
Atmospheric Research 308 (2024) 107536

Available online 12 June 2024
0169-8095/© 2024 Elsevier B.V. All rights are reserved, including those for text and data mining, AI training, and similar technologies.

Influence of region-dependent error growth on the predictability of track 
and intensity of Typhoon Chan-hom (2020) in high-resolution 
HWRF ensembles 

Jie Feng a,b, Falko Judt c, Jing Zhang d,*, Xuguang Wang e 

a Department of Atmospheric and Oceanic Sciences and Institute of Atmospheric Sciences, Fudan University, Shanghai, China 
b Shanghai Key Laboratory of Ocean-land-atmosphere Boundary Dynamics and Climate Change,Fudan University, Shanghai, China 
c Mesoscale and Microscale Meteorology Laboratory, National Center for Atmospheric Research, Boulder, CO, USA 
d Shanghai Typhoon Institute, China Meteorological Administration, Shanghai, China 
e School of Meteorology, University of Oklahoma, Norman, OK, USA   

A R T I C L E  I N F O   

Keywords: 
Tropical cyclone 
Predictability 
Multi-scale error growth 

A B S T R A C T   

Enhancing the predictive capabilities for tropical cyclones (TCs) necessitates comprehensive investigations into 
their predictability. This study employs convection-allowing ensemble forecasts using the Hurricane Weather 
Research and Forecasting model, integrating perturbed initial conditions to examine error growth and initial 
condition error-related predictability (IE-predictability) of TCs. Distinctively, our research concentrates on how 
the predictability of TC track and intensity is influenced by initial errors in various zones: (1) the inner core and 
outer rainbands (0–350 km), (2) the near environment (350–1300 km), and (3) the far environment (1300–3500 
km). 

Contrary to many prior studies, our findings suggest that the most critical region for initial errors affecting TC 
track forecasts is within the TC inner structures. For Typhoon Chan-hom (2020), characterized by significant 
track forecast discrepancies, the initial inaccuracies in the inner core and outer rainbands substantially affect the 
TC’s proximate environment and track, more so than errors in the near and far environments. Regarding TC 
intensity, the inner core emerges as the most sensitive area. The surface wind configuration of the TC inner core 
at larger scales (wavenumbers 0–2) maintains predictability for over three days, whereas its structure at finer 
scales is only predictable for a few hours. 
Plain language summary: The forecasting of tropical cyclones (TCs) has seen significant advancements over recent 
decades. A critical question arises: to what extent can we further enhance the accuracy of TC predictions? 
Addressing this requires in-depth exploration of TC predictability. In our study, we utilized convection-allowing 
ensemble forecasts based on the Hurricane Weather Research and Forecasting (HWRF) model, incorporating 
perturbed initial conditions to analyze the development of forecast errors and the predictability related to these 
initial errors in TCs. A novel aspect of this research is its emphasis on the impact of initial errors in different 
regions on the predictability of TC track and intensity. Our key findings are twofold: (1) The region most 
impacted by initial errors for TC track predictions may not always be the surrounding environment. Instead, 
errors within the TC’s inner core and outer rainbands, owing to their pronounced interplay, can lead to 
significantly greater track forecast errors compared to those in the near and far environments. (2) As for TC 
intensity, the inner core emerges as the most susceptible region. The large-scale components (wavenumbers 0–2) 
of the TC’s inherent vortex flow can be forecasted accurately for over four days, largely due to the predictability 
of the synoptic-scale environment. In contrast, the smaller-scale components (wavenumbers >2) demonstrate 
predictability for only a few hours.   
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1. Introduction 

The accurate prediction of tropical cyclones (TCs) remains chal-
lenging, even with recent advancements in theoretical understanding, 
enhanced observing systems, improved numerical models, and refined 
data assimilation techniques. A critical aspect of these predictions is the 
intensity of TCs, which serves as a key indicator of their potential for 
destruction. Predicting this intensity is particularly challenging due to 
the intricate interactions across phenomena at different scales within 
TCs (Wang and Wu, 2004; Gopalakrishnan et al., 2011). Notably, the 
accuracy of TC intensity forecasts has improved only marginally over the 
past decades, as documented by Cangialosi and Franklin (2014), 
DeMaria et al. (2014), Emanuel and Zhang (2016), and Cangialosi et al. 
(2020). In contrast, the accuracy in forecasting TC tracks has seen a 
more significant improvement, with errors decreasing by over 50 % in 
the same timeframe (Katz and Murphy, 2015; Cangialosi et al., 2020). 
However, despite these advances, substantial errors still persist in pre-
dicting the tracks of TCs, particularly for those exhibiting curving, 
looping, or stalling trajectories (Wu et al., 2014; Torn et al., 2015; Feng 
et al., 2022). This limited progress in further reducing errors in TC track 
and intensity forecasts raises fundamental questions about their 
inherent predictability. 

The trajectory of a TC is predominantly influenced by the large-scale 
environmental steering flow, as corroborated by various studies (Ema-
nuel et al., 2004; Wu et al., 2005). This steering flow encompasses the 
weather systems surrounding a TC, including the monsoon trough, the 
subtropical ridge, and the mid-latitude trough (Chia and Ropelewski, 
2002; Wu et al., 2005). From predictability perspective, many re-
searches indicate that inaccuracies in the structures and positions of 
these synoptic-scale systems due to the deficiencies in data assimilation 
and model configuration are a primary source of errors in TC track 
predictions (Ito and Wu, 2013; Torn et al., 2018; Ashcroft et al., 2021; 
Hazelton et al., 2023; Qin et al., 2023; Zhang et al., 2023). For instance, 
Nystrom et al. (2018) demonstrated that the most significant track 
prediction errors for Hurricane Joaquin in 2015 originated from the 
environmental region extending beyond 300 km from the TC’s center, as 
determined through ensemble-based sensitivity analysis. In contrast, 
there are relatively fewer investigations suggesting that errors stemming 
from internal TC processes can significantly alter the TC’s surrounding 
environment. Such alterations, driven by mechanisms like the advection 
of potential vorticity, can subsequently lead to deviations in the TC’s 
trajectory (Torn et al., 2015). Nevertheless, there remains a lack of 
consensus regarding which region of initial condition errors is most 
critical for accurate track forecasting. 

Forecasting the intensity of TCs is notably more complex than pre-
dicting their track, owing to the intricate interplay of dynamic and 
thermodynamic processes across various spatiotemporal scales (Wang 
and Wu, 2004; Gopalakrishnan et al., 2011). Specifically, extensive 
research over decades has established that the large-scale environmental 
factors, such as vertical wind shear, significantly influence TC intensity 
(Black et al., 2002; Chen et al., 2006; Tang and Emanuel, 2012; Rios- 
Berrios and Torn, 2017). Additionally, the temperature and salinity of 
the upper ocean (Emanuel et al., 2004) and the dynamics of air-sea in-
teractions are crucial (Emanuel, 1986; Chen et al., 2007, 2013; Ma et al., 
2017, 2018). Beyond these environmental influences, the role of internal 
mesoscale processes, which include moisture convective dynamics, 
eyewall replacement cycles, and potential vorticity anomalies, is also 
significant in determining TC intensity (Shapiro and Willoughby, 1982; 
Rogers, 2010; Zhang and Chen, 2012; Kutty and Gohil, 2017; Qin et al., 
2021, 2023). Based on a perfect model framework, Emanuel and Zhang 
(2016) demonstrated the errors in initial storm intensity dominates the 
error growth of intensity forecasts over the first few days and then in-
fluence of the errors in the large-scale environment becomes pro-
nounced. In addition, the complex interaction between the internal 
dynamics of TCs and their environmental conditions, particularly in 
relation to the evolution of spiral rainbands and secondary circulation, 

has been thoroughly researched (Houze et al., 2006; Judt and Chen, 
2010; Li and Wang, 2012). This intricate interplay poses significant 
challenges in accurately forecasting changes in TC intensity. A key 
aspect of enhancing predictability involves identifying specific regions 
where these physical processes have the most profound impact on TC 
intensity. Furthermore, the predictability of TC intensity is often 
assessed by evaluating how sensitive the predictions of TC intensity and 
structure are to variations in the initial conditions, i.e., the ensemble- 
based sensitivity analysis (e.g., Torn and Hakim, 2008; Ito and Wu, 
2013; Ren et al., 2019; Jayakrishnan et al., 2020). 

The ensemble-based approach has been widely used to understand 
the predictability of TC intensity forecasts. Sippel and Zhang (2008, 
2010) demonstrated that initial errors in moist convection, even those of 
minimal magnitude, can escalate rapidly, influencing larger-scale 
physical processes through upscale error growth, which in turn limits 
the predictability of TC intensity. Complementing this, Van Sang et al. 
(2008) and Shin and Smith (2008) observed that minor initial random 
perturbations in boundary layer moisture can induce strong asymme-
tries in the TC vortex, leading to significant variability in intensity 
predictions. Beyond the impact of the TC inner core processes alone, 
studies by Zhang and Tao (2013), Tao and Zhang (2015), and Finocchio 
and Majumdar (2017) indicate that the predictability of TC intensity is 
further reduced (i.e., becomes more sensitive to initial uncertainties) in 
the presence of increased vertical wind shear. Judt and Chen (2016) 
identified that the intricate interplay among vertical wind shear, the 
mean vortex, and internal convective processes collectively contributes 
to the uncertainty in TC intensity forecasts. Despite extensive research 
into the sensitivity of TC intensity to various factors, the relative impact 
of initial errors in different regions on TC intensity predictions has not 
been explicitly addressed. 

Several studies have attempted to quantify the upper limit of pre-
dictability for TC intensity. Kieu and Moon (2016) observed that the 
sample-mean forecast errors for TC intensity, as measured by the 
maximum sustained surface wind (MSW) speed, tend to stabilize at 
approximately 8–10 m s− 1 in both an axisymmetrical model and real- 
time data analysis. This observation led them to suggest a maximum 
predictability limit of around three days for MSW. Similarly, Hakim 
(2013) derived a comparable three-day predictability limit for the 
azimuthal wind in TCs, using analog forecasts based on extensive 
simulation data from an idealized axisymmetrical model. In a more 
focused study, Kieu and Rotunno (2022) reported that in an idealized TC 
simulation, the spectral kinetic error growth for high azimuthal wave-
numbers reaches a saturation point after approximately nine hours, 
compared to about 18 h for the radial direction. Additionally, Zhong 
et al. (2018) estimated the predictability of TC intensity in the western 
North Pacific basin to range between two and a half to seven days, using 
a local dynamic analog method. However, it is important to note that 
these results are based on simplified TC models or algorithms within an 
ideal framework, and do not fully account for the effects of multi-scale 
physical processes on changes in TC intensity. 

Judt et al. (2016) conducted a scale-dependent analysis of the pre-
dictability limits of the inner core surface winds in TCs using the cloud- 
resolving Weather Research and Forecasting (WRF) model and Fourier 
decomposition. Their findings revealed a clear scale-dependency in the 
error growth and predictability limits of surface wind speed: (1) the 
mean vortex and wavenumber-1 asymmetry exhibited predictability 
exceeding seven days; (2) the scales corresponding to rain bands 
(wavenumbers 2–5) maintained predictability for several days; and (3) 
convective scales (wavenumbers >7) demonstrated predictability only 
within a 6–12 h window. However, it is important to note that Judt et al. 
(2016) employed a stochastic perturbation method to mimic model 
error, involving continuous perturbation of the model fields. This 
methodology precluded a comprehensive assessment of the initial error- 
related predictability (IE-predictability) of TCs. IE-predictability refers 
to the potential for prediction accuracy when an almost perfect pro-
cedure is utilized, as explored in foundational studies by Lorenz (1969), 
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Sun and Zhang (2016), and Selz (2019). 
Addressing the aforementioned limitations, this study focuses on 

exploring the IE-predictability of TC track and intensity. This investi-
gation utilizes convection-allowing ensemble forecasts, employing per-
turbed initial conditions within the framework of the Hurricane Weather 
Research and Forecasting (HWRF) model. The HWRF model is a Non- 
Hydrostatic Mesoscale Model on the E Grid (NMM-E) and employs a 
suite of advanced physical parameterizations developed for TC appli-
cations (Biswas, 2018). Its application extends broadly within the area 
of data assimilation, prediction, and mechanism of TCs at operational 
and research centers (e.g., Zhang et al., 2016; Lu et al., 2017). A key 
objective of this study is to evaluate the different sensitivity of TC track 
and intensity forecasts to initial errors originating from distinct regions. 
To this end, we conducted a detailed analysis of error growth and the 
dynamics associated with these region-specific errors. The study spe-
cifically examines Typhoon Chan-hom in 2020, which exhibited signif-
icant uncertainties in both its track and intensity forecasts, thereby 
providing a pertinent case for analysis. This approach aims to enhance 
the understanding of how variations in initial conditions impact TC 
forecast accuracy, with a particular emphasis on the spatial attributes of 
these initial errors. 

This paper is organized as follows. Section 2 describes the model 
setup. Section 3 provides a brief review of the typhoon case and in-
troduces the experimental design. The results of the IE-predictability 
analysis are presented and discussed in Sections 4 (track) and 5 (in-
tensity). Section 6 discusses the results of the combined effect of the 
initial and boundary uncertainties on the TC predictability. Finally, 
Section 7 presents our conclusions and discussion. 

2. Model setup 

The ensemble forecasts employed in our predictability analysis were 
produced using the most recent version of the regional high-resolution 
HWRF model (version 4.0a). The HWRF model is renowned for its 
application in both operational forecasting and academic research of 
tropical storms, as evidenced by studies such as those by Lu et al. (2017), 
Zhang et al. (2016, 2017, 2018), and Feng et al. (Feng and Wang, 2019; 
Feng and Wang, 2021). This model is configured with triply two-way 
nested domains to optimize resolution and accuracy: an innermost 
convection-allowing grid with a 2 km horizontal resolution (D03; 
depicted in Fig. 1, purple box), an intermediate grid at 6 km resolution 
(D02; Fig. 1, red box), and a stationary outer domain at 18 km resolution 
(D01; Fig. 1, outermost domain). The inner two domains, D02 and D03, 
are designed to move synchronously with the vortex, thereby ensuring 
that the TC is consistently within the domain of highest resolution. The 
spatial coverage of these domains is extensive, with D01 encompassing 
an area of approximately 77◦ × 77◦ (288 × 576 grid points), D02 
covering 27◦ × 27◦ (304 × 604 grid points), and D03 spanning 7◦ × 8◦

(265 × 472 grid points). These domains are laid out on a rotated lati-
tude/longitude E-staggered grid and incorporate 61 vertical levels 
extending up to 2 hPa, thereby providing a comprehensive and detailed 
framework for analyzing TC dynamics (Biswas, 2018). 

In our modeling approach, the convective processes within the two 
outer domains, which have resolutions of 18 km and 6 km, were 
parameterized using the simplified Arakawa–Schubert cumulus scheme, 
as outlined by Han and Pan (2006). However, in the innermost domain, 
with a finer 2 km grid spacing, these processes were simulated explicitly. 
The model also incorporated the Ferrier–Aligo microphysics scheme to 
simulate the impact of moist physical processes (Ferrier, 1994, 2005). 
Additionally, the model’s physical schemes included an adaptation of 
the surface layer parameterization as proposed by Kwon et al. (2010) 
and the non-local planetary boundary layer parameterization scheme 
developed by Hong and Pan (1996). For radiation processes, the model 
utilized the Eta Geophysical Fluid Dynamics Laboratory longwave and 
shortwave radiation schemes, based on the foundational work of 
Schwarzkopf and Fels (1991) and Lacis and Hansen (1974). This 

comprehensive suite of physics schemes (summarized in Table 1) was 
strategically selected to enhance the accuracy and reliability of the 
model in simulating the complex dynamics of TCs. 

3. Experimental setup 

3.1. Review of Typhoon Chan-hom 

This study focuses on Typhoon Chan-hom, which developed in early 
October 2020. Typhoon Chan-hom initially intensified from a tropical 
depression to a tropical storm (TS) over the warm ocean southeast of 
Kagoshima, Japan, around 12 UTC on October 5, 2020. This moment 
marks the initial time for the forecasts depicted in Fig. 1. Subsequently, 
the typhoon moved northwestward. On October 8, Typhoon Chan-hom 
underwent a notable directional shift, veering sharply to the east near 
its peak intensity, and then proceeded northeastward off the eastern coast 
of Japan. This trajectory change is thought to be associated with the 
westward expansion and southward shift of the subtropical high (see 
Fig. 1). Moreover, the evolving dynamics of the upper-level trough and 
ridge to the north contributed to heightened uncertainties in the timing of 
Chan-hom’s sharp turn. In the control run simulation, the storm turned 
too late, resulting in a modeled landfall in Japan, as illustrated by the blue 
and brown curves in Fig. 1(a–f). For more details about the information of 
Typhoon Chan-hom, refer to the best track data archive on https://ncics. 
org/ibtracs/index.php?name=v04r00-2020277N21141. 

The considerable track forecast errors for Typhoon Chan-hom when 
comparing to the best track observation, which extended to several 
hundred kilometers, indicate a potentially low predictability for its 
trajectory (see blue and brown curves in Fig. 4). Additionally, the in-
tensity forecasts in the control scenario, when compared with the best 
track observations, exhibited notable discrepancies. Specifically, there 
was an approximate error of 22 hPa in the minimum sea-level pressure 
(MSLP) and a 10 m s− 1 error in the MSW speed at nearly a 96-h lead 
time, as shown in Fig. 6. These substantial errors in both track and in-
tensity make Typhoon Chan-hom an apt case for investigating the 
impact of initial errors on the predictability of TC track and intensity. 

Furthermore, the typhoon had an extended duration over open wa-
ters, lasting five to six days, without significant topographic influences 
(see the best track data archive on https://ncics.org/ibtracs/index.php? 
name=v04r00-2020277N21141). Throughout its lifetime, it sustained 
at least TS intensity for nearly seven days and intensified into a typhoon, 
with maximum sustained winds exceeding 40 m s− 1. This prolonged 
lifecycle, coupled with the high vortex intensity of Chan-hom, provides a 
unique opportunity to explore the potential temporal limits of TC 
predictability. 

3.2. Definition of the regions where perturbations will be introduced 

In our study, the primary objective was to explore the influence of 
region-specific initial uncertainties on the trajectory and intensity of 
TCs. To achieve this, we utilized the three nested domain framework to 
categorize the TC structure into distinct regions, as illustrated in Fig. 1 
and detailed in Table 2. Initial ensemble perturbations would be su-
perposed on individual domains as specified in Table 2 to initialize 
perturbed ensemble forecasts. The design of these domains are as fol-
lows. The innermost domain, designated as D03, encapsulates the TC’s 
core1 and the adjacent outer spiral rainbands, extending approximately 
350 km from the TC center. This radius is nearly four times the RMW 
observed at the initial time (~ 90 km). The segment labeled as “part of 
D03” in Table 1 is particularly earmarked for examining the TC inner 
core (spanning 0–250 km) and the outer rainbands (250–350 km). This 

1 The inner core region of a strong TC generally includes the eye, eyewall, 
and the principle rain bands within about three times the radius of the 
maximum wind (Houze, 2010). 
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segmentation, which includes both the inner core and outer rainbands, 
is in alignment with the definitions proposed by Houze (2010) and Li 
and Wang (2012). Furthermore, the region situated between the 
innermost (D03) and intermediate (D02) domains, encompassing a 
radius of about 350 to 1300 km, is identified as the near environment of 
the TC vortex. Lastly, the region lying between the intermediate (D02) 
and outer (D01) domains, extending from 1300 to 3500 km, corresponds 
to the area overlapping with synoptic-scale weather systems situated at a 
considerable distance from the TC center. This area is defined as the far 

environment. 

3.3. Experimental design 

3.3.1. Generation of initial ensemble perturbations 
Fig. 2 presents a schematic diagram outlining our experimental 

methodology. The initial phase involves generating a control and twenty 
perturbed ensemble scenarios (N = 20), which are valid at the initial 
time point t0. These scenarios are created for the three nested domains 
within the HWRF model. The control and ensemble conditions at t0 are 
derived from 6-h HWRF forecasts that span from t− 1 to t0, all configured 
and set up identically. 

For initialization at t− 1, we employ downscaled model fields from the 
control analysis of the Global Forecast System (GFS) at a resolution of 
0.25◦, along with perturbed analyses from the Global Ensemble Forecast 
System (GEFS) at a 0.5◦ resolution. These analyses are sourced from the 
National Centers for Environmental Prediction, as noted in Zhou et al. 
(2022). The forecasts from GFS and GEFS provide the lateral boundary 
conditions for the 6-h HWRF control (indicated by a red dashed arrow) 
and ensemble forecasts (indicated by a black dashed arrow), 
respectively. 

Crucially, we utilize the 6-h short-term HWRF forecasts as the initial 
conditions at time t0, instead of directly using the fields in HWRF model 
domain downscaled from GFS/GEFS data. This approach is adopted to 
initiate the simulations with initial ensemble perturbations that are 
more dynamically evolved and spatially coherent after a 6-h spin-up. 
The 6-h spin-up time would weaken the possible influences from using 
global forecast data with different resolution for the HWRF control and 
ensemble forecasts. The rationale and effectiveness of this method are 
further illustrated in Fig. 3, highlighting the advantage of starting with a 
more realistically evolved set of initial conditions for our simulations. 

3.3.2. Superposition of region-specific initial perturbations 
Following the establishment of the initial control and ensemble 

Fig. 1. Evolution of the 500 hPa geopotential height in D01 for (a–f) Typhoon Chan-hom during the control experiment from 0 to 120 h at intervals of 24 h overlain 
by the tracks of the control (dark blue) and best-track observations (brown) within the same time period. The red and purple squares highlight areas D02 and D03. 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Table 1 
A summary of the model physics schemes used in this study.  

Cumulus 
parameterization 

Microphysics Surface process Radiance 
process 

Simplified 
Arakawa–Schubert 
scheme for D01 and 
D02, Han and Pan 
(2006); Not used 
for D03 

Ferrier–Aligo 
scheme,  
Ferrier (1994, 
2005) 

An adaptation of 
the surface layer 
parameterization by 
Kwon et al. (2010); 
non-local planetary 
boundary layer 
parameterization 
scheme by Hong 
and Pan (1996) 

Eta Geophysical 
Fluid Dynamics 
Laboratory 
longwave and 
shortwave 
radiation 
schemes ( 
Schwarzkopf 
and Fels, 1991)  

Table 2 
Definitions of the regions in a tropical cyclone and their ranges and 
characteristics.  

Region Range (km) Characteristics 

D03 0–350 Inner core and outer rainbands 
D03 to D02 350–1300 Near environment 
D02 to D01 1300–3500 Far environment 

Part of D03 
0–250 Inner core 

250–350 Outer rainbands  
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conditions for the HWRF model at time t0, the next step involves the 
design of numerical experiments. These experiments aim to assess the 
influence of region-specific initial errors on TC predictability. Based on 
the designated regions of TC structures, we structured the numerical 
experiments as detailed in Table 3. The baseline experiment, labeled as 
the “Ctrl” experiment (red solid arrow in Fig. 2), serves as the bench-
mark for the analysis of perturbed ensemble forecasts. In the Ctrl 
experiment, the forecast is initialized from the control initial condition 
at time t0 without any perturbations on initial and boundary conditions. 
Experiment “PertD01” diverges from this baseline by employing a per-
turbed initial ensemble for the far environment of D01 (excluding the 
near environment, inner core, and outer rainbands), while maintaining 
identical initial conditions for D02 and D03 in the Ctrl experiment. 
Similarly, Experiment “PertD02” introduces perturbations in the near 
environment of D02, maintaining the initial conditions of D01 and D03 
as in Ctrl. Experiment “PertD03” perturbs the regions of inner core and 
outer rainbands in D03 and D02, while the initial conditions in the 
remaining regions remain unchanged from those in the Ctrl experiment. 
To demonstrate the combined effect of initial errors in all these three 
domains, the experiment “PertD01D02D03” is also implemented in 
which D01, D02, and D03 are all perturbed. 

To elucidate the distinct impacts of uncertainties within the inner 
core and outer rainbands of the TC, we conducted two additional ex-
periments: “PertD03-Vor” and “PertD03-Rainb”. These experiments 

involve initial perturbations focused on narrower regions compared to 
PertD03—specifically targeting the inner core and outer rainband areas, 
respectively. This suite of experiments (PertD01, PertD02, PertD03, 
PertD03-Vor, PertD03-Rainb, and PertD01D02D03) shares the same 
lateral boundary conditions as the Ctrl experiment, facilitating a clearer 
analysis of the effects stemming from initial condition errors. Lastly, 
Experiment “PertAll” encompasses all perturbations from the initial 
ensemble across the three nested domains and their lateral boundaries, 
offering a comprehensive view of the combined effects of these 
perturbations. 

It should be noticed that perturbations superimposed in specified 
regions have the potential to induce physical and dynamical imbalances 
near the boundaries of these perturbations. Such imbalances can lead to 
the generation of spurious gravity waves (Ge et al., 2022), resulting in 
artificial error growth. To mitigate this adverse effect, a strategy is 
employed where, beyond the perturbed regions, the perturbed ensem-
bles are gradually relaxed to the initial control state as implemented in 
Nystrom et al. (2018). This is achieved within an approximately 100-km 
transitional zone, utilizing a linear combination method to ensure a 
smooth transition. 

Fig. 3 presents the ensemble-averaged amplitude of the initial per-
turbations in the 500-hPa wind speed across different domains: D01 of 
PertD01 (a), D02 of PertD02 (b), D03 of PertD03 (c) and PertD03-Vor 
(d). This figure highlights that the primary initial errors associated 

Fig. 2. Schematic diagram of the experimental flow. GFS, Global Forecast System; GEFS, Global Ensemble Forecast System.  

Fig. 3. Ensemble-averaged initial error amplitudes of the 500-hPa wind speed (shaded) in (a) D01 of PertD01, (b) D02 of PertD02, and D03 of (c) PertD03 and (d) 
PertD03-Vor overlain by 500-hPa geopotential height (GH, contour) in Ctrl at the same time for Typhoon Chan-hom. 

Table 3 
Descriptions of the control (Ctrl) and ensemble forecast experiments.   

Ctrl PertD01 PertD02 PertD03 PertD03-Vor PertD03-Rainb PertD01D02D03 PertAll 

D01 perturbed No Yes No No No No Yes Yes 
D02 perturbed No No Yes No No No Yes Yes 
D03 perturbed No No No Yes Yes, vortex (0–250 km) Yes, outer rainbands (250–350 km) Yes Yes 

Boundary perturbed No No No No No No No Yes  
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with Typhoon Chan-hom are predominantly situated near the typhoon’s 
eyewall, approximately 90 km from the center (as evidenced in Fig. 3c 
and d). Notably, an area of high perturbation magnitude within the ty-
phoon’s environment is identified near the East Asian trough, located 
north of the typhoon (Fig. 3a). The observed larger amplitude of initial 
perturbations in the typhoon’s inner core, compared to its environment, 
can be attributed to distinct error growth dynamics. These dynamics are 
influenced by the intense meso- and convective-scale instability within 
the typhoon, as discussed by DeMaria (2009), in conjunction with the 
baroclinic environmental flow, as per Davis and Bosart (2003). The 
relative magnitude of initial perturbations in various designed regions 
might also potentially affect the sensitivity of TC forecast errors. How-
ever, this aspect was not considered in the present study. This is because 
the relative perturbation amplitude of the typhoon’s inner core and 
environment, derived from the 6-h model evolution, mirrors the initial 
condition errors typically encountered in practical numerical weather 
prediction of TCs, as indicated by studies such as Ollinaho et al. (2021). 

3.3.3. Control and perturbed ensemble forecasts 
The third step is to execute the integration of both the initial control 

and ensemble conditions using the HWRF model from the initial time 
(t0) across all experiments. This integration spanned a duration of five 
days with the output at intervals of 6 h. This approach contrasts with 
that of Judt et al. (2016), who employed stochastic perturbations in their 
model for ensemble generation. In this study, we compared perturbed 
ensemble forecasts with the Ctrl, as opposed to the truth (or analysis 
states). Given that all the ensemble and Ctrl forecasts were generated 
using the same model configuration and setup, this experimental design 
can be considered as an approximation of “an almost perfect procedure”. 
This strategy is intentionally adopted to focus on illustrating the IE- 
predictability specific to TC. The chosen initial time t0 corresponds to 
the moment when Typhoon Chan-hom escalated to TS intensity, 
reaching near 18 m s− 1, specifically at 1200 UTC on 5 October 2020. 

4. IE-predictability of the TC track 

Fig. 4 presents the five-day ensemble track forecasts for Typhoon 
Chan-hom (green curves) for four distinct experiments: PertD01 
(Fig. 4a), PertD02 (Fig. 4b), PertD03 (Fig. 4c), and PertD03-Vor 
(Fig. 4d). These are overlaid with the typhoon tracks from both the 
Ctrl experiment and best track observations (blue and brown curves, 
respectively). It is important to note that these ensemble track forecasts 
are compared with those of the Ctrl experiment, rather than direct ob-
servations, in all subsequent analyses. This approach is adopted to more 
effectively highlight the impact of initial errors. As previously demon-
strated in Fig. 1, the Ctrl experiment’s track forecast for Typhoon Chan- 
hom exhibits significant discrepancies when compared to actual obser-
vations. The ensemble forecasts display a wide range of uncertainties, 
evident in their extensive spread which generally encompasses the 

observed track, with the notable exception of the PertD01 experiment. 
This observation may suggest a relatively low inherent predictability for 
the track of Typhoon Chan-hom. Furthermore, the mean track difference 
between the ensemble forecasts and the control experiment shows 
remarkable variations across the different experiments, as further 
illustrated in Fig. 5a. These variations indicate the varying sensitivities 
of the experiments to the initial conditions and uncertainty regions. 

Fig. 5 provides a detailed quantification of track errors for Typhoon 
Chan-hom, as well as the root-mean square error (RMSE) of the 500-hPa 
geopotential height in its near environment (specifically, from D03 to 
D02), as compared to the Ctrl forecast averaged across all ensemble 
members. In Fig. 5a, it is evident that the PertD03 simulation, which 
incorporates initial errors in D03, exhibits the largest track errors at all 
forecast lead times. This is followed by PertD02 and PertD01, which 
introduce initial errors in the near and far environments, respectively. 
Noticeably, when uncertainties in either the outer rainband (PertD03- 
Vor) or the inner core region (PertD03-Rainb) of the Typhoon are 
eliminated, there is a significant reduction in the mean track error of the 
Typhoon. This finding suggests a high sensitivity of the Typhoon’s track 
to initial errors in D03, likely due to the complex interplay between 
errors in the inner core and those in the outer rainbands, which effec-
tively serve as an interface with the surrounding environment. 

Fig. 5b shows that the relative performance of track errors is 
consistent with the RMSE of the 500-hPa geopotential height within the 
near environment of the TC, thereby affirming that environmental 
steering predominantly dictates TC movement, as corroborated by most 
prior studies (George and Gray, 1976; Franklin et al., 1996; Galarneau 
and Davis, 2013). However, in the case of Typhoon Chan-hom, a notable 
interplay between errors in the inner core and outer rainbands appears 
to significantly influence and amplify the errors within the TC envi-
ronment, leading to pronounced uncertainties in track forecasting. The 
markedly larger positional errors in the PertD03 and PertD03-Vor sim-
ulations, as compared to other experiments at day 0.25 and 0.5, can be 
attributed to the adjustment period needed to reconcile the imbalances 
between the inner TC structure, which contains errors, and the error-free 
surrounding environment despite the relaxation procedure used near the 
boundary. Beyond this initial transitional phase, PertD03 continues to 
exhibit a more rapid growth rate in track errors than PertD03-Vor. This 
suggests that the effects of stochastic perturbations at domain bound-
aries may have a transient and relatively insignificant impact on long- 
range track forecasts, compared to the perturbation development asso-
ciated with physical processes within the TC. 

5. IE-predictability of the TC intensity 

5.1. Intensity uncertainty 

This section delves into the analysis of forecast uncertainty related to 
the intensity of TCs, along with the corresponding error growth 

(a) (b) (c) (d)

Fig. 4. Five-day tracks in the Ctrl forecast (dark blue), observations (brown), and the ensemble forecasts (green) of (a) PertD01, (b) PertD02, (c) PertD03, and (d) 
PertD03-Vor for Typhoon Chan-hom. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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dynamics. The intensity of a TC is typically quantified using two primary 
metrics: the MSLP and the MSW. Fig. 6 presents the temporal evolution 
of both MSLP and MSW as observed in the ensemble forecasts, the Ctrl 
forecast, and the best track observations for Typhoon Chan-hom. An 
analysis of the Ctrl forecast (blue lines), when averaged over all lead 
times for Typhoon Chan-hom, reveals forecast errors of approximately 
10 hPa in MSLP and 6 m s− 1 in MSW, as compared to the observations. 
Echoing the pattern observed in the forecasts of TC track ensembles, the 
ensemble forecasts for TC intensity demonstrate varying degrees of 
spread across the different experiments. The specifics of these variations 
are discussed in further detail in the subsequent sections. 

The ensemble-averaged typhoon intensity forecast errors for exper-
iments PertD01, PertD02, PertD03, and PertD03-Vor in Fig. 6 are 
calculated and shown in Fig. 7. It is evident that PertD03 (purple) ex-
hibits more substantial errors in both MSLP and MSW compared to 
PertD01 (blue), PertD02 (red), and PertD03-Rainb (cyan) within the 
initial 3-day period. Notably, the intensity forecast errors for PertD03 
remain similar to those of PertD03-Vor during the first three days, both 

of which preserve initial uncertainties in the inner core (cf. the pink and 
purple curves). These observations suggest that the uncertainty in TC 
intensity is more acutely affected by errors within the inner-core 
structures, within a 250 km radius (approximately three times the 
radius of maximum winds), than by errors in the outer rainbands or the 
broader TC environment. This inference aligns with the findings of 
Nystrom et al. (2018). Nevertheless, the impact of initial errors in the 
near-TC environment on the forecast intensity error may become 
increasingly significant for longer lead times (beyond three days). This 
amplification occurs when outer errors propagate into the inner core, 
even surpassing the magnitude of errors originating within the inner 
core itself (cf. the red and purple curves). Moreover, PertD02 (red) 
demonstrates greater uncertainties in TC intensity compared to PertD01 
(dark blue), implying that the predictability of TC intensity is more 
significantly impacted by initial errors in the near environment than 
those in the far environment. 

Fig. 5. Track errors and root-mean-square error of 500-hPa GH in near environment (i.e., D03 to D02) of the ensemble forecasts against the Ctrl forecast averaged 
over all ensemble members in PertD01 (dark blue), PertD02 (red), PertD03 (purple), PertD03-Vor (pink), and PertD03-Rainb (dark green) for Typhoon Chan-hom. 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 6. Five-day (a) minimum sea-level pressure (MSLP) and (b) MSW in the Ctrl forecast (dark blue), observations (brown), and ensemble forecasts (green) of (a1, 
b1) PertD01, (a2, b2) PertD02, (a3, b3) PertD03, and (a4, b4) PertD03-Vor for Typhoon Chan-hom. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.) 
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5.2. Scale-dependent error growth 

Previous studies have shown that the evolution of TC intensity is 
intricately linked to both symmetrical and asymmetrical structures 
within the TC’s inner core (Moller and Montgomery, 2000; Nolan et al., 
2007; Yang et al., 2007; and Persing et al., 2013). To explore how initial 
errors within the TC impact intensity predictability, we employed a 
Fourier decomposition algorithm, akin to the approach used by Judt 
et al. (2016). This algorithm was applied to decompose the azimuthal 
structures of the 10-m wind amplitude field within a 300-km radius of 
the TC center. The decomposition of the original 10-m wind amplitude 
field within this radius yields the mean state (wave number 0) and 180 
wave component fields, as illustrated in Fig. 8. According to the cate-
gorization by Judt et al. (2016), wave number 0 corresponds to the mean 

vortex, and wave number 1 represents vortex-scale asymmetry. Wave 
numbers 2 through 5 are indicative of the structures akin to TC rain 
bands, while scales of wave numbers 6 and higher are associated with 
smaller mesoscale and convective features within the TC circulation. 

Fig. 9 delineates the azimuthal mean error variances of the 10-m 
wind amplitude across different scales within the ensembles, analyzed 
over a 300-km radius from the TC center as a function of lead time for 
experiments PertD01 (a), PertD02 (b), and PertD03 (c). For comparative 
purposes, the temporal mean spectrum of twice the square of the 10-m 
wind amplitude at various scales from the Ctrl experiment in the same 
region is illustrated using black dashed lines. Points in time where the 
error variance surpasses this reference are considered as the limit of 
predictability for each respective scale. To clearly illustrate the error 
growth and the predictability limit, Fig. 9(d)-(f) further show the ratio of 
the mean error variance to the reference magnitude (i.e., colored solid 
lines vs. black dashed lines) for the first twenty wave numbers as a 
function of lead time. The corresponding limits of predictability are also 
highlighted with pink circles. In the case of Typhoon Chan-hom, it is 
evident that the mesoscale and convective scales (wave numbers ≥6) 
maintain predictability only up to 12 h when initial errors are intro-
duced in the TC’s near environment (PertD02) or inner-core regions 
(PertD03), as shown in Fig. 9b, c, e, and f. If the perturbations are 
confined to the far environment (PertD01), the predictability limit for 
scales with wave numbers 6 to 10 marginally extends to approximately 
24 h, as illustrated in Fig. 9a and d. 

Contrary to Judt et al. (2016), who posited that rainbands are pre-
dictable over a span of a few days with model stochastic perturbations, 
our findings suggest that the predictability of rainband scales at wave 
numbers 3–5 is confined to the initial 24 h when the inner-core region is 
perturbed (i.e., PertD03 in Fig. 9c and f). This discrepancy may possibly 
indicate differing impacts of initial and model-related uncertainties on 
the predictability of rainband-scale features. If the initial errors in the 

Fig. 7. Intensity errors of the ensemble forecasts against the Ctrl forecast 
averaged over all ensemble members in PertD01 (dark blue), PertD02 (red), 
PertD03 (purple), PertD03-Vor (pink), and PertD03-Rainb (cyan) in terms of the 
(a) MSLP and (b) MSW for Typhoon Chan-hom. (For interpretation of the ref-
erences to colour in this figure legend, the reader is referred to the web version 
of this article.) 

m s-1 m s-1 m s-1

m s-1 m s-1 m s-1

Fig. 8. (a) 10-m wind speed (m s− 1) in a 300-km radius from the TC center in the 2.25-day Ctrl forecast of Typhoon Chan-hom and its azimuthally decomposed 
components at wave numbers (b) 0, (c) 1, (d) 2, (e) 5, and (f) 20. 
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inner core and near environment of Chan-hom could be effectively 
eliminated, the predictability limit of features at rainband scales (wave 
numbers 3–5) may be extended to around three days (Fig. 9a and d). Our 
results align with those of Judt et al. (2016) regarding the mean flow of 
the TC (wave number 0; not shown) and major asymmetrical compo-
nents (wave numbers 1–2). These components appear resistant to error 
propagation from smaller scales and remain predictable for a signifi-
cantly longer duration, at least 4 days. Notably, once the perturbation 
variances surpass their scale’s saturation level, they tend to fluctuate 
arbitrarily around the saturation reference, likely due to the limited 
sample size (Fig. 9a-c). 

In Fig. 9a and c, we observe that the predictability of rainband scales 
with wave numbers 3–5 in Typhoon Chan-hom varies notably between 
the PertD01 and PertD03 experiments at the 12-h forecast lead time. 
Specifically, in PertD01, these scales remain predictable, whereas in 
PertD03, they become unpredictable within the same timeframe. This 
discrepancy necessitates a closer examination of the 12-h composite 
radar reflectivity in D03, which provides an approximate representation 
of the typhoon-induced rainfall as predicted by both the Ctrl and 
ensemble forecasts in PertD01 and PertD03 (see Fig. 10). Here, we 
present data from only three randomly selected ensemble members for 
clarity. 

Fig. 10a reveals a distinct spiral rainfall pattern in the Ctrl experi-
ment, stretching from the south to the east and northeast of Typhoon 
Chan-hom. This pattern is characterized by high radar reflectivity, 
predominantly exceeding 28 dBZ. Notably, two key areas of rainfall 
concentration are identified: the southern region, delineated by a purple 
rectangle, features a cluster of convective storms, while the eastern re-
gion, marked by a black rectangle, is distinguished by a long, narrow, 

north-south oriented rainband. 
Crucially, the PertD01 ensemble members (Fig. 10 b1-b3), which 

incorporate initial perturbations from the typhoon’s distant environ-
ment, accurately capture both the position and structure of the eastern 
rainband and the convective rainfall at the 12-h mark (as evidenced by 
the shaded and black contours). Conversely, the PertD03 ensemble 
members (Fig. 10 c1-c3), which include initial perturbations from the 
typhoon’s inner core, demonstrate significant deficiencies in forecasting 
the long eastern rainband. These deficiencies are manifested in consid-
erable discrepancies in both the position and intensity of the rainband. 
Moreover, the representation of convective storms in the southern re-
gion of Typhoon Chan-hom within the PertD03 ensembles is either 
highly erratic or entirely misaligned compared to the Ctrl experiment. 
This comparison underscores the critical influence of initial errors 
within the typhoon’s inner core on the predictability of its rainbands, 
effectively reducing the predictability limit to <12 h. 

5.3. Source of predictability in the TC intensity 

Fig. 9 illustrates a notable resilience in the wave numbers 0–2 of the 
10-m wind amplitude against upscale error growth, in stark contrast to 
the rapid error escalation and eventual saturation observed at smaller 
scales. To probe the underlying factors contributing to the predictability 
of these lower wavenumber components, an additional experimental 
setup, termed PertD03-RndD01, was conducted. This experiment mir-
rors the PertD03 setup but introduces a novel modification: the initial 
conditions of the D01 domain in the ensemble forecasts are replaced 
with variable fields, which are downscaled from the GFS analysis at a 
different valid time. In the PertD03-RndD01 experiment, the D01 

Fig. 9. Azimuthally mean and regionally integrated (0–300 km) error variances (m2 s− 2) at different scales of the 10-m wind amplitude averaged over all ensemble 
members at different lead times for (a) PertD01, (b) PertD02, and (c) PertD03 of Typhoon Chan-hom. The temporal mean spectrum of twice the square of 10-m wind 
amplitude at different scales of the Ctrl experiment in the same region (black dashed lines) is shown as a reference. (d)-(f) are the ratios of error variances to the 
reference magnitude for waves 1–20 as a function of lead time for PertD01, PertD02, and PertD03. The corresponding predictability limits are highlighted with pink 
purples. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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domain for Typhoon Chan-hom employs a downscaled analysis based on 
data from 0000 UTC on 18 August 2020. This date is nearly two months 
removed from the initial start times of the experiment. The purpose of 
this experimental design is to examine the impact of the entirely un-
predictable (or chaotic) far environment of the typhoon on its intensity 
predictability. 

The analysis of the temporal evolution of error variance in the sur-
face wind spectra within the TC’s inner core, for the PertD03-RndD01 
experiment (not shown), reveals that for wave numbers >2, the error 
variance reaches saturation within <12 h, a finding that aligns with the 
observations from the PertD03 experiment as illustrated in Fig. 9c. 
However, a marked difference is observed in the error variances for 
wave numbers 1–2; They are much closer to the saturation levels in 
PertD03-RndD01 compared to PertD03. This observation suggests that 
the primary determinant of predictability for the surface wind compo-
nents at wave numbers 1–2 lies in the synoptic-scale environment sur-
rounding the typhoon. This inference aligns with the conclusions drawn 
by Judt et al. (2016), reinforcing the significance of the larger-scale 

atmospheric conditions in influencing the predictability of these spe-
cific wave numbers. 

Fig. 11 presents a detailed comparison of the 10-m wind speed field 
within a 300-km radius of the Ctrl experiment for Typhoon Chan-hom at 
66 h (Fig. 11a), alongside its synthesized wind field for wave numbers 
0–2 (Fig. 11b). For context, the composite surface wind of wave numbers 
0–2 is also shown for the PertD03 and PertD03-RndD01 ensemble ex-
periments (Fig. 11 c1–c5 and d1–d5, respectively). It is observed that the 
wave components 0–2 account for approximately 95% of the variance in 
the 10-m wind amplitude in the Ctrl experiment (Fig. 11a and b). Upon 
comparing the ensemble members of PertD03 with those of PertD03- 
RndD01, it is found that the former more accurately captures the com-
posite surface wind structure of wave numbers 0–2 as seen in the Ctrl 
experiment. This is indicated by the shading and contours, with a mean 
spatial correlation coefficient of 0.94, which markedly surpasses the 
latter’s correlation coefficient of 0.83. This finding is in line with the 
lower error variance at wave numbers 0–2 in PertD03 compared to 
PertD03-RndD01 (not shown). 

Fig. 10. Composite radar reflectivity (shaded) in D03 of in the 12-h (a) Ctrl and (b1–b3) ensemble forecasts of PertD01 and (c1–c3) PertD03. The composite radar 
reflectivity (≥44 dBZ) of the Ctrl experiment is shown as black contours in (b1–b3) and (c1–c3) for comparison. 
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The implication of these results is significant: they suggest that a 
decrease in the accuracy of the typhoon’s surrounding environment 
correlates with a deterioration in the forecast quality of the vortex-scale 
asymmetric structures within the typhoon’s inner core, specifically for 
wave numbers 0–2. This highlights the critical role of environmental 
precision in predicting the specific wind patterns within the inner core of 
a typhoon. 

6. Combined effects of initial and lateral boundary 
perturbations on the TC predictability 

In the realm of practical TC forecasting, uncertainties are inherent 
not only in the initial conditions but also in the boundary conditions of 
the forecasting models. This section delves into the cumulative impact of 
initial perturbations across all three nested domains (D01, D02, and 
D03) and boundary perturbations, collectively referred to as 
PertD01D02D03 and PertALL, respectively, on the predictability of both 
the track and intensity of TCs. Fig. 12 facilitates a comparative analysis 
between the ensemble-averaged forecast errors in TC track and intensity 
for the PertD01D02D03 and PertALL experiments and the experiment 
exhibiting the largest forecast errors among PertD01, PertD02, and 
PertD03. Specifically, PertD03 was identified as the least accurate in 
forecasting the track and intensity of Typhoon Chan-hom, as indicated 
by Figs. 5a and 7. 

The comparison presented in Fig. 12 reveals that PertD01D02D03 

yields higher forecast errors in both track and intensity than the ex-
periments with initial errors confined to specific regions for Typhoon 
Chan-hom. Comparing the performance of PertD01D02D03 and Per-
tALL, the boundary condition errors further increase the forecast errors 
of TC track and intensity. Moreover, the influence of boundary condition 
errors becomes noticeable beyond two-day lead time possibly when the 
advection effect from boundary condition errors reaches the near-TC 
environment and TC inner core. This observation suggests a significant 
decrease in predictability for both the track and intensity of the TC when 
the model accounts for all potential sources of uncertainties, encom-
passing both initial and boundary conditions. Essentially, this finding 
underscores the complex interplay of multiple sources of uncertainty in 
TC forecasting and their combined effect in exacerbating the challenges 
associated with predicting the path and strength of typhoons. 

Fig. 13 displays the ensemble-averaged error variance spectrum of 
the 10-m wind amplitude within the inner core of Typhoon Chan-hom 
for the PertALL experiment. The temporal evolution of this error spec-
trum in PertALL exhibits similarities to that observed in PertD03, 
although PertALL demonstrates larger forecast errors in MSW as evi-
denced by the comparison in Fig. 12. Notably, the wind components 
corresponding to wave numbers 0–2 in PertALL retain predictability for 
at least three days as in PertD03. This observation indicates that these 
scales, deriving their predictability from the larger-scale TC environ-
ment, are pivotal in enabling skillful predictions of TC intensity for a 
period extending up to a few days. 

Fig. 11. (a) 10-m wind speed forecast (shading) in the 300-km radius of the Ctrl experiment at 66 h for Typhoon Chan-hom and (b) its composite wind field (shading) 
of wave numbers 0–2. (c1–c5) Composite 10-m wind speed fields (shading) of wave numbers 0–2 of the ensemble forecasts for PertD03 at 66 h. (d1–d5) are same as 
(c1)-(c5) but for PertD03-RndD01 at 66 h. Blue contours highlight wind speeds of 25 and 27.5 m s− 1 in the composite wind field of the Ctrl experiment in part (b). 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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7. Conclusions and discussion 

Understanding the predictability of tropical cyclones (TCs) is 
essential for enhancing the accuracy of their track and intensity fore-
casts. The concept of “initial condition error predictability” revolves 
around how initial errors amplify and influence predictions, providing 
an estimate of the highest achievable predictability. In this study, we 
evaluated the Initial-Error (IE) predictability of TC track and intensity. 
We accomplished this by comparing convection-allowing control fore-
casts with ensemble forecasts that incorporated perturbed initial con-
ditions, utilizing the HWRF model. Our primary goal was to investigate 
how uncertainties in TC track and intensity respond to initial errors in 
various regions both inside and around the TC, shedding light on the 
accompanying error growth dynamics. 

We employed a model configuration with three two-way nested 
domains (with resolutions of 18/6/2 km) to realistically simulate the 
scales and characteristics of TC inner cores and their surrounding en-
vironments. We designed experiments to investigate how initial errors in 
three key regions influence track and intensity predictability: (1) the far 
environment (1300–3500 km from the TC center), (2) the near envi-
ronment (350–1300 km), and (3) the TC inner core and outer rainband 
regions (0–350 km). We selected Typhoon Chan-hom, a 2020 event in 
the western North Pacific Ocean characterized by significant un-
certainties in both track and intensity, as a case study to demonstrate the 
sensitivity of TC forecasts to initial errors. Here, we present a summary 
of our key findings.  

(1) In cases characterized by significant track errors, such as 
Typhoon Chan-hom, the most influential region for initial errors 
affecting TC track uncertainties is not always the broader envi-
ronmental context but often the TC’s internal structures. Specif-
ically, the combined region encompassing the TC’s inner core and 
outer rainbands (0–350 km) emerges as the most sensitive area. 
The pronounced interaction of initial errors within the TC’s inner 
core and outer rainbands can result in heightened uncertainties 
within the TC’s broader environment, subsequently degrading 
the accuracy of track forecasts (see Fig. 5b).  

(2) The region most responsive to initial errors regarding intensity 
uncertainties, particularly in the case of Typhoon Chan-hom, is 
the inner core region, spanning from 0 to 250 km. It’s noteworthy 
that the intensity uncertainties triggered by initial perturbations 
in the TC’s nearby environment surpass those arising from per-
turbations in the TC’s more distant surroundings.  

(3) Our findings align with the conclusions drawn by Judt et al. 
(2016), who utilized model stochastic perturbations for ensem-
bles. Specifically, we observe that errors at meso- and convective 
scales (wave numbers ≥6) within the TC inner core exhibit rapid 
growth, saturating within 12 h. However, our study diverges in 
terms of the rainband scales at wave numbers 3–5, which we find 
can only be reliably predicted up to 24 h when initial errors 
present in TC inner cores. This discrepancy may suggest that the 
influence of initial errors on the predictability of rainband-scale 
features differs from that of model-related errors. 

(4) The mean vortex and asymmetrical structures of the TC, char-
acterized by wave numbers 1–2, maintain predictability for a 
minimum of four days owing to their dependence on the synoptic- 
scale environmental flow. However, it’s essential to note that an 
accurate environmental flow alone may not guarantee improved 
predictions of Minimum Sea Level Pressure (MSLP) and 
Maximum Sustained Wind (MSW). These metrics are also influ-
enced by highly turbulent and rapidly evolving finer-scale fea-
tures with very short predictability. Hence, achieving a 
reasonable simulation of rainbands and smaller-scale structures 
within the TC inner core is critical for enhancing the accuracy of 
TC intensity forecasts. 

While our study has analyzed the impact of region-dependent initial 
errors on TC track and intensity uncertainties and identified the most 
sensitive regions, the precise mechanisms by which initial errors in 
different regions induce uncertainties in TC track and intensity remain 
elusive. For instance, in the case of Typhoon Chan-hom with notable 
track errors, understanding the intensive interaction and influence of 
initial errors within the TC inner core and outer rainbands on the TC 
environment remains an open question. Additionally, elucidating the Fig. 13. Same as Fig. 9 but for PertALL.  

Fig. 12. Ensemble-averaged forecast errors of the (a) track, (b) MSLP, and (c) MSW for PertALL (dark green), PertD01D02D03 (orange), and PertD03 (purple) of 
Typhoon Chan-hom. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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physical processes responsible for uncertainties in TC intensity and 
inner-core structure at various scales requires further exploration in 
future research endeavors. 

Open research 

The global ensemble forecast product of GEFS at NCEP is down-
loaded from NCEP operational product inventory at https://www.nco. 
ncep.noaa.gov/pmb/products/gens/. The forecast product of the 
global forecast system (GFS) at NCEP is downloaded from https://rda. 
ucar.edu/datasets/ds084.1/. The Typhoon best-track data can be 
downloaded from the data archive center at https://ncics.org/ibtracs 
/index.php?name=YearBasin-2020 
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