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A B S T R A C T

Accurate detection and forecasting of tropical cyclone tracks using limited climate variables and data is challenging. Here, we propose an innovative 
time-evolving complex network approach for detecting and forecasting high-intensity tropical cyclones (HITCs) based on mean sea level pressure 
and relative vorticity at 850 hPa. This approach enables us to successfully reproduce the tracks of HITCs of the Western North Pacific, achieving a 
mean detection rate exceeding 0.8 and a track error below 120 km in most cases. When applied to forecast 2023 HITC tracks using medium-range 
weather forecast data, we achieve a detection rate above 0.65 and a track error of less than 260 km for forecasts within 5 days. Our results highlight 
the strong potential of network-based approaches as data-integrative, physically interpretable statistical tools for HITCs detection and short-term 
forecasting, leveraging complex climate connectivity to enhance predictive skill.

1. Introduction

Tropical cyclones (TCs), especially those with high intensity, could cause a serious threat to the vulnerable dense coastal population 
of surrounding countries and island regions, leading to a substantial economic loss every year [1]. This is because TCs are usually 
accompanied by strong wind [2] and extreme rainfall [3,4], further triggering a series of secondary disasters such as floods [5] and 
landslides [6]. Among all ocean basins, the highest TC formation frequency is observed over the Western North Pacific (WNP), with a 
seasonal peak in frequency from May to November [7]. In such an active basin, multiple cyclone systems may form simultaneously. 
There has been an increase in the occurrence of severe cyclones in recent years due to global warming [8]. This has also increased the 
probability of occurrence of such multiple cyclone events. Therefore, TC tracking algorithms are essential for understanding, pre
dicting, and mitigating the impacts of TCs. This can provide risk assessment and operational guidance for maritime and offshore 
activities.

Over the past few decades, previous studies have reached a consensus on the key ocean-atmospheric variables affecting the for
mation and development of TCs [9], including thermodynamic [10–12] and dynamic [13,14] variables. This has made TCs forecasting 
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more accurate and reliable through improved tracking algorithms, which integrate data from satellites and real-time observation 
systems with physical atmospheric models [15], advanced statistical techniques, and deep learning approaches [16,17]. Existing 
machine learning models typically rely on large-scale datasets and extensive training processes. However, forecasting remains highly 
challenging due to the complex dynamics governing TC tracks, which are influenced by multiple atmospheric and oceanic factors [18,
19]. Given that TC tracks are part of a complex coupled system, there is a strong motivation to develop a data-driven tracking al
gorithm that leverages a small-sample-driven framework and effectively integrates spatiotemporal interactions influencing TC 
movement and intensity while maintaining reliability and accuracy.

Complex climate networks, based on graph theory [20,21], have proven to be powerful tools for characterizing the spatiotemporal 
organization pattern of climate variability [22]. They are constructed by assessing statistical relationships among the subcomponents 
(e.g., represented by geographical grids) in the climate system. Due to its inherent nonlinear and data-integrative nature, the method 
has been very successful in providing novel and efficient ways to improve predictive skill in El Niño Southern Oscillation (ENSO) [23], 
Indian Ocean Dipole (IOD) [24], droughts [25], or extreme precipitation [26,27] through detecting the spatial propagation pattern of 
droughts and extreme precipitation events and time-dependent relationship between ENSO or IOD and network metric. They have 
been used to capture the TC signatures, even in challenging scenarios such as the Fujiwhara interaction, where two cyclones in close 
proximity can influence each other's paths, complicating forecasts [28,29]. In this study, we utilize the potential of complex networks 
to develop a robust TC tracking and prediction scheme.

Here, we develop a time-evolving directed network framework to simulate the tracks of 369 high-intensity tropical cyclones 
(HITCs) during the TC season (from May to November) from 1979 to 2022. We evaluate our framework using detection rates and track 
error, comparing the simulated and observed tracks. Furthermore, we apply this method to forecast HITCs in 2023 using the ECMWF 
medium-range forecast system. Our findings demonstrate the potential of network-based approaches to provide novel insights into TC 
predictability, offering a promising tool for early warning and disaster preparedness through the lens of complexity science.

2. Data and Methods

2.1. Tropical cyclones and ocean-atmospheric variables

The TC best track dataset is obtained from China Meteorological Administration (CMA) [30,31]. The dataset records TCs over the 
WNP since 1949, including name, latitude, longitude, center minimum pressure, wind speed, and intensity at 6-h interval. All TCs can 
be classified into 6 levels based on their maximum wind speed during their lifetime. Here, only 369 HITCs are selected at TC season on 

Fig. 1. Track density and movement direction of HITCs from 1979 to 2022, and temporal evolution and spatial pattern of related variables. a Track 
density of HITCs in past 44 years after uniform filter, and the high value located in the east ocean of the Philippines. b Movement direction between 
formation location and terminal location, the black line represents the average direction. The directions of almost all HITCs are between western and 
northeastern. c For HITCs, spatial percentile in each time step of MSLP and VO, the MSLP is less than 5th and VO is over 90th at most time step. 
d Temporal evolution of MSLP and VO at HITCs points center time step and slide forward/backward 30 time steps (shadow means 1 standard 
deviation), the MSLP and VO are also low value and high value in time series.
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WNP (from May to November) from 1979 to 2022, including Severe Typhoon (STY) and Super Typhoon (SuperTY) with wind speeds 
over 41.5 m/s and 51 m/s respectively. For obtaining more convincing results, HITCs are used after 1979, as satellites are used to help 
monitor TCs after that [32,33]. On the WNP, tracks of HITCs are denser in the eastern of the Philippines (Fig. 1 (a)). And the movement 
direction of HITCs generally starting in the southeast and then moving northwest (Fig. 1 (b)), causing damage to coastal countries such 
as China, Japan and Southeast Asia.

The development of TCs is influenced by many thermodynamic and dynamic ocean-atmospheric variables [9,13], such as SST, 
humidity and so on. Among all these variables, mean sea level pressure (MSLP) and relative vorticity at 850 hPa (VO) are two key 
variables reflecting the evolution of TCs [34,35]. Here, MSLP and VO are obtained from the European Centre for Medium-Range 
Weather Forecast (ECMWF), Reanalysis 5 (ERA5) dataset [36,37] with 0.25◦ × 0.25◦ spatial resolution, and 6h interval, corre
sponding to TCs best track dataset, at 00, 06, 12, 18 UTC every day.

TCs in the Northern Hemisphere are typically associated with low-pressure system and counterclockwise wind fields. Spatially, 
over 95 % HITCs correspond to MSLP values less than the 5th percentile and VO higher than the 90th percentile of the overall region 
(Fig. 1 (c)), and similar phenomena also occur in temporal patterns (Fig. 1 (d)). By comparing the evolution in MSLP and VO over 30 
time steps (6h for a time step) before and after the HITCs time, it is evident that MSLP and VO expressed as low values and high values, 
respectively. These two variables respond well to the occurrence of HITCs, being basic variables for establishing evolving climate 
network. Specifically, we introduce temporal and spatial thresholds for MSLP and VO to jointly define HITCs events. The former 
considers the 5th percentile for MSLP and 99.5th percentile for VO of their sequences as temporal thresholds, while the latter uses the 
5th percentile for MSLP and 90th percentile for VO of these values within the study area as regional thresholds. An event is defined as 
an HITC event only when atmospheric conditions simultaneously meet these spatial and temporal thresholds. For consecutive events, 
the initial occurrence is considered the time of the event.

Additionally, the ECMWF provides high-resolution forecast data with a lead time of up to 15 days, and the spatial resolution is 
consistent with reanalysis data. The forecasted meteorological variables include MSLP and VO. This forecast data will be used to 
establish evolving climate networks and predict the tracks of HITCs in 2023.

2.2. Event synchronization

Event synchronization (ES) is used to measure the synchronization between discrete events [38]. For two grids i and j, ei and ej 

represent the event series of these two grids, containing m and n events respectively. For ei, an event u occurs time is eu
i and an event v 

occurs time is ev
j for ej, where u ∈ [1, m], v ∈ [1, n]. The time delay between two events u and v is tu,v

i,j = eu
i − ev

j . To ensure unique 
assignment of events, a dynamic time delay τu,v

i,j has been introduced: 

τu,v
i,j =

min
{

tu,u− 1
i,i , tu+1,u

i,i , tv,v− 1
j,j , tv+1,v

j,j

}

2 

Besides, a maximum time delay τmax = 8 days is used to limit the time difference between two events. q(i|j) represents the number of 
times an event occurs at grid i after an event occurs at grid j, its definition is as follows: 

q(i|j)=
∑m

u=1

∑n

v=1
Suv

ij 

With 
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ij =
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)

1
2
, if eu
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j

0, else 

and for q(j|i), it is analogous. ES strength between grid i and j is noted as Qi,j, and it can be expressed as: 

Qi,j =
q(j|i) − q(i|j)

̅̅̅̅̅̅̅̅̅̅̅̅̅
m × n

√

where the value of Qi,j is between − 1 and 1. When 
⃒
⃒Qi,j

⃒
⃒= 1, events between grid i and j are fully synchronized. Simultaneously indicate 

events at grid i occur always precede (follow) grid j. By introducing Qi,j, we can identify the spatial propagation characteristic of HITCs 
and their temporal evolution patterns.

2.3. Evolving directed climate network

For each TC season from 1979 to 2022 (May to November), considering the lifecycle of TCs in the WNP is near 10 days, we divided 
it into 10-day time windows, with each day comprising four time steps (00, 06, 12, 18 UTC). The time windows slide with a step length 
of one day. The first time window is from April 22 to May 1, and the last time window is from November 30 to December 9. So there are 
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223 time windows every year. But only time windows including HITCs are further extracted. For each time window, a directed climate 
network is designed using ES. And only ocean grids are considered, because the MSLP field from ERA5 is more precise over the ocean 
than landfall. This is of great importance to shipping and offshore operations.

Evolving directed climate networks consist of 9812 sub-networks. In a single network, the ocean grids are seen as nodes, the weight 
of edges is the ES strength between two nodes. Weighted in-degree di

in refers to the sum of the weights of all edges directed towards grid 
i. Weighted out-indegree di

out means the sum of the weights of all edges that grid i direct towards other grids. To determine the spatial 
propagation patterns of HITCs events, network divergence ΔS is introduced as follows: 

ΔS= di
out − di

in 

Positive divergence means a grid prefers to be directed toward other grids, and can be considered as a source region while negative 
divergence is the converse, and is a sink region.

The source region is always located around the early stage of a HITC, while the sink region is around the later stage in an evolving 
network. The symmetric patterns between such source and sink regions may represent the mapping of HITCs' evolutionary processes in 
the climate network.

For the 2023 forecasts, we applied the same framework, replacing reanalysis MSLP and VO with ECMWF high-resolution forecasts 
for the corresponding forecast future days, thereby making the approach directly transferable to an operational forecast. As the time 
window slide with 1 day, the initial forecast time shifts accordingly.

2.4. Significance tests

The significance test is applied to remove some weak edges, preventing disruption to the overall networks. To estimate the sig
nificance of the edge with synchronization strength Qi,j, 1000 pairs of surrogate event series are generated and then a null-model 
distribution is obtained. The number of events in these event series is the same as the number of events at two grids i and j, that is 
m and n respectively. The distribution of these events is uniform and random. Thus, there are 1000 ES strength values are derived for 
each edge, and the 99.5th of these values are considered as significant thresholds. Only when the 

⃒
⃒Qi,j

⃒
⃒ is over the 99.5th values of 1000 

ES values, the edge can be saved.

2.5. Robust tests

The τmax is a key parameter of ES and affects the network structure. Previous studies have shown that τmax has minimal impact on 
the network structure [27,39]. However, since the directed networks of TCs is a less explored field, we have measured the changes in 
network structure under different τmax setting. In this study, we found that higher τmax means there are more edges with long 
geographical distance. Because for HITCs, a longer time corresponds to a longer distance moved. So τmax = 8,10 days are compared, 
corresponding to 32 and 40 time steps with 6h interval per time step. Jaccard Similarity Coefficient [40] is used to compare the 
similarity and difference between networks by calculating the ratio of the intersection of edges between two networks to the union of 
their edges. The higher the coefficient value, the greater the similarity between the samples. The result shows that the Jaccard 
Similarity Coefficient is 1 for most networks from 1979 to 2022, which means under different τmax, the network is robust (Fig. 2).

2.6. Track simulation and result evaluation

Track simulation is based on the bank-like spatial pattern of network divergence because the divergence reflects the center region 
of the HITCs. The center line is skeletonized for each center region of HITCs, using a digital image process method (skeletonization). 
Finally, the center line is considered as the simulated tracks of HITC.

To evaluate the similarity of simulated tracks and observed tracks, two metrics are proposed, they are detection rate and track 

Fig. 2. Jaccard Similarity Coefficient of τmax = 8,10 days. For different τmax, networks are similar.
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error. The detection rate means the proportion of HITCs points contained within the network divergence area relative to the total 
number of HITCs points. A higher value of this metric indicates that the evolving directed climate network is better at capturing the 
tracks of HITCs.

Geographical distance error between simulated tracks and observed tracks is evaluated using a pointwise distance-based track 
match approach, which is commonly adopted in operational numerical model forecast. In this study, the observed HITCs are treated as 
the reference, consisting of a sequence of discrete positions at regular temporal intervals. The simulated track derived from the 
proposed method is represented by a continuous centerline extracted from the identified HITCs region through skeletonization, 
typically composed of densely distributed spatial points. For each observed track point, the nearest point along the simulated 
centerline is identified based on the minimum geographical distance. The position error at that time step is then calculated as the 
haversine distance between two points. This procedure is repeated for all available observed track points. The track error is computed 
as the mean of these pointwise geographical distances.

3. Results

3.1. Evolving climate network for revealing the evolution of high-intensity tropical cyclones

In WNP (5◦N-40◦N, 105◦E− 160◦E), 369 HITCs occurred in each TCs peak season from 1979 to 2022. HITCs consist of Severe 
Typhoon (STY) and Super Typhoon (SuperTY), with a maximum wind speed exceeding 41.5 m/s and 51 m/s respectively. The 
meteorological characteristics of all these HITCs are more pronounced compared to low-intensity TCs, featuring lower MSLP and 
higher VO. We define the intersection of a low MSLP and a high VO event in space and time as HITC events. Here, time-evolving climate 
networks are constructed using ES, which characterizes the temporal relationships between TC events at different locations (2. Data 
and Methods section ‘2.2. Event synchronization’). Nodes and edges in the network represent the geographical grids and synchro
nization strength between any two grids separately. Only significant edges are saved with p < 0.005 after analyzing 1000 surrogate 
random networks. (2. Data and Methods section ‘2.4. Significance tests’). We compute the spatial divergence for each network to 
identify the potential tracks of TCs. The spatial distribution of the network divergence ΔS is used to identify the center region and the 
evolution of HITCs, with positive (negative) ΔS values indicating the source (sink) region, and therefore, the propagation direction of 
these HITCs can be potentially identified.

In order to track the development of HITCs, ΔS of the corresponding time window is calculated for each HITC. Fig. 3 shows typical 
examples for three basic situations that may arise in the WNP basin during the lifetime of a HITC: 1) there is only 1 HITC in all related 
time windows during its lifetime, 2) more than 1 HITC occur around the same time period, but their tracks do not intersect, 3) more 
than 1 HITC occur, but their tracks intersect. These results show that ΔS derived from the directed climate network in each time 

Fig. 3. Track detection of three typical situations of high-intensity TCs (HITCs) captured by network divergence. Relative high network divergence 
indicates earlier developmental stage of a HITC. Network divergence values transition towards relatively low values as the cyclone progresses to 
later stages. Black lines are observed tracks from China Meteorological Administrator (CMA) data, while cyan lines depict simulated tracks. a-d Only 
1 HITC “Yutu” present in all time windows between October 14 to November 7, 2018. The network divergence indicates the core region of the HITC 
and the simulated tracks highly resemble with observations. e-h Two HITCs “Goni” and “Atsani” formed simultaneously from August 9 to September 
2, 2015. These two HITCs are at sufficient distance from each other so as not to influence each other during their lifetime, and can be captured by 
spatial distribution of network divergence. i-l Network time windows from August 20 to September 14, 2005, shows development of four HITCs, 
“Mawar”, “Nabi”, “Talim” and “Khanun”. Although “Nabi” and “Talim” influence each other in some stages, network divergence can effectively 
detect their tracks.
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window reveals the evolution of HITCs and captures the center region around their tracks. For almost all HITCs, ΔS reflects their spatial 
pattern at different developmental stages even when TCs move closer to the coast. However, during the initial stage of HITCs, TC 
signatures are not easy to capture. This is because they are in their initial stages of development when their intensity is still relatively 
weak, and the changes in the magnitude of the MSLP and VO values are relatively small to be detected. Spatially, there is a gradual 
transition of ΔS around the tracks of HITCs from positive to negative as HITCs progress. This transition suggests that the directionality 
of the geographical grids comprising HITCs in the network from the early stages to the later stages of the development of the HITCs in a 
single time window is consistent with their propagation direction. The spatial pattern of network divergence also reflects the spatial 
and temporal evolution of underlying MSLP and VO. The low MSLP field and high VO field propagate coherently in space and time 
along the observed track, thereby leading to network divergence transition.

For a single HITC, ΔS around its track typically transitions from positive to negative as it progresses, for example in situations 1) 
and 2). This occurs because most of the connections are present at the grids neighboring the cyclone. However, there are also some 
exceptions. When two HITCs form during similar time periods and are in close proximity as in Fig. 3 (k), ΔS for one HITC may be almost 
totally positive (HITC “Talim”) or totally negative (HITC “Khanun”), because connections may occur between these two HITCs. 
“Talim” occurred earlier than “Khanun”, so ΔS is shown as from “Talim” to “Khanun”. Although these two HITCs interact, the in
teractions vary at different stages of the HITCs, making ΔS transition from relatively high values to low values, which enables us to 
capture their tracks. Besides, when two HITCs intersect as in situation 3), the regions of the network divergence merge together making 
it hard to distinguish between the individual HITCs, e.g., “Talim” and “Nabi” in Fig. 3 (j). However, this intersection persists only until 
some developmental stages of the HITCs. From August 20 to September 14, 2005, there are four distant HITCs that develop in the basin 
during the same time period, then come in close proximity for some time, and finally separate again. We demonstrate that our evolving 
climate network-based approach can effectively deal with such complex scenarios and reliably detect HITCs tracks.

The larger deviations between the simulated tracks and the observed in some cases (Fig. 3) mainly occur during the early stages of 
HITCs development. During this phase, cyclones are typically weaker and less organized, with shallow pressure minima and less 
coherent vortex structures, which makes accurate center identification more challenging. It has been well documented that reanalysis 
products tend to underestimate TCs intensity and exhibit larger uncertainties in representing weak and developing systems, partic
ularly in MSLP [41]. In Fig. 3 (a)–(c), some grid points distant from the HITCs, especially those in the northeast, are associated with 
significant network divergence. Although there are no HITCs in these grid points, they have low MSLP and high VO, leading to events 
similar to HITCs being falsely detected. Moreover, some areas near the sea-land boundary also experience some disturbances (Fig. 3 
(e)), however since this study only considers ocean grid points, it reduces some of the potential connections between ocean and land 
grids. Additionally, we discovered that apart from the HITCs focused on in this study, some TCs of lower intensity, for example the 
track near Japan in Fig. 3 (e), can also be identified especially those slightly less intense than the HITCs.

3.2. Track simulation and evaluation

Network divergence of evolving climate networks can effectively capture the various developmental stages of HITCs. For a single 
HITC, the time duration of each climate network constructed is 10 days, and evolves with a shift in time step of 1 day. The choice of 10 
days is sufficient to cover the average lifetime of a HITC in this basin. During the lifetime of a HITC, the network divergence transitions 
from relatively high to low values of ΔS making detection of HITC tracks possible. The simulated cyclone tracks are obtained by 
skeletonization of the corresponding network divergence field using digital image processing. To evaluate the difference between the 
simulated tracks and the observed tracks, the detection rate and track error are calculated. The results show that the simulated tracks 
are very close to observed tracks. The mean detection rate of all time windows is 0.82, and skewness and kurtosis show that most time 
windows are higher than 0.8 (Fig. 4 (a)). The track errors of all time windows are obtained by pointwise matching, and our results show 
that more than 75 % of time windows have track errors less than 120 km (Fig. 4 (b)). However, there are large deviations in some cases 

Fig. 4. Detection rate and track error of simulated tracks of time windows of HITCs from 1979 to 2022. a The result shows more than 80 % HITCs 
points can be captured by network divergence, with detection rate concentrated above 0.8 and small amount of values less than 0.5. This means the 
framework can capture the center region of HITCs efficiently. b The track error between simulated tracks and observed tracks of more than 75 % 
time windows are smaller than 120 km, which presents the simulated tracks are closely match with observed tracks.
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(approx. 150 km) between the simulated and observed tracks when the HITCs abruptly change direction (Fig. 3 (g)). Moreover, when 
two HITCs come in close proximity (Fig. 3 (j)), the overlap of their divergence region results in a single simulated track and not two 
individual tracks as they should be. Although such uncertainty arising due to time-lagged overlap of tracks rarely occurs, and detection 
of single HITCs can usually be identified in later stages from subsequent networks. Overall, our results demonstrate that the directed 
climate networks employed in this study can effectively locate the core region of the HITCs using only MSLP and VO data. Therefore, 
our approach can be used to accurately simulate their propagation tracks.

3.3. High-intensity TCs forecast in 2023

In the past 44 years, 369 HITCs have been demonstrated to be effectively captured by time-evolving directed climate networks 
using only information from MSLP and VO data. In recent decades, numerical weather prediction models have achieved high reso
lution and great precision which have improved their forecasting skills, such the medium-range forecasts system data provided by 
ECWMF and along with neural network models like Pangu [42] and GraphCast [43]. In this part, using the directed evolving networks 
of 2023, we attempt to forecast HITC tracks 1–10 days ahead based on the forecast MSLP and VO data obtained from ECMWF. This 
enables us to validate the potential of our network-based framework to detect future HITCs in forecast data.

9 HITCs occurred in 2023, among which we first focus on simulating forecast tracks of Super Typhoon (SuperTY) “Doksuri” and 
“Khanun” (Fig. 5). SuperTY “Doksuri” caused severe damage to some countries around the Maritime continent and southeastern parts 
of China. “Doksuri” resulted in 2.95 million people affected and direct economic losses amounting to 1.94 billion euros [44]. The tracks 
of HITCs, such as “Khanun” abruptly changed directions due various environmental factors causing large uncertainties in track 
forecasts [45]. For exploring the effectiveness of our HITCs capture framework combing short-term high-resolution forecast data, we 
forecast the tracks of these two HITCs. The number of forecast days refers to the days of forecast data within a 10-day time window. As 
an example, for a forecast horizon of 1 day, the data for the first 9 days in the 10-day network time window is taken from ERA5, while 
the last day is from the ECMWF medium-range forecasting system high-resolution forecast data. When the number of forecast days in a 
window is small, the simulated and observed tracks almost highly resemble. As networks are constructed over longer forecast horizons, 
the track error of the simulated tracks gradually increases. However, for “Doksuri” and “Khanun”, the track detection performance of 
the 5-day forecasts is equivalent to that of 1-day forecast (Fig. 5 (e)). We also observe that the deviation between the simulated and 
observed tracks are around 200 km for networks representing longer forecast horizons which do not reply on reanalysis data (Fig. 5 
(j)), which also suggests that the framework has strong potential applications for HITCs tracks forecasting and warning.

The detection rate and track error are also computed for time windows related to each HITC. Fig. 6 shows both metrics from 
forecast 1–10 days for each HITC in 2023. For 8 HITCs except “Doksuri”, as the time covered by the forecast data increases, the 
detection rate of HITCs points shows a gradually significant decrease down to 0.49 (“Koinu” HITC) when forecast days is 10. As 
mentioned above, “Doksuri” is a counter example indicating rare cases where detection of the cyclone using our network-based 
framework is effective even when relying solely on forecast data (Fig. 5 (j)). This may be associated to the fact that the forecast 
data from global models such as the ECMWF-IFS system perform better for longer-term forecasts [46]. As in most forecasting systems, 
the difference between the simulated and observed tracks gradually increases as the number of forecast days increases, which is also 
related to the fact that the forecast accuracy of the underlying variables decreases as lead time increases. However, the track error is a 
maximum of 260 km (“Haikui” HITC) at forecast 10 days. In addition, we also find a non-significant increase in the track error of 

Fig. 5. An example of forecast time window of July 23 to August 1, 2023, and the forecast future days are from 1 day to 10 days. The black/cyan 
lines are observed/simulated tracks correspondingly. There are two HITCs in this time window, they are “Doksuri” and “Khanun”, and the formation 
time of “Doksuri” is earlier than “Khanun”. With the number of forecast days increase, the deviation between observed tracks and simulated tracks 
gradually increases, especially for the SuperTY “Khanun”.
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“Doksuri” (Supplementary Material Table 1). For the forecast cases shown in Fig. 5, the increasing track deviations with forecast days 
are closely associated with the growing errors in the forecast MSLP and VO field evaluated by the Bias, Root Mean Square Error (RMSE) 
and Anomaly Correlation Coefficient (ACC) (Fig. 7). Considering detection rate and track error, all these HITCs are clustered to 2 
classes, with the Average Silhouette Coefficient of 0.44. The first cluster includes HITCs “Saola”, “Lan” and “Haikui”, which exhibit a 
more pronounced increase in track error and decrease in detection rate as the forecast period increases. The track error trend of these 
three HITCs are more than 10 km/day. The remaining HITCs from 2023, which display a more linear trend in track error relative to the 
number of forecast days, are grouped into the second cluster.

Although representative results for 2023 are shown here, the evaluation is also conducted for HITCs during 2022–2024, with 
detailed results provided in the Supplementary Material Figs. 1–4, and they are similar with the results of 2023. Besides, a benchmark 
comparison with ECMWF and NCEP using the track error is conducted (see Supplementary Material Table 2). The ECMWF and NCEP 
generally achieve smaller track errors at shorter forecast days. But with the forecast days increases, the track error calculated between 
simulated tracks proposed in this study and observed exhibits a more stable error growth.

4. Discussion and conclusion

A time evolving directed climate networks approach based on pressure and vorticity data is developed to reveal the evolution of 
HITCs from 1979 to 2022 during the TCs season in WNP. The network divergence ΔS shifts from positive to negative around the HITCs 
tracks, aiding their effective track capture. The simulated HITCs tracks are extracted through skeletonization based on the center 
region depicted by ΔS. The results show that the framework achieves a mean detection rate of 0.82, and the track error of more than 75 
% of time windows is less than 120 km. Furthermore, the method is used to forecast HITCs tracks in future 1–10 days for the 2023 
events based on the high-resolution forecast data. The framework reached here a detection rate up to 0.85 and track error less than 260 
km when using forecast data of 10 days all HITCs in 2023. The detection rate decreases with increasing forecast days and the track 

Fig. 6. Detection rate and track of 9 forecast HITCs for forecast days from 1 to 10 days and cluster of these HITCs. a Detection rate of 9 HITCs as 
forecast days increase. The detection rate gradually decreases as additional forecast data is incorporated, and the smallest detection rate is around 
0.5 of “Koinu” when all data in this time window is forecast data. b The evolution of track error with different forecast days. As the number of 
forecast days increase, the track error gradually increases and up to around 260 km for “Haikui” at forecast 10 days. c K-means clustering results of 9 
HITCs based on detection rate and track error with the Average Silhouette Coefficient of 0.44. “Saola”, “Lan” and “Haikui” are divided as cluster 1, 
and others are cluster 2.
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error shows the opposite result, introducing crucial insight for HITCs forecast. A benchmark comparison with operational numerical 
models indicates that ECMWF and NCEP generally achieve smaller track errors at short forecast lead times (approximately 6 days), 
benefiting from high-resolution dynamical frameworks and data assimilation systems. As forecast lead time increases, the proposed 
evolving directed climate network approach exhibits a more gradual and stable error growth, reflecting its capability to capture the 
large-scale structural evolution of HITCs tracks from a network topology perspective.

Although the algorithm has its limitations for it struggles to capture HITC tracks in cases when they are in their early stages of 
formation and relatively weak intensity or when multiple HITCs in close proximity interact with each other. In spite of these chal
lenges, which are faced by majority of the existing tracking algorithms, our evolving directed climate network approach was able to 
efficiently capture the HITC tracks from 1979 to 2022, and forecast tracks in 2023.

Here, we focus on a short and medium-range forecast based on the framework which incorporates data and the assessment of 
statistical interactions between geographical grids arising from shared underlying physical processes. The method achieves an accurate 
estimation and detection of HITCs without the need for a large number of training samples like machine learning approaches. With the 
accelerating growth of meteorological AI big models, our framework can provide physical constraints to deep learning methods, 
enhancing interpretability. We have conducted experiments using AI big models, including Pangu and FuXi, and the results demon
strate that the proposed network-based framework can be naturally integrated with large-scale DL models to provide forecast tracks 
and capture HITCs central region (see Supplementary Material). Several key directions can extend the ability of this approach. A 
promising application of this algorithm is that it can be applied to get robust projections of TC tracks in different ocean basins under 
future warming scenarios, enhancing long-term climate risk assessment and policy formulation. Moreover, incorporating large-scale 
climate patterns, such as ENSO [47,48], could improve the multi-scale predictability of HITCs. In future work, we will further refine 
this method to enable accurate detection and forecast across different TCs intensity and of their intensities. By utilizing the spatio
temporal connectivity of the climate system, this method provides a novel perspective on detection of propagation patterns of extreme 
events like cyclones, with implications for early warning systems, disaster preparedness, and climate adaptation strategies.
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Code availability

Python is used for coding and drawing plots. The code used in this study is available from the corresponding author or reasonable 

Fig. 7. Forecast errors of mean sea level pressure (MSLP) and relative vorticity at 850 hPa (VO) from forecast 1–10 days, evaluated by comparing 
ECMWF HERS with ERA5. a-b the mean Bias of MSLP and VO. c-d Root Mean Square Error (RMSE) of MSLP and VO. e-f Anomaly Correlation 
Coefficient (ACC) of MSLP and VO.
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Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.ijdrr.2026.106030.

Data availability

TC best track data is available from the CMA at https://tcdata.typhoon.org.cn/zjljsjj.html. MSLP and VO reanalysis data are 
derived from ERA5 at Catalogue — Climate Data Store (copernicus.eu) (https://cds.climate.copernicus.eu/datasets). MSLP and VO 
forecast data need to be requested from ECMWF at ECMWF | MARS Catalogue (https://apps.ecmwf.int/mars-catalogue).
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