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Abstract. Atmospheric rivers (ARs) are long, narrow corridors of enhanced water vapor transport that play an important role 

in transporting moisture from lower latitudes toward the extratropical and polar regions. On one hand, ARs can cause 

precipitation, end drought, accumulate snowpacks, and support ecosystems and society. On the other hand, ARs also represent 

a type of hazard and are responsible for economic losses, such as by extreme precipitation and winds, rain on existing 

snowpacks, or causing debris flows and landslides. Given the importance of ARs, this paper proposes a multi-method fusion 15 

algorithm for more objectively identifying ARs on a global scale. The proposed algorithm, based on the vertically integrated 

water vapor transport (IVT), integrates advanced strategies from multiple existing algorithms and introduces a dual-axis test 

method to enhance the stability of AR identification. Using IVT data from ERA5, a global AR database is constructed at a 1° 

× 1° horizontal resolution and a six-hourly temporal resolution for 1940–2024, and is publicly available at 

https://doi.org/10.5281/zenodo.18051602 (Chen and Rao, 2025). Comparative evaluation against established AR databases 20 

reveals strong agreement in mid-latitude ocean basins where ARs are most active. The usefulness of the new AR database is 

also demonstrated by examining the role of ARs in two extreme events in the recent past: atypical AR activity during the East 

Asian Meiyu rainfalls in late June 2018, and rare AR activity during the Australian Black Summer in late January 2020. The 

results show that the new AR database helps to reduce the uncertainty in AR identification and to better understand extreme 

events and their variations in time and space. 25 

1 Introduction 

The concept of atmospheric river (AR) was first introduced by Zhu and Newell (1994) to describe a now formally defined 

transient and narrow corridor of intense water vapor transport in the lower troposphere, typically associated with low-level jet 

streams ahead of the cold front of an extratropical cyclone (Ralph et al., 2018). The synoptic and climatological characteristics 

of ARs have been extensively examined in recent decades. It is now well documented that approximately a dozen ARs exist 30 

globally at any given time, each exceeding 2000 km in length, with a width less than half of the length and the core of water 

mailto:raojian@nuist.edu.cn
https://doi.org/10.5281/zenodo.18051602


2 

 

vapor centered at below 650 hPa (Guan and Waliser, 2015; Ralph et al., 2017b). ARs predominantly occur in the mid-latitudes 

and continuously transport substantial amounts of moisture poleward, accounting for over 90% of the total meridional water 

vapor transport across these latitudes (Zhu and Newell, 1998), thereby playing a significant role in the global water cycle. 

When an AR makes landfall, the abundant moisture it carries can undergo condensation and precipitation due to orographic 35 

lifting over windward slopes (Ralph and Dettinger, 2011). This process can lead to intense rainfall events, which have dual 

effects on the hydrology of different regions. On one hand, ARs can provide abundant water resources (Guan et al., 2010), 

helping to alleviate drought conditions (Dettinger, 2013). On the other hand, prolonged heavy precipitation associated with 

ARs may cause flooding, landslides, and other natural hazards (Neiman et al., 2011; Ralph et al., 2006). Due to the significant 

role of ARs in influencing precipitation and moisture distribution in the mid-latitudes, research on them has increased 40 

substantially in recent years (Ralph et al., 2017a), including but not limited to the relationship between ARs and extratropical 

cyclones (Guo et al., 2020; Zhang et al., 2019), AR-related precipitation and its impact (Chen et al., 2018; Kwon and Son, 

2024; Paltan et al., 2017), as well as the projected response of ARs to climate changes (Corringham et al., 2022; Liang et al., 

2023; Payne et al., 2020). 

Early studies primarily focused on the AR activities along the west coasts of North America and Europe in the winter season 45 

(Lavers et al., 2011; Neiman et al., 2008). The typical AR phenomena are mostly accompanied by extratropical cyclones, 

which are located downstream of storm tracks. However, subsequent research has demonstrated that ARs can also appear when 

the extratropical cyclones are inactive (Gimeno et al., 2021). Furthermore, the water vapor transport core channels during the 

East Asian summer monsoon exhibit narrow and elongated structures, which can also be identified as ARs (Liang and Yong, 

2021; Ye et al., 2020). It is suggested that the formation and maintenance of the East Asian summer ARs are influenced by 50 

multiple weather systems, including the southwest monsoon, extratropical cyclones, or a combination of both, with the western 

North Pacific subtropical high (WNPSH) playing a critical role in controlling the AR track and orientation (Park et al., 2021). 

Complex dynamics concerning the monsoon activities lead to multifaceted temporal variations in East Asian summer ARs, 

including low-frequency, high-frequency, and intermediate-frequency features (Park et al., 2023; Park and Son, 2024). The 

particularity of East Asian summer ARs illustrates that ARs remain to be better defined and theoretically understood. 55 

As a technical foundation for AR research, current AR identification algorithms are primarily based on morphology of the 

water vapor transport corridors (Shields et al., 2018). These algorithms can be categorized from various perspectives: in terms 

of meteorological fields, they use either vertically integrated water vapor (IWV; Wick et al., 2013) or vertically integrated 

water vapor transport (IVT; Lavers et al., 2012) as the detection variable; regarding spatial scales, they encompass single-

station (Ralph et al., 2013), regional (Nayak et al., 2014), and global scale (Guan and Waliser, 2015) methods; and from a 60 

tracking standpoint, they include Eulerian (instantaneous identification) algorithms (Brands et al., 2017), Lagrangian 

algorithms (Zhou et al., 2018), and comprehensive algorithms that combine both functions (Guan and Waliser, 2024; Pan and 

Lu, 2019). Notable discrepancies exist among AR algorithms in the selection of detection variables, threshold settings, and 

methods for characterizing AR features, potentially leading to inconsistent identifications of ARs. To quantify these differences 

and uncertainties and provide general guidance on algorithm choices for diverse research purposes, the Atmospheric River 65 
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Tracking Method Intercomparison Project (ARTMIP) conducted systematic evaluations of a suite of AR identification 

algorithms (Rutz et al., 2019), offering critical insights for further developing and optimizing algorithms. 

Numerous advanced AR identification algorithms have been developed: the innovative designs in these algorithms reflect 

individual developers’ understanding of ARs, and each has been demonstrated to have advantages in specific application 

scenarios. However, for global-scale AR identification at specified times from a Eulerian perspective, maintaining applicability 70 

across different latitude bands and stability under complex circulation backgrounds remains a challenge that requires further 

consideration. To this end, this study proposes a multi-method fusion algorithm that selectively integrates effective strategies 

from multiple existing algorithms. Specifically, the algorithm incorporates the hemispheric lower limits for IVT thresholds 

(Guan and Waliser, 2024) and a tropical-specific diagnostic criterion related to poleward moisture transport (Pan and Lu, 2020), 

allowing it to better account for moisture transport characteristics in high latitudes with relatively low water vapor and in low 75 

latitudes where trade wind easterlies-related zonal moisture transport is common. The algorithm also incorporates the sum of 

turning angles along the axis (Pan and Lu, 2019) and the total length of axis segments satisfying the poleward moisture flux 

condition (Guan and Waliser, 2024), which respectively enable a more direct and robust characterization of morphological 

curvature and poleward moisture transport structure within enhanced moisture transport features, especially under the complex 

synoptic conditions often encountered in the mid- and high latitudes. Building on these components, this study further 80 

introduces a dual-axis test method in key steps of the algorithm to exploit the complementary advantages of two different axis-

generation methods in morphological representation, thereby improving the stability and reliability of AR identification. In 

addition, a threshold adjustment step (Guan et al., 2018) is adopted to mitigate the limitations associated with prescribed IVT 

thresholds and connectivity-based object extraction. Based on this algorithm, an AR database is constructed and compared 

with selected existing AR databases to assess its performance, analyze inter-database differences, and discuss potential causes 85 

of these discrepancies. Furthermore, by examining the atypical AR activities during several recent extreme cases, the practical 

utility of the resulting AR database is further demonstrated. 

2 Methods 

In the scenario of identifying ARs at a specific time, existing algorithms are predominantly constructed upon an objective 

conditional identification framework. The basic procedure can be summarized as follows. Using a detection variable that 90 

represents ARs (e.g., IWV or IVT), prescribed thresholds are first applied to the background field at the given time to extract 

connectivity-defined, spatially continuous regions with anomalously high values; these regions are hereafter referred to as AR 

candidates. Subsequently, these candidates are analyzed to quantify their key characteristics, particularly morphological 

attributes such as length, width, and curvature. Finally, the quantified metrics are evaluated against predefined criteria to 

identify those satisfying the conditions as ARs. This identification procedure aligns closely with the core requirements 95 

specified in the definition of AR regarding the intensity and morphological features of the water vapor transport corridor. 

Within this identification framework, the initial threshold- and connectivity-based extraction implies that an AR candidate 
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should be viewed as a diagnostic representation of the spatial extent of enhanced moisture transport, with its delineation 

depending on the selected detection variables, threshold fields, and spatial connectivity rules. 

In terms of detection variable selection, both IWV and IVT have been employed for identifying ARs, and they are highly 100 

correlated in characterizing ARs (Neiman et al., 2008; Ralph et al., 2004). Nevertheless, studies have pointed out that IVT 

exhibits a greater inland penetration capability during the landfall process of ARs, thereby more effectively describing moisture 

transport associated with complex terrains (Neiman et al., 2002; Rutz et al., 2014). Furthermore, the vectorial property of IVT 

can well distinguish ARs from other high-moisture systems, such as tropical cyclones and zonally-oriented tropical moisture 

filaments. Tropical cyclones generally lack the typical filamentary structure and directional coherence in water vapor transport, 105 

while tropical moisture filaments typically do not exhibit appreciable poleward moisture flux, both differing from ARs. 

The multi-method fusion algorithm proposed in this study also adheres to the aforementioned identification framework and 

integrates advanced strategies from multiple existing algorithms in its implementation. Designed for global-scale AR 

identification, the algorithm employs IVT as the detection variable, and in this study, the zonal and meridional IVT derived 

from ERA5 reanalysis are used as inputs, with a remapped horizontal resolution of 1° × 1° to save storage and to facilitate 110 

computation. The algorithm consists of four steps, which are elaborated in detail below. 

2.1 Step 1: Extract an AR candidate from the IVT background field 

At the specified time t, within the IVT background field, all grids where IVT exceeds the corresponding IVT threshold are 

identified and marked. Starting from any unvisited marked grid (i.e., a grid that has been marked but not yet incorporated into 

any AR candidate), the algorithm recursively searches the eight neighboring grids for unvisited marked grids. This process 115 

continues iteratively until no new unvisited marked grids are found in the neighborhood, and resulting visited marked grids 

collectively form a continuous region as an AR candidate. Continuous regions that span the circular longitudinal boundary 

(connecting 360° back to 0°) artificially imposed in the data will be considered as a single AR candidate. Subsequent extraction 

of AR candidates starts from new unvisited marked grids and repeats the above procedure. When all marked grids on the IVT 

background field have been visited, the AR identification for this time step is deemed complete. 120 

The identification algorithm employs the spatiotemporal quantile method proposed by Guan and Waliser (2024) to construct 

the IVT threshold field. Specifically, for the IVT threshold at time t, a 5-month window centered around the calendar month 

of t is defined, with a time interval of 6 hours (0000, 0600, 1200, 1800 UTC). The 85th percentile IVT value during this window, 

calculated over the period from 1980 to 2019, is used as the climatological base threshold for each grid globally. This 85 th 

percentile criterion is selected empirically, based on the statistical results of ARs in existing studies (Guan and Waliser, 2015; 125 

Lavers et al., 2012). However, given that the thresholds are generally low in regions with climatologically low moisture content, 

which makes it difficult to effectively extract AR candidates, the algorithm also introduces hemispheric threshold lower limits: 

for each calendar month, the base threshold of grids where the area-weighted cumulative values reach the 5th percentile in the 

Northern and Southern Hemisphere are respectively adopted as the lower threshold limits for all grids within each hemisphere. 

This 5th percentile approximates the areal proportion of polar and other low-moisture regions, representing the base threshold 130 
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at the margins of these regions and thereby enhancing the extraction of AR candidates within them. Compared to conventional 

fixed threshold lower limits, this hemispheric lower limit considers inter-hemispheric and seasonal variations in IVT, and its 

values are more consistent with thresholds used in polar-specific AR identification algorithms (Francis et al., 2020). Further, 

because the hemispheric lower limit dynamically adjusts in response to the base threshold, their combination forms a 

universally applicable global threshold-setting method suitable for various detection variables. Figure 1 illustrates the resulting 135 

IVT fields after merging the 85th percentile base threshold with the hemispheric threshold lower limit for each calendar month. 

This set of threshold fields, also denoted as the Level-0 threshold fields, will be described in detail in Step 4. 

 

Figure 1. Climatological IVT threshold fields for each calendar month derived from 1980–2019. Shading indicates the final threshold 

values (units: kg m-1 s-1) obtained after combining the 85th percentile value with the corresponding hemispheric lower limit. The 140 
lower limit values (units: kg m-1 s-1) for the Northern and Southern Hemispheres are annotated in the upper-left and lower-left, 

respectively. The dotted areas denote grids where the threshold is fixed at the hemispheric lower limit. 
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2.2 Step 2: Identify the axis of the AR candidate 

Accurately and robustly quantifying the key characteristics of AR candidates remains one of the central challenges in current 

AR identification. Existing algorithms typically construct a single characteristic axis along the core region of a candidate to 145 

capture its dominant trajectory, which is subsequently used to quantify its key characteristics. This study proposes to define 

two distinct characteristic axes for each AR candidate using two complementary methods with different emphases, thereby 

enabling a more comprehensive assessment of its relevant characteristics. One way to define AR characteristic axis is to 

connect local maxima in IVT. This approach is computationally efficient but sensitive to small-scale change. The other way is 

to connect the centroids of IVT. This approach ensures a smoother and more stable AR track but often neglect small-scale 150 

change. In this study, two characteristic axes, derived from the two different approaches following Brands et al. (2017) and 

Pan and Lu (2019), are referred to as Axis1 and Axis2, respectively. Overviews of the two axes are provided below. 

Axis1. The axis generation begins at the grid with the maximum IVT value within the AR candidate. For the axis point, the 

surrounding 360° is divided into eight 45° sectors corresponding to the cardinal directions (N, NE, E, SE, S, SW, W, NW), 

each encompassing the adjacent grid in the direction. Within the sector aligned with the IVT direction at the axis point and its 155 

two neighboring sectors, the grid with the maximum IVT value among the three adjacent grids is selected as the next axis 

point. This iterative process continues downstream until the axis reaches the boundary of the AR candidate. The upstream 

extension of Axis1 follows the same procedure, except that the sectors are determined based on the opposite IVT direction. For 

both extensions, a maximum of 500 axis points is imposed to avoid closed-loop iterations in vortex-like moisture structures. 

Axis2. The grid with the maximum IVT value within the AR candidate is selected as the initial reference point, serving to 160 

anchor the axis point. Around this reference point, a local region is defined by selecting the n nearest neighboring grids within 

the AR candidate, where n is set to 15% of the total number of grids in the candidate. At the current input resolution, this 

empirical setting maintains the smoothness of Axis2 while preserving its responsiveness to spatial IVT variations within the 

candidate. The weighted average IVT direction at the reference point is calculated based on the distances of these grids from 

the reference point, and the line perpendicular to this direction is defined as the cross-section of the local region. The grids 165 

within the local region are then projected onto this cross-section, and their weighted center position is calculated based on both 

the distance from the reference point and the IVT magnitude, which is designated as the axis point corresponding to the 

reference point. Subsequently, the local region and weighted average IVT direction at the axis point are recalculated, and the 

axis point advances 100 km forward (backward) along the weighted IVT direction to obtain the next downstream (upstream) 

reference point. This iterative procedure continues downstream (upstream) to construct Axis2, terminating when more than 90% 170 

of the grids in a local region are located behind (ahead of) the corresponding cross-section. As in Axis1, the axis generation in 

each direction is limited to a maximum of 500 axis points to avoid closed-loop iterations. 
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Figure 2. An example illustrating the quantification of main characteristics of an AR candidate. It shows the shape boundary of the 

candidate (solid green curve), Axis1 (solid red curve), and Axis2 (solid purple curve). Stars in corresponding colors mark the points 175 
on each axis where the ratio of the poleward component to the IVT magnitude exceeds 0.25, and consecutive marked points form 

continuous segments. The lower-right inset provides an enlarged view of the region within the black box, highlighting the turning 

angle between adjacent vectors formed by axis points. Shading indicates the IVT magnitude (units: kg m-1 s-1), and vectors denote 

the IVT direction. 

On the one hand, the elongated and narrow morphology of ARs serves as a key distinguishing feature from other moisture-180 

rich weather systems. On the other hand, as critical pathways for global meridional water vapor transport, ARs are generally 

associated with organized poleward moisture transport structures that should be accounted for in their identification. Therefore, 

this study focuses on two aspects of AR candidates: morphological characteristics and poleward moisture transport, with most 

diagnostic metrics quantified based on their characteristic axes. Figure 2 illustrates an example of an AR candidate, together 

with its Axis1 and Axis2. For both axes, the metrics are calculated separately, yielding two sets of axis-based metrics that are 185 

jointly used in the subsequent diagnostic assessment of the corresponding characteristics of the AR candidate. 

For the morphological aspect, the AR candidate is characterized using its length, length–width ratio, and two curvature-related 

metrics. For each axis, the length of the AR candidate is defined as the sum of the geographical distances between consecutive 

axis points. The corresponding equivalent width is then calculated as the ratio of the geographic area of the candidate to this 

axis-based length, and the length–width ratio is derived as the ratio of the length to the equivalent width. In addition to these 190 

length- and width-related metrics, two metrics are used to describe the curvature characteristics of the candidate: the sum of 

turning angles along the axis (Pan and Lu, 2019) and the straightness ratio of the axis. The sum of turning angles is computed 

as follows: each pair of adjacent axis points forms a vector pointing downstream; starting from the first vector at the upstream 
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end, the turning angle between the current vector and the next adjacent vector is calculated sequentially (Fig. 2) and 

cumulatively summed, with counterclockwise angles assigned positive values. The straightness ratio is defined as the ratio of 195 

the great-circle distance between the axis endpoints to the total axis length. 

For the poleward moisture transport aspect, the algorithm computes the total length of axis segments satisfying the poleward 

moisture flux condition (Guan and Waliser, 2024). Each segment consists of consecutive axis points where the ratio of the 

poleward component of IVT to the IVT magnitude exceeds 0.25, as marked with stars in Fig. 2. This metric therefore provides 

an axis-based quantitative measure of the spatial extent of organized poleward moisture transport embedded within the AR 200 

candidate. The design of this metric makes it particularly well suited for characterizing curved or directionally heterogeneous 

moisture transport features, in which transport directions may vary among different portions of the same candidate. 

2.3 Step 3: Diagnose the AR candidate 

In the diagnostic assessment based on morphological features, the AR candidate will be excluded if it fails to satisfy all of the 

following criteria: 1) At least one axis has a length exceeding 2000 km; 2) At least one axis exhibits a length–width ratio 205 

greater than 2; 3) For each axis, the absolute value of the sum of turning angles is less than 300° − 𝑖 × 30°, and the standard 

deviation of the two numbers (i.e., sums of turning angles for Axis1 and Axis2, respectively) is less than 60°, where 𝑖 ∈

{0, 1, 2, 3, 4} and denotes the current threshold-level index within the threshold adjustment step, as detailed in the next step; 4) 

For each axis, the straightness ratio exceeds 0.85 − 𝑙/10000, where l denotes the axis length in kilometers. The first two 

criteria are geometric constraints based on statistical studies of ARs, and are designed to ensure the AR candidate exhibits 210 

elongated and narrow morphology. The latter two criteria are curvature constraints derived from extensive visual inspection 

and sensitivity tests, and are designed to effectively filter out highly curved moisture transport systems, particularly tropical 

cyclones. Specifically, the third criterion is based on the sum of turning angles along the axis, which can more directly quantify 

and diagnose the curvature characteristics of candidates at different scales, offering broad applicability and stability. The fourth 

criterion serves as a supplementary filter, primarily targeting a few high-curvature AR candidates with incomplete structures 215 

extracted by IVT threshold (Fig. 3a). Although such cases are rare, they are difficult to completely avoid in all threshold-based 

identification algorithms. When structural incompleteness prevents such candidates from being filtered out by the third 

criterion, the fourth criterion detects their low straightness ratios of the axes and accordingly excludes them. Notably, this 

criterion incorporates scale dependence, enhancing its sensitivity to small-scale candidates, which are the most common in 

such special cases. 220 
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Figure 3. Examples of AR candidates. The shape boundaries of the candidates are marked by green curves; solid green curves 

indicate identified ARs, while dashed green curves indicate non-AR candidates excluded by the algorithm. Axis1 and Axis2 are shown 

by solid red and purple curves, respectively. Shading indicates the IVT magnitude (units: kg m-1 s-1), and vectors denote the IVT 

direction. 225 

It is worth emphasizing that the dual-axis collaborative representation proposed in this algorithm exhibits unique advantages 

in characterizing the morphological features of AR candidates and related diagnostic assessments. Each of the two axes (Axis1 

versus Axis2) has its own strengths and limitations when independently representing the morphological characteristics of AR 

candidates. Axis1, whose trajectory is determined by dynamically selecting the maximum IVT value immediately around each 

grid, offers high computational efficiency and sensitivity to local turbulent disturbances. This enables it to respond effectively 230 
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to small-scale changes but may also lead to premature termination of the axis finding process due to preset boundary conditions 

(Fig. 3b). In contrast, Axis2 is the connection line of the centroids of each part of the AR candidate constructed based on the 

K-nearest neighbors and local weighted regression, which ensures a smoother and more stable axis but may overlook some 

smaller vortex systems (Fig. 3c). To reduce the influence of the respective limitations of the two methods, our algorithm 

integrates both methods and refines the diagnostic logic at the level of axis-based metrics. Specifically, each quantitative metric 235 

is treated as an independent diagnostic item, and the two axes are cross-checked using metric-specific decision rules, with 

scale- and elongation-related criteria requiring at least one axis to satisfy the corresponding requirement and curvature-related 

criteria requiring both axes to satisfy it. In terms of axis representation, Axis1 can more accurately capture small-scale 

disturbances than Axis2, whereas Axis2 can correct unrealistic path diversions that may arise in Axis1 due to local vortices. 

Conceptually, the axis definitions in Guan and Waliser (2015, 2024) have elements similar to Axis1. A dual-method axis 240 

identification strategy here is expected to enhance the robustness of AR identification in complex weather conditions, 

particularly to have a better representation of AR systems with multi-core structures or irregular shapes. 

The poleward water vapor transport characteristics of AR candidates can reflect their potential dynamical linkages with 

weather systems across multiple scales. The diagnostic assessment of these characteristics aims to exclude candidates 

exhibiting pronounced zonal features, such as tropical moisture filaments and water vapor transport belts in the mid- and high 245 

latitudes that are almost entirely controlled by prevailing winds. Drawing upon established screening criteria from prior 

algorithms (Pan and Lu, 2020; Guan and Waliser, 2024), the AR candidate will be excluded if it fails to satisfy all of the 

following criteria: 1) The fraction of grids within the 20°S–20°N latitude band must not exceed 95%; additionally, if this 

fraction exceeds 50%, then the proportion of grids where the angle between the IVT direction and the latitude circle is less 

than 15° must not exceed 50%; 2) There must be at least one axis with a total length of segments exhibiting poleward water 250 

vapor transport characteristics that exceeds 800 km, or at least one axis whose length exceeds 3500 − 𝑅𝑝 × 5000 km, where 

Rp is required to be greater than 0 and is defined as the ratio of the area-weighted mean of the poleward IVT component to the 

area-weighted average of IVT magnitude within the candidate. The first criterion can effectively eliminate zonally-oriented 

tropical moisture filaments (Fig. 3d), while retaining water vapor transport corridors in the tropics that exhibit characteristics 

consistent with ARs, such as the strong water vapor transport belts embedded in the East Asian summer monsoon circulation 255 

(Kamae et al., 2017; Yang et al., 2018; Fig. 3e) and the tropical moisture exports over the North Pacific (Knippertz and Wernli, 

2010). The second criterion is applied globally but is particularly useful for mid- and high-latitude candidates, where moisture 

transport structures are often affected by complex synoptic conditions. This criterion emphasizes the presence of poleward-

directed moisture transport structures within individual candidates, rather than requiring all grids or local portions of a 

candidate to exhibit poleward transport. This flexible design helps avoid the erroneous exclusion of some ARs that include 260 

zonally oriented extensions (Fig. 2) or locally equatorward portions. As a supplement, the second half of this criterion accounts 

for a few large-scale candidates whose poleward transport along the axes may be locally weak (Fig. 3f); this supplementary 

condition helps retain such AR cases when they still exhibit a positive object-scale poleward IVT tendency and a sufficiently 
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large spatial scale. As with the morphological criteria, the specific parameter thresholds in these criteria are based on prior 

research, combined with extensive visual inspection and sensitivity tests. 265 

When the AR candidate satisfies all the above criteria, the algorithm identifies it as an AR and archives the associated data. 

Subsequently, a new AR candidate is extracted from the IVT background field in Step 1, and its main characteristics are 

quantified and diagnosed following the same procedure. If the candidate is excluded due to failing to meet the criteria, the 

algorithm performs an additional verification of the corresponding region through the threshold adjustment step in the next 

step. 270 

2.4 Step 4: Re-check the excluded AR candidate 

For an initially excluded AR candidate, the algorithm employs a threshold adjustment step to re-check if water vapor transport 

structure is consistent with AR characteristics in the interior of the corresponding region, as proposed by Guan et al. (2018). 

Specifically, based on the Level-0 IVT threshold fields at the 85th percentile combined with the hemispheric threshold lower 

limit (see Step 1), the algorithm additionally establishes four sets of ascending threshold fields, corresponding to the 275 

combinations of the 87.5th, 90th, 92.5th, and 95th percentile base thresholds, denoted as Level-1 to Level-4 in the threshold 

adjustment step. For an AR candidate initially excluded, the IVT values of each grid within the region are compared against 

the corresponding thresholds in the Level-1 threshold field. Grids with IVT values exceeding this threshold are re-registered 

as unvisited marked grids in the IVT background field, and retained for extraction as the potential new AR candidate in Step 

1. Concurrently, the algorithm records the threshold-level index of the threshold field used to extract the current candidate. If 280 

the candidate fails to satisfy the diagnostic criteria, the procedure is repeated using the threshold field of the next level. If a 

candidate extracted from the Level-4 threshold field still does not meet the criteria, the verification process for that region is 

concluded. 

The threshold adjustment step modifies the IVT threshold to regulate the spatial extent of AR candidates, with two primary 

functions. First, for some overly broad AR candidates that fail to meet the length–width ratio criterion, their core regions 285 

obtained after spatial contraction may satisfy the criterion, consistent with the sensitivity of AR identification to IVT thresholds 

and geometric constraints discussed by Reid et al. (2020). This scenario predominantly occurs over moisture-rich oceanic 

regions, where broad candidates with loose peripheral structures are more likely to be extracted. Second, certain AR candidates 

may consist of multiple water vapor transport systems. When merged candidates exhibit clear discontinuities in water vapor 

transport, the threshold adjustment step enables their separation. For example, Fig. 4a illustrates an AR candidate initially 290 

extracted based on the Level-0 IVT threshold field, which would be excluded due to its failure to meet the diagnostic criterion 

based on the curvature metric derived from the sum of turning angles. Through the threshold adjustment step, the constituent 

tropical cyclone and AR are separated, thereby preventing the erroneous removal of the latter. Furthermore, this step also alters 

the curvature metric of the tropical cyclone component due to changes in the region (Fig. 4b). If the original criterion was still 

applied, it might be incorrectly retained. Therefore, the algorithm dynamically adjusts the relevant criterion based on the 295 
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current IVT threshold-level index. In fact, the aforementioned two scenarios are inherent limitations of using threshold to 

extract AR candidates, but these can be effectively improved by incorporating a threshold adjustment step. 

 

Figure 4. An example of the threshold adjustment step applied in the algorithm at 12:00, 8 January 1979. (a) AR candidate extracted 

using the Level-0 threshold field. (b) AR candidates extracted using the Level-3 threshold field. The shape boundaries of the 300 
candidates are marked by green curves; solid green curves indicate identified ARs, while dashed green curves indicate non-AR 

candidates. Axis1 and Axis2 are shown by solid red and purple curves, respectively. Shading indicates the IVT magnitude (units: kg 

m-1 s-1), and vectors denote the IVT direction. 

3 Data and application 

3.1 Comparisons with existing databases 305 

This study employed the IVT dataset derived from ERA5 reanalysis data as input, with a remapped horizontal resolution of 1° 

× 1° at a time interval of 6 hours (0000, 0600, 1200, 1800 UTC). Applying the aforementioned AR identification algorithm, a 

global AR database spanning from 1940 to 2024 with a 6-hour time interval is constructed. The database is constructed as a 
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three-dimensional spatiotemporal array that records AR occurrences on a two-dimensional grid for each timestep. At every 

timestep, individual ARs are sequentially assigned an integer label starting from 1, which are mapped onto the corresponding 310 

grids within their occurrence regions, while non-AR regions are assigned a value of 0. The combination of timestamp and 

integer label provides a unique identifier for each AR, facilitating the direct extraction of data for individual ARs in practical 

applications, as well as further tracking of their complete life cycles by analyzing spatial overlaps between consecutive 

timesteps (Zhou et al., 2018). 

To evaluate the performance of the algorithm and the AR database (hereinafter referred to as DB1) it constructed, this study 315 

conducted a comparative analysis between DB1 and two existing global AR databases (hereinafter referred to as DB2 and 

DB3). DB2 was developed by Guan and Waliser (2024) using the Tracking Atmospheric Rivers Globally as Elongated Targets 

(tARget) algorithm with ERA5-derived IVT data as input, and this algorithm has been comprehensively evaluated in previous 

studies. DB3 was generated by Wang et al. (2024) through a data fusion algorithm integrating 12 independently developed AR 

datasets from both global and regional identification efforts, thereby providing a broadly representative synthesis of AR 320 

identification results. Methodologically, DB2 is closer to DB1 than is DB3, because both DB1 and DB2 are generated by 

object-based AR identification algorithms that first extract connected regions of enhanced IVT and then apply a series of 

diagnostic criteria to assess the extracted candidates. The algorithm used to construct DB1 generally follows the IVT threshold 

strategy used for DB2, and the two algorithms share the same requirements for candidate length and length–width ratio. Their 

main differences include characteristic axis construction, candidate quantification and diagnostic screening. In particular, DB1 325 

employs a dual-axis test, whereas DB2 uses a single-axis representation. DB2 also uses the area-weighted standard deviation 

of IVT direction to exclude candidates with strongly inconsistent transport directions. By comparison, DB1 characterizes the 

curvature-related properties of candidates using two axis-based metrics and evaluates them against the corresponding 

diagnostic criteria. DB1 further incorporates a tropical-specific criterion for assessing poleward moisture transport in AR 

candidates. By contrast, DB3 is a fusion product of multiple AR datasets rather than the output of a single identification 330 

algorithm; consequently, the specific settings used, including IVT thresholds, methods for quantifying candidate characteristics, 

and diagnostic requirements, are not uniform. 

A common period from 1980 to 2016 is selected for analysis, during which the total number of ARs and their latitudinal 

distribution are calculated for all three databases. The number of ARs refers to the cumulative AR snap counts across all 

timesteps (0000, 0600, 1200, 1800 UTC), and the location of each AR is determined based on its area distribution in different 335 

latitude bands. This study further quantifies the number of ARs identified consistently in DB1 and DB2 (DB3). Specifically, 

for each AR in DB1, the longer axis (Axis1 versus Axis2) is mapped onto the grid of the same timestep in DB2 (DB3). If more 

than 1000 km of the axis lies within an AR region in the target database, these two ARs are considered consistent. This criterion 

is designed to assess spatial overlap in core structural regions, ensuring both computational efficiency and robustness. As 

shown in Table 1, all three databases exhibit consistent spatial patterns, indicating that ARs predominantly occur in the mid-340 

latitudes, with higher frequency observed in the Southern Hemisphere than in the Northern Hemisphere. However, 

discrepancies exist in the absolute counts across different databases. Overall, the counts in DB1 and DB2 are comparable and 
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exceed those in DB3. In terms of identification agreement, DB1 captures the majority of ARs present in DB2 and DB3, 

achieving the highest consistency rate in the mid-latitudes despite the largest sample size there. 

Table 1. Distribution of AR counts and identification consistency across three databases during 1980–2016. Comparisons are 345 
performed separately for low- (0°–30°), mid- (30°–60°), and high-latitude (60°–90°) regions. Values in parentheses indicate the 

percentage of ARs in DB2 or DB3 that are consistently identified with DB1, relative to the total number of ARs in the corresponding 

database and latitude band. 

Regions Num of ARs in DB1 Num of ARs in DB2 Num of ARs in DB3 

90°N–60°N 61090 64698 (85.3%) 10036 (85.3%) 

60°N–30°N 196067 189985 (91.0%) 137952 (89.8%) 

30°N–0° 53209 70697 (62.9%) 25214 (75.7%) 

0°–30°S 54258 70800 (67.3%) 27422 (80.8%) 

30°S–60°S 239178 233682 (93.6%) 208835 (92.0%) 

60°S–90°S 56569 61002 (85.5%) 5838 (77.4%) 

Global 660371 690864 (85.5%) 415297 (89.2%) 

To further evaluate the potential differences in ARs among DB1, DB2, and DB3, as well as the characteristics of AR frequency 

distribution in DB1, this study separately calculated the occurrence frequencies of ARs in all three databases during the period 350 

from 1980 to 2016 for the northern wintertime (November to March), northern summertime (May to September), and the entire 

year. The occurrence frequency at each grid is determined by dividing the number of time steps identified with ARs by the 

total number of time steps. Figure 5a–c shows the spatial distribution of AR frequency in DB1 for wintertime and summertime, 

respectively. ARs exhibit the highest occurrence frequency in mid-latitude ocean basins, possibly due to frequent extratropical 

storms and relatively abundant moistures (Eiras-Barca et al., 2018; Guan and Waliser, 2019). Further, the initial activity 355 

positions are usually located closer to the equator in the wintertime hemisphere and farther poleward in the summertime 

hemisphere. This spatial pattern and seasonal evolution of AR frequency distribution is highly consistent with storm tracks 

(Bengtsson et al., 2006; Priestley and Catto, 2022). Specifically, ARs exhibit a southwest-northeast direction under the 

background of the Northern Hemisphere westerly circulation. Therefore, ARs have a more direct and intuitive impact on the 

west coasts of the continents especially in the northern winter (Lavers and Villarini, 2015; Mahoney et al., 2016). Notably, 360 

seasonal expansion of the Western North Pacific Subtropical High (WNPSH) builds a moisture transport pathway over East 

Asia (Kwon et al., 2024; Park et al., 2021). Figure 5d–i illustrates the differences in AR occurrence frequency between DB1 

and DB2, and between DB1 and DB3. The discrepancies between DB1 and DB2 are mainly evident in tropical and mid-

latitude regions: DB1 shows slightly lower frequency in the tropics but slightly higher frequency in the mid-latitudes compared 

to DB2. Relative to DB3, DB1 exhibits higher frequency over continents and high-latitude regions, which are typically 365 
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characterized by low moisture content, while showing close agreement in the tropics and in mid-latitude ocean basins where 

ARs are most active. 

 

Figure 5. Global distribution of AR occurrence frequency using the present algorithm (DB1) for (a) the northern wintertime, (b) 

northern summertime, and (c) annual mean based on ERA5 during 1980–2016. (d–i) As in (a–c) but for the frequency differences 370 
between DB1 and DB2 (d–f) and between DB1 and DB3 (g–i). 

The discrepancies in AR identification across the three databases arise from multiple factors. A critical determinant is the 

threshold applied to the magnitude of the detection variable in the underlying identification methods, particularly its lower 

limit, which governs the number of ARs identified in lower-moisture regions. In low-moisture continental and high-latitude 

regions, the DB3 fusion is based primarily on constituent datasets with global coverage. Because these datasets generally adopt 375 

fixed IVT threshold lower limits that are higher than the hemispheric lower limits used in DB1 and DB2, DB3 identifies 

significantly fewer ARs in these regions. In contrast, over mid-latitude ocean basins where moisture is abundant and AR 

activity is frequent, the threshold values used by the corresponding methods are comparable, resulting in minimal differences 

in AR counts among the databases. The statistical discrepancies in AR counts between DB1 and DB2 mainly stem from 

differing diagnostic criteria for the poleward water vapor transport characteristics of AR candidates. The algorithm used in this 380 

study applies stricter filtering of tropical moisture filaments, leading to fewer identified ARs in tropical regions in DB1 than 

DB2. Conversely, in the mid-latitudes, the algorithm adopts less strict criteria for zonally-oriented ARs, yielding a slightly 

higher AR count in DB1. Furthermore, variations exist across algorithms in the quantification methods and diagnostic criteria 

for the morphological characteristics of candidates, as well as in the spatial resolution of input data. These technical differences 
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all affect the specific AR identification results; for instance, DB1 excludes the AR candidates shown in Fig. 3a, c and 3d while 385 

retaining the candidate in Fig. 3f, compared to other databases. 

3.2 Case analysis for typical weather extremes 

To assess the feasibility of DB1 in tracking the complete life cycle of ARs and to further understand the dynamic evolution 

characteristics, this study selects two weather extreme events with broad impacts for case analysis. The first case is the East 

Asian Meiyu rainfalls in late June 2018, which successively affected eastern China, the Korean Peninsula, and Japan, with 390 

extreme precipitation triggering severe disasters in wide areas of East Asia (Tsuguti et al., 2019). The second case is the 

Australian forest wildfires in late January 2020 (Black Summer), when the wildfires were gradually brought under control and 

were followed by persistent precipitation in early February, leading to multiple cascading hazards (Kemter et al., 2021). 

The Meiyu is a seasonal rainy period that occurs as the East Asian summer monsoon advances northward into the subtropical 

region of East Asia, typically during June and July (Ding et al., 2020). The Meiyu season is characterized by persistent 395 

precipitation, and Wang et al. (2021) showed that AR is an important component of Meiyu system, exerting significant impacts 

on Meiyu rainfalls. In late June 2018, the Meiyu rainfalls were influenced by interactions of multi-scale weather systems, 

including the WNPSH, extratropical cyclone, and Typhoon Prapiroon, exhibiting a long duration and high precipitation 

intensity. Figure 6 illustrates the evolution of the AR during this period. Initially, the AR was embedded within the monsoon 

flow and extended along the WNPSH edge in a northeast-southwest orientation, continuously transporting the warm, moist air 400 

northward from the Bay of Bengal, the South China Sea, and western Pacific (Fig. 6a). As the extratropical cyclone located 

northwest of the AR downstream slowly moved eastward, its trailing cold air mass advanced southward and converged with 

the warm, moist airflow in the central region of the AR, generating a low-level cyclonic shear. This interaction intensified 

moisture convergence and strengthened moisture transport in the midsection of the AR; as the cyclone continued moving 

eastward, the water vapor transport was enhanced and shifted downstream (Fig. 6b, c). Concurrently, Typhoon Prapiroon in 405 

the south developed and moved poleward, while the WNPSH gradually shifted northward, guiding the AR to reorient into an 

east-west direction. Subsequently, as the extratropical cyclone moved offshore, its influence on the AR diminished. The AR 

stabilized along the northwestern periphery of the WNPSH (Fig. 6d, e), maintaining a quasi-stationary state until the mature 

Typhoon Prapiroon approached, disrupting the original circulation and terminating the AR (Fig. 6f). This process, combined 

with the subsequent typhoon landfall, contributed to the “Heavy Rain Event of July 2018” in Japan (Sayama et al., 2020). In 410 

summary, this AR was primarily governed by the WNPSH and modulated by both the extratropical cyclone and the typhoon, 

exhibiting pronounced quasi-stationary feature that distinguishes it from typical ARs. Figure 6 also presents the AR 

identification results from DB2. While generally consistent with DB1, discrepancies are evident in Fig. 6a, f. Specifically, no 

AR is identified in DB2 in Fig. 6a. In Fig. 6f, the AR identified in DB2 includes the southern Typhoon Prapiroon, whereas the 

result in DB1 excludes it; this distinction arises because the Axis1 used in DB1 effectively captures the internal vortex structure, 415 

enabling its separation from the AR through the threshold adjustment step. 
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Figure 6. The evolutions of the AR during the Meiyu period in June 2018. (a–f) Six snapped instances from 06:00, 25 June to 18:00, 

30 June 2018 with an uneven time interval of 24, 30, 24, 30 and 24 hours, respectively (marked in the upper-left for each snap). The 

solid green curve shows the AR boundary in DB1, and dashed green curve shows that in DB2. Axis1 (solid red curve) and Axis2 (solid 420 
purple curve) are the two AR axes in DB1, and DB2 Axis (solid orange curve) is the AR axis in DB2. Shading indicates the IVT 

magnitude (units: kg m-1 s-1), and vectors denote the IVT direction. 

Australia is a typical monsoon-controlled region, and Asian and Australian monsoon is usually viewed as a unified system 

(Cheng et al., 2024). The weather and climate in the Asian and Australian monsoon-controlled regions are influenced by large-
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scale climate variability across various time scale (Lim et al., 2019; Risbey et al., 2009). During the 2019–2020 austral Black 425 

Summer, a series of uncontrollable forest wildfires broke out across Australia. The extreme drought occurred under the strong 

positive Indian Ocean Dipole (IOD) and the stratospheric disturbance was possibly an important contributing factor (Rao et 

al., 2020). In late January 2020, a well-developed AR traversed Australia, delivering substantial moist air that effectively 

suppressed the wildfires and creating conditions for extinguishing the wildfires. Figure 7 shows the evolution of the ARs in 

January 2020 for several snaps at the end of the Australian wildfire. Initially, a narrow, zonal AR was present over the 430 

southwestern seas of Australia, moving eastward at a relatively low speed, while a tropical cyclone was moving inland from 

northern Australia (Fig. 7a). Once landing, the tropical cyclone gradually weakened, and its residual circulation merged with 

the upstream portion of the AR, causing changes in the upstream circulation and forming a trough-ridge dipole system on both 

sides of the AR (Fig. 7b). Subsequently, a substantial amount of tropical moisture was transported along the AR, traversing 

Australia in a meridional direction (Fig. 7c, d). Concurrently, cold air from the southwest converged with poleward-flowing 435 

warm, moist tropical air on the western flank of the AR, where the cyclic shear zone developed, which in turn fed the upstream 

AR. Thereafter, the entire system continued to move eastward and left Australia; under the influence of a northern anticyclone, 

the AR reoriented into an east-west direction and persisted along its southern periphery (Fig. 7e, f). Overall, the most prominent 

feature of this AR is the direct influence from the tropical cyclone residual circulation, which led to deformation of the upstream 

circulation and the AR orientation. As a consequence, abundant moisture was transported across Australia, helping to alleviate 440 

the severe wildfire activity that had lasted for months. Similar to Fig. 6, the AR identification results in Fig. 7 are largely 

consistent between DB1 and DB2, with the exception of Fig. 7a. In Fig. 7a, an AR is identified in DB2 within the northern 

tropical cyclone, whereas it is excluded in DB1; this exclusion is attributed to the diagnostic criterion for the axis straightness 

ratio employed in our algorithm, which effectively filters out such small-scale AR candidates with incomplete vortex structures. 
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 445 

Figure 7. The evolutions of the AR during the 2019–2020 Australia wildfires in January 2020. (a–f) Six snapped instances from 00:00, 

29 January to 18:00, 1 February 2020 with an uneven time interval of 30, 12, 6, 12 and 30 hours, respectively (marked in the upper-

left for each snap). The solid green curve shows the AR boundary in DB1, and dashed green curve shows that in DB2. Axis1 (solid 

red curve) and Axis2 (solid purple curve) are the two AR axes in DB1, and DB2 Axis (solid orange curve) is the AR axis in DB2. 

Shading indicates the IVT magnitude (units: kg m-1 s-1), and vectors denote the IVT direction. 450 
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4 Data availability 

The AR database developed in this study, based on the multi-method fusion identification algorithm, is hosted on Zenodo at 

https://doi.org/10.5281/zenodo.18051602 (Chen and Rao, 2025). The zonal and meridional IVT data from ERA5 reanalysis 

can be accessed from the Copernicus Climate Data Store at https://cds.climate.copernicus.eu/. Additionally, the AR database 

based on the tARget version 4 algorithm by Guan and Waliser (2024) is available at https://dataverse.ucla.edu/dataverse/ar; 455 

the AR database developed using a data fusion algorithm by Wang et al. (2024) is available at 

https://zenodo.org/records/10229029. 

5 Conclusion and discussion 

This study proposes a multi-method fusion algorithm for identifying ARs at specified times, using IVT as the detection variable 

and designed for global-scale applications. The algorithm builds upon the widely adopted objective conditional identification 460 

framework and consists of four steps: 1) Extracting an AR candidate from the IVT background field through the predefined 

threshold field; 2) Generating two distinct characteristic axes of the candidate using complementary methods and quantifying 

its key characteristics along these axes; 3) Conducting the comprehensive diagnostic assessment based on two independent 

sets of quantitative metrics to determine whether the candidate satisfies the criteria for an AR; 4) Verifying the region of the 

candidate if it fails to meet the prescribed criteria. Across these four steps, the algorithm selectively integrates complementary 465 

strategies from existing AR identification algorithms to improve its applicability across diverse latitude bands and its 

robustness under complex circulation conditions. Building on these integrated strategies, the algorithm further introduces a 

dual-axis test method in steps 2) and 3), which enables more comprehensive quantification and diagnosis of AR characteristics, 

thereby enhancing the stability of the identification process. 

Using the ERA5 reanalysis dataset from 1940 to 2024 as inputs, this algorithm analyzes the IVT to produce an AR database 470 

covering the globe. A systematic evaluation is conducted by comparing this database with two recently published AR databases: 

Version 4 product from Guan and Waliser (2024) and the AR database from Wang et al. (2024). The comparison focuses on 

AR frequency, spatial distribution, and seasonal variability over the common period of 1980–2016, along with a discussion of 

potential sources of discrepancies. The results indicate a high degree of consistency among the databases in mid-latitude ocean 

basins, where AR activity is most frequent. The primary source of differences arises from the threshold applied to the detection 475 

variable in the identification algorithms, particularly over continental and high-latitude regions characterized by low moisture 

content. Additionally, algorithmic variations in the quantitative metrics and diagnostic criteria for the key characteristics of 

AR candidates also influence their identification. 

The AR database using our algorithm shows prosperous application vista in the future weather and climate research. Two 

extremes are selected to illustrate the possible relationship between ARs and severe natural disasters, which had significant 480 

societal, economic, and ecological impacts. One of those cases is the East Asian Meiyu rainfalls in late June 2018, during 

which the AR was constrained by the WNPSH and exhibited pronounced quasi-stationary characteristics. The other is the late 

https://doi.org/10.5281/zenodo.18051602
https://cds.climate.copernicus.eu/
https://dataverse.ucla.edu/dataverse/ar
https://zenodo.org/records/10229029
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stage of the Black Summer in Australia in late January 2020, following months of severe wildfire activity, when the AR was 

directly influenced by the tropical cyclone residual circulation, leading to a marked deformation of its circulation structure. It 

is revealed that the AR evolutions were influenced by distinct weather systems during those extremes, exhibiting undetectable 485 

characteristics that differ from typical ARs associated with extratropical cyclones. These non-canonical cases provide valuable 

insights into the diversity of ARs, which show possible applications outlooks for the forecasts of related weather and climate 

extremes in the future. 
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