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Abstract
The intensification of climate changes has led to increased tropical cyclone (TC) intensities 
and subsequent damage, emphasizing the critical need for accurate trajectory prediction to 
mitigate their impact. In this study, a graph-theory-based approach was employed for the 
identification of TC trajectory. Using reanalysis data, each targeted TC can be constructed 
as a graph during its TC lifetime. Four graph metrics are computed from each graph 
constructed using different data sources, including mean sea level pressure, wind speed, 
and total precipitation. Among the graphs constructed, those representing mean sea level 
pressure (MSLP) and wind speed at 10  m (WD10) graphs show superior advantages in 
identifying TC trajectory. Furthermore, the metric PageRank of MSLP graph even reveals 
a notable ability to estimate TC size. Comparisons with a similar graph-theoretical 
approach demonstrate that our method exhibits superior performance in capturing complex 
TC dynamics. We anticipate to integrating the graph-theory-based approach into machine 
learning models to enhance the accuracy of predicting TC trajectories and intensities in 
future studies.
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1  Introduction

Tropical cyclones (TCs), also known as hurricanes or typhoons, are intense atmos-
pheric dynamic activities characterized by strong winds, heavy rainfall, and storm 
surges. These powerful and destructive weather phenomena have significant impacts 
around the world. On 12 November 1970, a TC named Bhola caused the death of 
more than 250,000 people when striking Bangladesh and India’s West Bengal, which 
became one of the deadliest TCs after 1900 (Hossain et al. 2008). Among the costli-
est TCs to strike the United States between 1900–2010 include Hurricane Katrina of 
2005, which caused at least $108 billions of property damage and resulted in approxi-
mately 1200 deaths (Blake et  al. 2011). In eastern Asia, typhoons have caused con-
siderable economic losses in the last 3 decades in Korea and Japan with total losses 
exceeding USD $60 billion (Choi et al. 2016). Assessments of the expected response 
of TCs to anthropogenic warming indicate that climate change will likely lead to 
changes in the intensity and frequency of TCs (Knutson et al. 2020; Middelanis et al. 
2022; Wang et  al. 2022b), the consequence of which will lead to far-reaching eco-
nomic, social, and environmental impacts on a global scale (Bakkensen and Mendel-
sohn 2016; Cao et al. 2023; Sharpe and Davison 2022; Wang et al. 2025).

Many meteorologists and warning centers have dedicated efforts to the research 
of TCs, leading to advancements in observational techniques, enhanced understand-
ing of atmospheric physics, atmospheric environment interactions, air-sea interface 
dynamics, ocean response, and forecasting methodologies (Emanuel 2018; Wang 
et al. 2022a, b). In the light of the changes in TC behavior caused by climate change 
and the complex interactions between atmospheric and oceanic processes, as well as 
the influence of human activities on the climate system, accurate prediction of TC 
trajectory has become increasingly vital, empowering both citizens and governments 
to enhance disaster preparedness, evacuation planning, and resource allocation. How-
ever, when TCs form, they are influenced by various factors, including the meteoro-
logical environment, thermodynamics, and dynamics of the TC system. Following the 
landfall, the path of a TC is further influenced by complex factors including oceanic 
conditions, coastal topography, and inland terrain (Wang et al. 2023a; Yu et al. 2012). 
These complexities pose significant challenges to TC path prediction. Consequently, 
given the impact of TCs on society and the complexity of their prediction, exploring 
and implementing new techniques for TC path prediction holds great significance.

TC trajectory prediction encompasses three distinct perspectives, i.e., the analy-
sis of large quantities of historical TC records, considering a variety of contextual 
information along with positional data, and forecast time (Farmanifard et  al. 2023). 
Traditional track prediction methods are mainly based on numerical methods (Goerss 
2000; Kotal and Bhowmik 2011). However, studies have highlighted several limita-
tions associated with these approaches. Numerical weather prediction models are 
notably complex, requiring substantial time and computational resources, which 
can be both expensive and impractical (Chang et  al. 2024; Hall and Jewson 2007; 
Vyavahare and Khanuja 2021). Such traditional methods are also constrained by their 
intrinsic characteristics. Such approaches often depend excessively on historical data 
patterns, overlooking the intricate interplay of meteorological variables and TC path-
ways across both attribute and time dimensions, which prevent them from analyzing 
implicit data features (Lian et  al. 2020). Moreover, the rapid expansion of meteoro-
logical satellites, ocean observation stations, and ground stations has resulted in a 
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continuously growing volume of data. While this increased data availability offers 
valuable insights, it also complicates TC trajectory forecasting. The large volume 
of high-dimensional and heterogeneous data requires advanced techniques for data 
assimilation, model calibration, and feature extraction. Traditional methods often 
struggle to effectively integrate and process such complex data, as they were not 
designed to handle the intricate relationships between multiple meteorological vari-
ables over different spatial and temporal scales. Consequently, while more data can 
potentially improve forecast accuracy, it also necessitates more sophisticated analyti-
cal methods to manage and interpret the information effectively.

The application of machine learning algorithms, which are recognized for their 
proficiency in deciphering intricate patterns within vast datasets for the prediction 
of TC trajectory, is becoming increasingly prevalent. A variety of machine learning 
techniques—ranging from artificial neural networks, support vector machines, and 
random forests—have been explored by researchers to enhance prediction accuracy 
(Lian et al. 2020; Moradi Kordmahalleh et al. 2016; Rüttgers et al. 2019). For exam-
ple, Vyavahare and Khanuja (2021) employed the Convolutional Neural Network 
(CNN) technique to forecast cyclone paths, leveraging visual imagery obtained from 
satellites and radars. The accuracy of AI models was evaluated by comparing sim-
ulated trajectories with observed ones across different sea regions. In recent study, 
Bi et  al. (2023) introduced the 3D neural network Pangu-Weather, achieving supe-
rior accuracy in medium-range global weather forecasting, particularly in predicting 
TC trajectories. Wang et al. (2023b) utilized recurrent neural networks (RNN), long 
short-term memory (LSTM), gated recurrent unit (GRU), and CNN to model complex 
relationships. Their model, incorporating reanalysis data of environmental factors, 
outperformed traditional methods in short-term track forecasting. Several scientific 
reviews have been published in the last decade to summarize the recent progress and 
advances in forecasting techniques for TCs. These techniques include statistical meth-
ods, dynamical and numerical methods, and more recently, machine learning-based 
methods (Chen et al. 2020; Elsberry 2014; Heming et al. 2019; Klotzbach et al. 2019; 
Leroux et al. 2018; Roy and Kovordányi 2012). In summary, the researches recognize 
the importance of leveraging advanced forecasting techniques, including machine 
learning-based methods, to deliver accurate cyclone forecasts in a timely manner, thus 
mitigating the impact on human lives and reducing economic loss.

This study presents a dynamical method using the concept of graph theory to identify the 
trajectory of a TC. This method utilizes the reanalysis data to construct a graph for a specific 
TC, from which some typical metrics could be calculated and used for the trajectory identi-
fication of a TC. We thoroughly discuss the properties of a TC graph and its metrics to find 
out that the metric of clustering coefficient from the mean sea level pressure (MSLP) graph is 
the most effective indicator for capturing the TC’s trajectory, while the node degree from the 
graph based on wind speed at 10 m height graph is the second-best metric among all.

In the following parts of this paper, Sect. 2 gives the detailed methodology used for graph 
construction. Section 3 investigates the metrics of different graphs constructed by different 
data including the mean sea level pressure, wind speed at different altitudes, and total 
precipitation. In Sect. 4, the feasibility of identifying TC size from a metric of an MSLP graph 
is demonstrated, followed by a discussion about future study and a conclusion of this paper. 
Finally, concluding remarks are given in Sect. 5.
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2 � Methodology

2.1 � Reanalysis data

This research applied the fifth-generation European Centre for Medium-Range Weather 
Forecasts (ECMWF) reanalysis data, ERA5, which is renowned for its high spatial and 
temporal resolution. The ERA5 dataset has a spatial resolution of 0.25 degrees for both 
latitude and longitude, with a temporal resolution of one hour. The analysis focuses on 
TCs in the East and Southeast Asia regions, and for this purpose, the data were selected 
from the geographical window extending from 105 ◦E to 160 ◦E and 5 ◦N to 40 ◦N . The 
period of study spans from June to November annually, which aligns with the TC season 
in the aforementioned area (Chow et  al. 2018; Ho and Ying 2001; Wang et  al. 2024). 
Furthermore, the current study incorporated the best track dataset for TCs, along with the 
TC size dataset retrieved from the China Meteorological Administration (CMA) Tropical 
Cyclone Data Center for the Western North Pacific Basin,1 to augment our graph analysis 
and validate our findings.

MSLP is a widely recognized metric for accurately identifying the TC center path, as 
evidenced by its use in numerous previous studies (Gupta et  al. 2021; Klotzbach et  al. 
2019). However, extra attention should be paid to situation where TCs cross over large 
islands or undergo extra-tropical transition if MSLP is the only data used for TC tracking. 
Heming (2017) suggests that the inclusion of additional data, such as the 850RV (relative 
vorticity) field, may enhance the precision of TC tracking. Therefore, this study selected 
the 10 m u and v wind components (WD10), MSLP, and total precipitation (PRCP) from 
the ERA5 hourly data on a single level, and additionally the study chose u, v, and w wind 
components at various pressure level at 250 hPa (WD25), 500 hPa (WD50) and 750 hPa 
(WD75) which are also from the ERA5 hourly dataset. The current research will firstly 
construct a graph for each TC using the corresponding MSLP data via Pearson correlation 
coefficient (PCC). One objective of the current study is to investigate whether the TC 
center path can be observed from the graph based on PCC of MSLP data. Furthermore, the 
wind speed at a height of 10 m height and three selected pressure levels will be compared 
with MSLP for the purpose of assessing the viability of using wind speed as an alternative 
dataset for the identification of TC center path from a graph-based analytical perspective.

2.2 � Graph construction

The graph of each TC is constructed by the Pearson correlation coefficient. Firstly, the 
maximum and minimum longitude and latitude of the TC center path through one TC’s 
lifetime are used as the reference boundaries for the spatial size of data used for graph 
construction. The boundaries are set to extend 5 degrees beyond these extremities, 
resulting in longitudinal limits of 

[

longitudemin − 5◦, longitudemax + 5◦
]

 and latitudinal 
limits of 

[

latitudemin − 5◦, latitudemax + 5◦
]

 . Within this defined rectangular region, each 
geographic location is considered a node. Secondly, for each TC, all hourly data within 
the TC’s lifetime for each node would be used for PCC calculation. This temporal 
framework is precisely determined using the best TC track dataset. Lastly, an edge is 
established between two nodes if their correlation coefficient exceeds a predetermined 

1  https://​tcdata.​typho​on.​org.​cn/​en/​index.​html.

https://tcdata.typhoon.org.cn/en/index.html
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threshold, which varies according to the specific dataset being used for graph 
construction. The threshold and its application for different datasets will be discussed 
in subsequent sections. It is important to note that the graphs we generated in this study 
are undirected. This approach enables the systematic representation of the intricate 
relationships between various data points over the course of a TC’s activity, thereby 
facilitating a more profound understanding of its characteristics.

2.3 � Graph metrics

This study will utilize four node metrics to extract meaningful information from the 
graphs that represent our subject of interest. These metrics include the node degree, 
which measures the number of connections a node has; the clustering coefficient, which 
indicates the likelihood of a node’s neighbors being connected; the mean geographical 
distance, providing an average measure of the spatial spread of a node’s connections; 
and PageRank, which assesses the relative importance of a node within the graph. 
Each of these metrics will be instrumental in unraveling the intricate patterns and 
characteristics embedded in the data.

The metric degree ki of a node i in a graph is the number of all neighbors connected 
to the node i.

where n is the total number of nodes; Aij is the element at the i-th row and j-th column in 
the adjacency matrix A , if the edge of nodes i and j exists, Aij = 1 , otherwise, Aij = 0 . The 
clustering coefficient Ci is the ratio between the number of edges that truly exist among all 
neighbors of node i and the twice of total number when all neighbors of node i are fully 
connected (i.e., a complete graph) (Albert and Barabási 2002).

The clustering coefficient is a measure of the extent to which the neighbors of node 
i connect with each other. The mean geographical distance (MGD) Li measures the 
averaged geographical distance between node i and all of its neighbors (Albert and 
Barabási 2002),

where the geographical distance Lij is the great-circle distance between nodes i and j 
which is calculated by the Haversine equation. At last, we calculate the PageRank of a node 
i in a graph. It was originally developed by Google for the internet network. It is capable of 
quantifying the importance of a page (node) within a graph, which depends on the number 
and importance of the neighbor pages (nodes) that are linked to it (Albert and Barabási 
2002).

The PageRank score of one node i is the sum of the PageRank score of its connected 
neighbors (Li and He 2018).

(1)ki =

n
∑

j=1

Aij

(2)Ci =

∑n

j,q=1
AijAjqAqi

ki(ki − 1)

(3)Li =

∑n

j=1
LijAij

ki
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3 � Results

3.1 � Graphs based on mean sea level pressure

Firstly, we select MSLP as the original data for graph construction. An edge is established 
between two nodes in the adjacency matrix if their PCC is equal to or greater than 0.9. Four 
metrics of the MSLP graph of the 13th TC Hato in 2017 in the Northwest Pacific Ocean 
are calculated and presented in Fig. 1. The trajectory of Hato is also integrated within the 
contours for reference. It should be emphasized that while the metric results presented in 
Fig. 1 do not include land-based data, the construction of the graph initially incorporates 
data from both over land and water to ensure comprehensive metric calculations.

The contour of the node degree, as illustrated in Fig. 1a, shows an intriguing correlation: 
the trajectory of the TC Hato corresponds to areas with lower node degree values. Given 
the edge definition from the previous section, a lower node degree indicates that a node 
with a diminished number of strong correlations with other nodes. This pattern suggests 
that nodes adjacent to the TC’s trajectory form strong connections with only a limited 
number of nearby nodes. This characteristic could potentially be utilized to approximate 
the trajectory of a TC or even to make predictions based on historical data. However, node 
degree does not provide an accurate representation of the physical distance between the 
connected nodes and the center nodes. To address this, we use the MGD as the measure to 

(4)PRi =
∑n

j=1
Aij

PRj

kj

Fig. 1   Metrics of MSLP graph of TC 1713-Hato: a degree of nodes; b mean geographical distance; c clus-
tering coefficient; d PageRank. Marker lines are TC trajectory with different marker shapes representing 
different TC intensities. TC intensity: ×—tropical depression, *—tropical storm, Δ—severe tropical storm, 
O—tropical cyclone, □—strong tropical cyclone, ☆—super tropical cyclone
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quantify the spatial relationship between nodes. As shown in Fig. 1b, the TC’s trajectory is 
in line with the relatively small MGD values, indicating that the neighbors connected to the 
center nodes are very close to the TC center physically. This phenomenon further reveals 
that only nodes or locations near the TC center are strongly correlated ( PCC ≥ 0.9 ) to the 
TC center, while those far away from the center are irrelevant. These findings underscore 
the potential of MGD as a metric for enhancing the precision of TC center identification 
and trajectory prediction.

The clustering coefficient of TC 1713-Hato is depicted in Fig.  1c. The clustering 
coefficient is more distinguishable than the node degree, as it exhibits a much higher 
value along the TC’s trajectory than the surrounding nodes. Moreover, it captures trends 
in the movement of the TC even in the early stages of their development. Considering 
the definition of the clustering coefficient, it becomes apparent that nodes with higher 
clustering coefficients along the trajectory of a Tropical Cyclone (TC) exhibit a stronger 
correlation among their physically proximate neighbors. This characteristic establishes 
the clustering coefficient as a superior method for identifying the trajectory of a TC. 
However, due to the contour’s emphasis solely on the nodes at the TC center, determining 
the location of the neighboring nodes becomes challenging. Hence, an alternative metric 
called PageRank is explored, and its outcomes are depicted in Fig. 1d. It is evident that 
the outlines along the TC’s trajectory are more distinguishable using this metric. Through 
a meticulous examination of the aforementioned three metrics and considering that the 
PageRank score of one node is the weighted average of PageRank score of those nodes 
connected to it (Eq. 4), it can be inferred that nodes with relatively low PageRank scores 
and low degree values on both sides of the TC’s trajectory are connected to each other, 
resulting in a higher clustering coefficient along the TC’s trajectory. Therefore, we can say 
these nodes are primarily significant to each other, since the PageRank score normally is 
explained as the node importance within a graph (Li and He 2018).

In order to assess the robustness of this method for identification of TC trajectory, we 
calculate the clustering coefficient for a range of TCs generated in the northwest Pacific 
Ocean. For the sake of simplicity, the results from four typical TCs are provided in Fig. 2. 
We investigate the influence of TC lifetime, TC location, and islands in the ocean on the 
identification of TC trajectory. Firstly, it is evident that even the TC with a lifetime as short 
as 3.5 days allows for the observation of its trajectory from the contour of the clustering 
coefficient (Fig.  2a). Regardless of whether TC during its lifetime is much closer to the 
Asian continent or meandering in the Pacific Ocean, the clustering coefficient is always 
high enough to capture the TC’s trajectory (Fig. 2b, c). Finally, even in the case of tropical 
cyclones crossing numerous islands, such as those observed in the Philippines (Fig. 2d), 
the trajectory is consistent with high clustering coefficients. These evidences suggest that 
the clustering coefficient is sufficiently robust to identify the TC’s trajectory.

Figure  2 illustrates a noteworthy phenomenon wherein nodes along the trajectory of 
a Tropical Cyclone (TC) consistently display significantly high clustering coefficients, 
approaching a value of 1.0. Upon scrutinizing the results obtained from all TCs in 2017, 
it becomes apparent that two potential rules can be formulated. The first rule suggests that 
the proximity of the TC center to land or the prolonged duration of the TC’s presence in 
a confined region correlates with higher clustering coefficient values. The second rule is 
particularly remarkable. As depicted in Fig. 1, nodes in close proximity to the TC center 
exhibit limited interdependence. When a TC remains within a small region for an extended 
period, the nodes near the TC center accumulate longer MSLP data, which subsequently 
yields higher PCC values. Consequently, the clustering coefficient values also increase. 
Furthermore, since MSLP represents the pressure exerted on mean sea levels, it is 



11964	 Natural Hazards (2025) 121:11957–11974

reasonable to infer that when the TC center is closer to land, the nodes near the TC center 
on the ocean exhibit stronger mutual correlations through MSLP data, while displaying 
weaker correlations with nodes located on land. This inference might implicate that the 
MSLP data may only be effective for TC trajectory estimation over oceanic regions but 
is likely unreliable when applied to land areas after the TC makes landfall which is not 
investigated in this article.

3.2 � Graphs based on wind speed

In this section, the wind speed at 10 m height is used for graph construction. Similar to 
MSLP graph, a connection is established between two nodes if their PCC is greater than 
or equal to 0.9. Consequently, four metrics of the WD10 graph could be calculated and are 
presented in Fig. 3. It is apparent to find a discernable trajectory of the 2nd TC Merbok 
in 2017 from the contours of node degree, mean geographical distance, clustering coef-
ficient, and PageRank. This means that the 10 m wind speed data are practicable to identify 
the TC’s trajectory. In addition, the results of mean geographical distance (Fig.  3b) are 
still highly corelated to those of node degree (Fig. 3a)) in the WD10 graph, reflecting that 
nodes at TC center are only connected to the nodes nearby. Similar to Fig. 1d, the relatively 
low PageRank score in Fig. 3d also clearly represents a higher clustering coefficient along 
the TC’s trajectory.

However, notable differences exist between the metrics derived from WD10 data 
(Fig.  3) and those from MSLP data (Fig.  1). A key observation is that the regions 

Fig. 2   Effect of TC lifetime, TC location, and islands in the ocean on identification of TC trajectory from 
clustering coefficient. a 1704-Talas (life time 3.5 days); b 1703-Nanmadol (6 days); c 1705-Noru (21 days); 
d 1724-Haikui (5.5 days)
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indicating the TC’s trajectory in the WD10 graph are much narrower than those in the 
MSLP graph. This suggests that using WD10 data might lead to more precise identification 
of the TC’s trajectory. It’s important to point out, however, that the TC’s trajectory is 
relatively challenging to discern from the clustering coefficient contour in the WD10 
graph (Fig. 3c), particularly if the trajectory is not known beforehand. The nature of the 
clustering coefficient, which implies a dense interconnection among numerous neighboring 

Fig. 3   Metrics of WD10 graph of TC 1702-Merbok. a Degree of nodes; b mean geographical link distance; 
c clustering coefficient; d PageRank
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nodes, may obscure the clarity of the contour, thereby complicating the identification of the 
TC’s trajectory using this metric.

Besides, as shown in Fig.  3a, although the node degree remains regionally minimal 
along the TC’s trajectory, there are large areas on both sides of trajectory with relatively 
high degree values, which are not evident in the contour of the node degree of the MSLP 
graph (Fig. 1a). This means that these nodes with a higher degree of connectivity to a vast 
number of other nodes, a phenomenon that is consistently observed in a scale-free graph. 
To further investigate this structure, we calculated the probability distribution function 
(PDF) of node degrees for the WD10 graphs of all TCs in 2017 with the results presented 
in Fig. 4. The evidence demonstrates that the average PDF adheres to a power law distribu-
tion across a range of one order of magnitude in node degree, thereby affirming the scale-
free nature of the WD10 graph. Within this range, an area of high degrees can be identified, 
which can be characterized as “hubs”. These hubs serve as pivotal relay stations facilitating 
information exchange among nodes dispersed across various locations. Remarkably, these 
hubs are consistently positioned at distances ranging from 0 to 2 degrees, both longitudi-
nally and latitudinally, relative to the trajectory of the TC.

The objective of this study is to examine whether graphs constructed using wind speed 
data from different pressure levels could reflect similar metrics. The node degree of three 
graphs on 750 hPa, 500 hPa, and 250 hPa pressure levels for TC 1702-Merbok are pre-
sented in Fig. 5. The degree distribution of the 750hPa graph is strikingly similar to that of 
its WD10 counterpart, whereas the other two graphs exhibit markedly disparate patterns. 
Considering a TC has a complex 3D structure (Wang and Wu 2004; Wang 2012), it is 
reasonable to obtain different metrics from graphs defined by different sources. Figure 6 
provides a proof of the vertical vorticity component at three pressure levels at 9 a.m. on 
11 June, 2017. The vortex structure is completely destroyed at the 250hPa pressure level, 
which results in the inability to identify the TC’s trajectory from its degree distribution 
at this altitude. It is important to note that the representation of the surface at this pres-
sure level does not perfectly conform to the earth’s curvature, complicating the data analy-
sis. Therefore, it is preferable to construct graphs using wind speed data at 10 m height, 
despite the adequacy of metrics derived from the 750 hPa graph. The lower atmospheric 
data at 10 m provides a more reliable and accurate depiction of the TC’s dynamics on a 

Fig. 4   PDF of node degree of 
WD10 graph for all TCs in 2017. 
The dotted lines represent the 
results of each TC in 2017 and 
black line is the average result 
of all TCs in 2017. The red dash 
line has an exponent of − 1.5
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surface closer to actual ground conditions, thereby ensuring better alignment with the TC’s 
observed trajectory.

3.3 � Graphs based on total precipitation

In this section, we conduct an analysis of the graph constructed using total precipitation 
data. The establishment of edges between nodes is contingent upon the PCC of total pre-
cipitation surpassing 0.8. Figure 7 presents the total precipitation and the distribution of 
node degree. Regrettably, the PRCP graph does not serve as a reliable indicator for identi-
fying the trajectory of the TC. Consequently, the examination of other metrics is omitted 
in this section, as they also fail to provide clear insights into the TC’s path. Nevertheless, 
the contour depicting total precipitation in Fig. 7a reveals a consistent association between 
heavy rainfall and the TC throughout its entire lifespan, with a predominant occurrence in 
the vicinity of the TC center. Furthermore, the regions experiencing precipitation exhibit 
a significant correlation with areas characterized by relatively high node degrees, as dem-
onstrated in Fig.  7b. Similar to the WD10 and MSLP graphs, this observation can be 

Fig. 5   Node degree of three graphs defined by wind speed on three pressure levels. Pressure level: a 
750 hPa; b 500 hPa; c 250 hPa

Fig. 6   Vertical vorticity �
z
 on three pressure levels at 9am on 11 June 2017. Pressure level: a 750 hPa; b 

500 hPa; c 250 hPa
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attributed to the strong correlation between rainfall events near the regions encompassing 
the TC center.

4 � Discussions

4.1 � TC size identification from graphs

In this section, we explore the potential of using specific metrics from TC graphs to deter-
mine the size of a TC. Specifically, we examine the clustering coefficient and PageRank 
metrics within the MSLP graph of TC 1621-Sarika, which are presented in Fig.  8. This 
analysis utilizes data from TCs in 2016, as the CMA Tropical Cyclone Data Center (Lu 
et al. 2017) only provides the retrieved TC size dataset spanning from 1980 to 2016. The 
objective is to assess the potential of these metrics to effectively reflect the physical dimen-
sions of a TC, with the aim of developing a new approach to estimating TC size based on 
graph-based analysis.

It is interesting to find that the TC size can be clearly identified from the PageRank 
contour in Fig. 8b. The radius of maximum wind (RMW) of the TC represented by the 
dotted circles is bounded by two yellow narrow stripes. Recall that PageRank represents 
the importance of a node in a graph, of which higher scores means higher importance. The 
higher importance locations coincide with the TC’s RMW, emphasizing that the RMW is a 
very important position inside the TC. This finding also supports that it is of great signifi-
cance to record the RMW for every TC. This is not only because it is the location with the 
highest wind speed, but also it would be meaningful for studying TC’s structure geometri-
cally and dynamically (Chavas et al. 2015; Holland 1980; Knaff et al. 2016; Li et al. 2022; 

Fig. 7   a Total precipitation (m) during the whole life time of TC 1702-Merbok; b Node degree of PRCP 
graph of TC 1702-Merbok
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Nederhoff et al. 2019; Wood et al. 2013). In addition, a larger RMW is always connected 
to a higher PageRank score of MSLP (Figs. 8b, 9b), indicating that the larger TC structure 
has higher impact on MSLP within the whole lifetime of this TC. This is reasonable since 
a larger TC with lower MSLP in the center could absorb more energy from the ocean and 
influence the weather within a wider region (Sun et al. 2020).

The clustering coefficient, while serving as a useful indicator for tracking the trajectory 
of tropical cyclones, does not provide explicit information regarding the location of the 
TC’s RMW, as illustrated in Fig. 8a. Only if when the size of the TC is known a priori, 
it becomes evident that two distinct stripes with lower scores of clustering coefficient 
approximately align with the RMW. Figure  8 demonstrates that these two metrics can 
be seen as complementary parts with each other. High PageRank regions correspond to 
low clustering coefficient regions, and vice versa. In Sect.  3 we already discussed the 
correlation between these two metrics.

Figure 9 compares the PageRank between WD10 and MSLP graphs. It is surprising to 
find that the PageRank of WD10 graph is unable to identify the RMW, although WD10 
graph is constructed by wind speed at 10 m height. A reasonable inference could be that 
this mismatch means that the RMW is decorrelated with wind speed at 10 m height and 
strongly correlated with MSLP. Thus, we infer the sea level pressure plays a vital role for 
TC’s structure.

Fig. 8   Metrics of MSLP graph of TC 1621-Sarika: a Clustering coefficient; b PageRank. The dotted circles 
represent the radius of maximum wind speed of the TC

Fig. 9   PageRank of TC 1604-Nida from a WD10 and b MSLP graphs
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4.2 � Improvements

We compare our work with another similar study (Gupta et al. 2021), which also utilizes 
the graph theory to capture TC’s trajectory. In their study, Gupta et al. (2021) constructed 
the evolving (continuous) networks using the ERA5 reanalysis data of 3-hourly MSLP only 
and a 10-day time window. The main distinction between our work and that of theirs lies 
in the fixed 10-day time window by the latter, which is unable to capture the trajectory 
of a TC with a very short lifetime, such as TC 1704-Talas shown in Fig. 10. The 6.5-day 
MSLP data, which are not included in the TC’s lifetime, are not as strongly correlated with 
3.5-day MSLP data within the TC’s lifetime. Moreover, the feasibility of constructing a 
TC graph using alternative data, such as wind speed, total precipitation, and sea surface 
temperature was not investigated. Our work provides clear discrepancy between MSLP and 
WD10 graphs, despite the fact that both graphs are able to identify the TC’s trajectory from 
their metrics. The third difference is the method employed to calculate the correlation coef-
ficient. The TC graphs constructed in this study employ the Pearson correlation coefficient, 
whereas the Kendall’s rank correlation coefficient was used in their study. Fortunately, two 
methods of correlation coefficient could both produce valid graphs for correct identifica-
tion of TC’s trajectory. Finally, we note that although we use 1-hourly data for graph con-
struction, their study illustrated that 3-hourly data are sufficient for trajectory identification.

4.3 � Future perspectives

The primary achievement of this study is the successful identification of TC trajectories 
through the analysis of various metrics derived from TC graphs, which are constructed 
using diverse types of data. The robustness of the proposed TC graph methodology is 
demonstrated by its capacity to accurately identify TC trajectories despite variations in 
the cyclone’s lifetime and geographical location. Although our current research focuses 
on the analysis of graph metrics for previously occurred TCs, the foundational concept of 
constructing TC graphs holds substantial promise for future predictive applications. We 
envision extending this work to a data-driven neural network model that could leverage 
a graph neural network (GNN) for training and predictive purposes. By integrating 

Fig. 10   Graph metrics of TC 1704-Talas. The graph is constructed by the Kendall’s rank correlation coef-
ficient. a Clustering coefficient of MSLP graph; b degree of WD10 graph
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attention mechanisms and generative models, we expect that the model will be capable of 
extending its predictive capability longer enough for weather forecast purpose. Moreover, 
the application of techniques from explainable AI (xAI) has the potential to reveal the 
underlying physical mechanisms that govern the dynamics of TC systems. This approach 
not only enhances our predictive capabilities but also deepens our understanding of the 
behavior and driving forces of TCs.

5 � Concluding remarks

In this paper, graphs of TCs are constructed using mean sea level pressure, wind speed 
at 10 m height, wind speed at three pressure levels, and total precipitation. The primary 
objective of this research is to investigate the feasibility of using these TC graphs to 
identify both the trajectory and the size of TCs, which are the main objectives of this study.

From the results of the metrics of MSLP and WD10 graphs, it is evident the trajectory 
and size of the TCs marked by RMW can be effectively identified. Among the various 
metrics analyzed, the clustering coefficient from the MSLP graph emerges as the most 
effective indicator for capturing the TC’s trajectory, while the node degree from the WD10 
graph is the second-best among all the metrics. The PDF of node degree also reveals the 
presence of a scale-free graph, indicating some regions near the TC center act as ‘hubs’ for 
information exchange within the TC. However, the results reveal that wind speeds at higher 
pressure levels are less suitable for TC graph construction due to the destruction of the 
mesoscale vortex structure of the TC at these altitudes. It is noteworthy that our study also 
demonstrates that the PageRank metric of a MSLP graph effectively captures the size of 
the TC, particularly reflecting the significance of the locations at the RMW. Overall, these 
insights not only enhance our understanding of TC dynamics but also contribute to the 
development of more accurate forecasting methods by identifying key graphical metrics 
that correlate with the physical characteristics of TCs.

Given the encouraging outcomes obtained in this study utilizing metrics derived from 
Tropical Cyclone graphs to ascertain TC trajectories, we propose the development of a 
data-driven Graph Neural Network (GNN) model aimed at predicting TC paths. This 
proposed model would leverage the fundamental principles established in our ongoing 
investigation of TC graphs. The initiation of this research endeavor is scheduled in the near 
future, with the objective of enhancing the precision and dependability of TC forecasting 
through the application of advanced machine learning techniques.
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