional wind, 2-m air temperature, skin299

temperature, mean sea level pressure, surface geopotential, land–sea mask, subgrid orographic300

standard deviation, and orographic slope. Zonal wind, meridional wind, temperature, specific301

humidity, and geopotential at 100, 200, 300, 500, 700, 850 and 925 hPa provided a further 35302

fields.303

All inputs were normalized using statistics calculated from the 1990–2020 ERA5 pretraining304

dataset. The same statistics were applied to all data sources and forecast lead times. Wind,305

temperature, pressure, and upper-air variables were standardized using the ERA5 mean and306

standard deviation, whereas surface geopotential, land–sea mask, and the two orographic variables307

were scaled using the corresponding minimum and range.308

4.3 TIFNet prediction and input-specific fine-tuning309

We used the TIFNet architecture described by Qu et al. (2026), retaining its encoder–decoder310

structure and noniterative prediction of TC intensity change. The encoder received five atmo-311

spheric states at 6-h intervals together with observed CMA intensities from -24 to 0 h. The312

decoder received 21 forecast atmospheric states from 0 to 120 h at 6-h intervals, without future313

observed intensity. Spatial patches of surface and upper-air fields were processed using separate314

spatial and temporal attention, followed by cross-attention between the historical and forecast315

representations and a final linear regression head.316
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A single forward pass predicted TC intensity change at all forecast lead times. The target317

intensity change was defined as318

∆V (t) = V (t)− V (0)

and the predicted intensity as319

V̂ (t) = V (0) + ∆̂V (t)

where V (0) is the observed intensity at forecast initialization. Forecasts at later lead times320

did not use predicted intensities from earlier lead times.321

All experiments started from the same ERA5-pretrained checkpoint selected using the 2021–322

2022 validation loss. For zero-shot prediction, this checkpoint was applied directly to each323

atmospheric forecast source without fine-tuning. For input-specific fine-tuning, the atmospheric324

feature extractors, encoder, decoder, and cross-attention layers were frozen, and only the325

final linear regression head was optimized separately for IFS, AIFS, and IFSspec using the326

corresponding 2020–2021 inputs. Data from 2022 were used for model selection.327

For both pretraining and input-specific fine-tuning, the loss function was the mean squared328

error of the standardized intensity changes over valid forecast lead times. Optimization was329

performed using the Adam optimizer (Kingma and Ba, 2015) with batch size of 8 and weight330

decay of 10-3. The learning rate increased from 10-6 to 10-4 over the first three epochs and331

subsequently followed cosine annealing (Loshchilov and Hutter, 2017). Training was terminated332

after 10 consecutive epochs without improvement in validation loss. The checkpoint with the333

lowest validation loss was retained.334

4.4 Experimental design335

To identify the factors underlying the differences between TIFNet-AIFS and TIFNet-IFS, we336

designed three controlled experiments (Table 1). First, AIFS and IFS were compared both337

as direct TC forecasting systems and as atmospheric inputs to TIFNet. Second, IFS fields338

from different forecast lead times were used to examine the sensitivity of TIFNet to input339

forecast-error growth. Third, original and spectrally modified IFS fields (IFSspec) were compared340

under zero-shot and fine-tuned settings to assess the effects of spectral information and model341

adaptation.342

4.4.1 AIFS and IFS comparison343

Direct forecasts of TC track and intensity from AIFS and IFS were evaluated against CMA344

best-track observations. The corresponding TC-centered atmospheric forecasts were then used345

independently as inputs to TIFNet to produce TIFNet-AIFS and TIFNet-IFS forecasts. The346

TIFNet architecture, prediction target, and evaluation samples were identical between the two347

configurations.348

Intensity error at forecast lead t was defined as349

EV (t) =
⃓⃓
⃓V̂ (t)− Vobs(t)

⃓⃓
⃓

where V̂ (t) and Vobs(t) are the forecast and observed TC intensities, respectively. Track350

error was calculated as the great-circle distance between the diagnosed forecast center and the351

corresponding CMA best-track position. Errors were summarized at each forecast lead by their352

mean values.353

Forecasts were stratified by CMA intensity category at verification time. The intensity ranges354

were TS, 17.2–24.5 m s-1; STS, 24.5–32.7 m s-1; TY, 32.7–41.5 m s-1; STY, 41.5–51.0 m s-1; and355

SuperTY, ≥51.0 m s-1 (Lu et al., 2021). The observed 24-h intensity change ending at verification356

time t was defined as357
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∆Vobs,24h(t) = Vobs(t)− Vobs(t− 24 h).

Periods of RI and RW were defined by ∆Vobs,24h(t) ≥ 15m s−1 and ∆Vobs,24h(t) ≤ −15m s−1,358

respectively; thus, rapid-intensity-change samples satisfied |∆Vobs,24h(t)| ≥ 15m s−1. Here, t359

denotes the verification time. The threshold and sample-selection procedure were otherwise360

unchanged.361

AIFS and IFS atmospheric forecasts were compared with verifying IFS analyses on the362

common TC-centered grid. Forecast and analysis fields were independently centered on their363

diagnosed TC positions before verification, excluding absolute TC position differences from the364

field-error calculation.365

For each variable and forecast lead, the RMSE was calculated by pooling squared differences366

over all retained samples and all 72 × 72 grid points. The analysis included 16 representative367

fields: 2-m temperature, mean sea level pressure, and 10-m zonal and meridional winds, together368

with temperature, geopotential, and zonal and meridional winds at 850, 500, and 200 hPa.369

4.4.2 Input forecast-lead sensitivity experiment370

A forecast-lead sensitivity experiment was performed using IFS atmospheric fields to examine371

the response of TIFNet to increasing atmospheric forecast error. The same zero-shot TIFNet372

checkpoint was used in all experiments. Decoder inputs were constructed using IFS fields at373

fixed input-field lead times of 24, 48, 72, or 96 h, defining TIFNet-IFS-24h, TIFNet-IFS-48h,374

TIFNet-IFS-72h, and TIFNet-IFS-96h, respectively. The encoder inputs and observed initial375

intensities were kept identical, and no TIFNet parameters were updated in these experiments.376

4.4.3 Input spectral sensitivity experiment377

To examine the effect of spatial-scale variability in the atmospheric inputs, we constructed378

IFSspec, a spectrally modified version of IFS. Paired 850-hPa kinetic energy spectra showed379

lower AIFS spectral energy than IFS at smaller spatial scales (Fig. A1). For each paired dynamic380

field, the Fourier amplitudes of IFS were adjusted as a function of radial wavenumber toward381

those of AIFS at the same valid time, variable, and pressure level, while retaining the spatial382

phase of IFS.383

For each field, the spatial mean was removed and a two-dimensional Hann-windowed pe-384

riodogram was calculated. Spectral power was radially aggregated into 30 wavenumber bins385

using an approximate horizontal grid spacing of 25 km. The scale-dependent amplitude gain was386

defined as387

G(k) = min{1, [
EAIFS(k)

max(EIFS(k), 10
−12)

]
1/2

},

where EIFS(k) and EAIFS(k) are the radial power spectra of the paired IFS and AIFS fields,388

respectively, at radial wavenumber k.389

The gain was Gaussian-smoothed over two wavenumber bins, clipped to [0, 1], and interpolated390

onto the corresponding two-dimensional Fourier frequencies before being applied to the IFS391

Fourier amplitudes. Because G(k) ≤ 1, the transformation attenuated scales only for which IFS392

contained more spectral energy than AIFS and did not amplify scales for which IFS energy was393

lower. Fourier phases were unchanged, and the original IFS spatial mean was restored after394

inverse transformation.395

The diagnosed TC center, 0.25◦ grid, surface geopotential, land–sea mask, and orographic396

fields were retained unchanged. The perturbation modified spectral amplitudes while retaining397

the TC position, Fourier phase, and static surface fields. The 850-hPa kinetic energy spectra398

of IFSspec were recalculated using the same paired samples to verify that the transformation399

shifted the smaller-scale spectral characteristics of IFS towards those of AIFS (Fig. A1).400
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IFSspec was used only as a diagnostic sensitivity experiment. The zero-shot configurations401

TIFNet-IFS-ZS and TIFNet-IFSspec-ZS isolated the effect of spectral perturbation, whereas402

TIFNet-IFS-FT and TIFNet-IFSspec-FT assessed the effect of spectral perturbation after input-403

specific fine-tuning.404

Table 1. Experimental configurations used to evaluate the effects of atmospheric forecast source, input
forecast lead, spectral characteristics, and model adaptation on TIFNet intensity prediction.

Experiment Configuration Atmospheric input TIFNet set-
ting

Controlled fac-
tor(s)

Atmospheric-
source compari-
son

TIFNet-IFS IFS forecasts Head fine-
tuned

Atmospheric in-
put source

Atmospheric-
source compari-
son

TIFNet-AIFS AIFS forecasts Head fine-
tuned

Atmospheric in-
put source

Input forecast-
lead sensitivity

TIFNet-IFS-24h IFS fields at 24-h forecast
lead

Zero-shot IFS input fore-
cast lead

Input forecast-
lead sensitivity

TIFNet-IFS-48h IFS fields at 48-h forecast
lead

Zero-shot IFS input fore-
cast lead

Input forecast-
lead sensitivity

TIFNet-IFS-72h IFS fields at 72-h forecast
lead

Zero-shot IFS input fore-
cast lead

Input forecast-
lead sensitivity

TIFNet-IFS-96h IFS fields at 96-h forecast
lead

Zero-shot IFS input fore-
cast lead

Spectral pertur-
bation × adapta-
tion

TIFNet-IFS-ZS Original IFS fields Zero-shot Spectral content
× model adapta-
tion

Spectral pertur-
bation × adapta-
tion

TIFNet-IFSspec-ZS IFSspec: IFS fields with
Fourier amplitudes ad-
justed toward AIFS

Zero-shot Spectral content
× model adapta-
tion

Spectral pertur-
bation × adapta-
tion

TIFNet-IFS-FT Original IFS fields Head fine-
tuned

Spectral content
× model adapta-
tion

Spectral pertur-
bation × adapta-
tion

TIFNet-IFSspec-FT IFSspec: IFS fields with
Fourier amplitudes ad-
justed toward AIFS

Head fine-
tuned

Spectral content
× model adapta-
tion

Note: IFSspec denotes spectrally modified IFS fields in which the Fourier amplitudes are adjusted toward
those of AIFS while retaining the IFS spatial mean, Fourier phase, grid, and static fields. ZS denotes
zero-shot application of the ERA5-pretrained TIFNet without fine-tuning. FT denotes input-specific
fine-tuning in which only the final regression head is optimized while all other TIFNet parameters remain
frozen.

4.5 Statistical analysis405

Uncertainty in the reported mean errors was estimated using 20,000 paired record-level bootstrap406

resamples drawn with replacement. The same resampled indices were used for forecasts in each407

paired comparison. The 95% confidence interval was defined by the 2.5th and 97.5th percentiles408

of the bootstrap distribution. A random seed was used for all resampling.409

Differences between paired forecasts were tested using two-sided paired-bootstrap tests of the410

mean absolute error difference. The null distribution was obtained by centering the observed411

paired error differences at zero. The finite-resample correction412

P =
b+ 1

B + 1
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was applied, where B = 20,000 is the number of bootstrap replicates and b is the number of413

replicates at least as extreme as the observed difference.414

The Benjamini–Hochberg false-discovery-rate correction (Benjamini and Hochberg, 1995)415

was applied separately within each plotted panel across the displayed forecast lead times and416

prespecified comparisons. Adjusted Padj < 0.05 was considered statistically significant. The417

two single-storm case studies (Figs. 3 and 4) were presented descriptively, without bootstrap418

confidence intervals, hypothesis tests or multiple-comparison correction; atmospheric-field RMSEs419

were also treated as descriptive.420

Data availability421

CMA best-track data are available from the CMA Tropical Cyclone Data Center at https:422

//tcdata.typhoon.org.cn/zjljsjj_zlhq.html, ERA5 from the Copernicus Climate Data423

Store at https://cds.climate.copernicus.eu/, and IFS analyses and forecasts from the424

ECMWF archive at https://www.ecmwf.int/en/forecasts/dataset/operational-archive,425

subject to ECMWF access conditions. The AIFS Single v1.0 model and configuration are426

available at https://huggingface.co/ecmwf/aifs-single-1.0.427

Code availability428

The IFSMatch2AIFS spectral-matching code, TIFNet model pseudocode, trained ONNX models,429

and inference example are available at https://github.com/Alley0911/TIFNet-AIFS-VS-TIFNet-IFS.430
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Figure 1. Overall comparison of AIFS and IFS forecasts and the corresponding TIFNet
intensity forecasts. a, CMA best-track trajectories during 2023–2024, with fixes color-coded by intensity
category. b, Intensity MAEs of the direct AIFS and IFS forecasts. c, Mean track errors of AIFS and
IFS. d, Intensity MAEs of fine-tuned TIFNet driven by AIFS (TIFNet-AIFS) and IFS (TIFNet-IFS) for
all samples. e, Intensity MAEs for rapid-intensity-change (RW or RI) samples. RI and RW samples are
identified from the observed 24-h intensity change ending at each verification time, with intensity forecast
errors evaluated at that time. Shaded bands in b,c and error bars in d,e indicate 95% percentile bootstrap
confidence intervals. In d,e, brackets connect the compared configurations. Asterisks indicate statistically
significant differences after correction for multiple comparisons (Padj < 0.05).
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Figure 2. TIFNet intensity errors stratified by TC intensity category. Mean absolute intensity
errors of fine-tuned TIFNet-AIFS and TIFNet-IFS forecasts are shown for a, TS; b, STS; c, TY; d, STY;
and e, SuperTY, with categories defined from intensity at verification time. Blue bars on the left show
TIFNet-AIFS and gray bars on the right show TIFNet-IFS; hatching denotes fine-tuned configurations.
Error bars indicate 95% percentile bootstrap confidence intervals. Brackets connect the compared
configurations, and asterisks indicate statistically significant differences after correction for multiple
comparisons (Padj < 0.05).
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Figure 3. Case study of Typhoon Mawar (2023). a,b, AIFS and IFS forecast tracks, respectively.
Thin colored lines show trajectories from individual initialization times; the black line and colored fixes
show the CMA best track and its observed intensity categories. c, Mean track error, with AIFS shown by
blue circles and IFS by gray squares. d,e, Fine-tuned TIFNet-AIFS and TIFNet-IFS intensity forecasts,
respectively. Thin colored lines show individual forecasts, thick colored lines show the mean forecast at
each valid time, and the black line with open circles shows CMA observations. f,g, Intensity MAE for all
samples and rapid-intensity-change (RW or RI) samples, respectively. Blue AIFS bars are on the left and
gray IFS bars are on the right; hatching denotes fine-tuned configurations. The case study is descriptive
and no inferential tests are applied.
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(f) Intensity forecast error
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Figure 4. Case study of Typhoon Man-yi (2024). a,b, AIFS and IFS forecast tracks, respectively.
Thin colored lines show trajectories from individual initialization times; the black line and colored fixes
show the CMA best track and its observed intensity categories. c, Mean track error, with AIFS shown by
blue circles and IFS by gray squares. d,e, Fine-tuned TIFNet-AIFS and TIFNet-IFS intensity forecasts,
respectively. Thin colored lines show individual forecasts, thick colored lines show the mean forecast at
each valid time, and the black line with open circles shows CMA observations. f,g, Intensity MAE for all
samples and rapid-intensity-change (RW or RI) samples, respectively. Blue AIFS bars are on the left and
gray IFS bars are on the right; hatching denotes fine-tuned configurations. The case study is descriptive
and no inferential tests are applied.
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Figure 5. Errors in the AIFS and IFS atmospheric inputs to TIFNet. RMSEs relative to
verifying IFS analyses are shown for a–d, 2-m temperature (T2M), mean sea level pressure (MSLP), 10-m
zonal wind (U10), and 10-m meridional wind (V10), respectively; e–h, temperature, geopotential, zonal
wind, and meridional wind at 850 hPa, respectively; i–l, the corresponding variables at 500 hPa; and m–p,
the corresponding variables at 200 hPa. Curves show AIFS (blue circles) and IFS (gray squares) errors as
a function of forecast lead time during the 2023–2024 evaluation period. Pressure RMSE is reported in
hPa. All fields are verified on their respective TC-centered grids.
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Figure 6. Sensitivity of TIFNet intensity forecasts to input forecast-error growth. Mean
absolute intensity errors are shown for TIFNet-IFS-24h, TIFNet-IFS-48h, TIFNet-IFS-72h, and TIFNet-
IFS-96h. The 24h, 48h, 72h and 96h suffixes in the model names denote the forecast lead times of the
IFS input fields, whereas the horizontal axis denotes the TIFNet intensity forecast lead time. a, All
forecast samples. b, Rapid-intensity-change (RW or RI) samples. Error bars indicate 95% percentile
bootstrap confidence intervals. Brackets connect the configurations included in each of the six pairwise
comparisons among the four input-lead configurations; asterisks indicate statistically significant differences
after correction for multiple comparisons (Padj < 0.05).
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Figure 7. Sensitivity of TIFNet intensity forecasts to input spectra and fine-tuning. Mean
absolute intensity errors are shown, from left to right within each lead-time group and in the legend,
for TIFNet-IFS-ZS, TIFNet-IFS-FT, TIFNet-IFSspec-ZS, and TIFNet-IFSspec-FT. Gray denotes IFS
inputs and blue denotes IFSspec inputs; solid bars denote zero-shot (ZS) application and hatched bars
denote fine-tuning (FT). a, All forecast samples. b–f, Forecasts stratified by CMA intensity category at
verification time: TS, STS, TY, STY, and SuperTY, respectively. g, RW samples. h, RI samples. Error
bars indicate 95% percentile bootstrap confidence intervals. Brackets connect the compared configurations:
IFS and IFSspec under the same adaptation setting, and ZS and FT for the same input source. Asterisks
indicate statistically significant differences after correction for multiple comparisons (Padj < 0.05).
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A Spectral validation of IFSspec574

The paired 850-hPa kinetic energy spectra show that IFSspec retained the broad spectral shape575

of IFS while strongly reducing its short-wavelength power toward the AIFS spectrum (Fig. A1).576
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Figure A1. 850-hPa kinetic energy spectra. Curves show the mean one-dimensional isotropic kinetic
energy spectra calculated from TC-centered fields common to the three datasets during 2023–2024 at
forecast lead times of 24, 48, 72, 96, and 120 h.
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