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Abstract 
In atmospheric water cycle research, water vapor trajectory analysis is a crucial 
tool for understanding the sources and transport pathways of precipitation 
water vapor. As a mainstream Lagrangian trajectory model, the HYSPLIT 
(Hybrid Single-Particle Lagrangian Integrated Trajectory) model provides wa-
ter vapor trajectory data. However, its built-in trajectory clustering method 
has drawbacks, including long computation time and the loss of source point 
information. To address these issues, this study proposes an improved clus-
tering method that incorporates a group-based computational optimization 
strategy and a weighted trajectory clustering approach to enhance computa-
tional efficiency and better capture dense water vapor source information. The 
study focuses on the cloud water resource high-value areas in Northwest China 
during the spring seasons from 2005 to 2015. Using the HYSPLIT model, 
backward water vapor trajectory tracking was conducted, followed by trajec-
tory clustering analysis. The results demonstrate that the improved method 
reduces computational time costs, with experiments demonstrating an opti-
mal reduction of up to 95.8%, while still preserving key source point infor-
mation along water vapor transport pathways. Additionally, it enhances the 
identification of major water vapor transport routes. This improved method 
provides a more efficient and accurate data processing approach for large-
scale water vapor trajectory analysis, offering valuable support for studying 
water vapor pathways in the atmospheric water cycle. 
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1. Introduction 
In the study of global and regional atmospheric water cycles, the primary research 
focus is on the role of water vapor within the cycle, such as examining the rela-
tionship between water vapor balance and precipitation and analyzing the sources 
of precipitation water vapor [1]-[5]. Commonly used research methods include 
numerical studies based on the Eulerian and Lagrangian approaches [6]. 

The research objectives are centered on the cyclic characteristics of the atmos-
pheric water cycle, including precipitation recycling ratio [7] [8], water vapor 
source regions [9], and major water vapor transport pathways [10]. These studies 
extensively utilize water vapor trajectory data, which is typically obtained using 
the Lagrangian method [6] [9] [11] [12]. Additionally, isotopic tracing methods 
serve as another physical approach [13]. 

Currently, the mainstream Lagrangian models for generating water vapor tra-
jectory data are HYSPLIT (Hybrid Single-Particle Lagrangian Integrated Trajec-
tory) [14] and FLEXPART (FLEXible PARTicle dispersion model) [10]. These 
models, available through official websites or software platforms, efficiently pro-
vide water vapor trajectory data along with various meteorological parameters at 
each time step beyond just coordinate information. This capability offers essential 
data support for analyzing the characteristics of precipitation water vapor. 

However, in studies requiring long-term and multi-origin water vapor trajec-
tory data, the total number of trajectories can become exceptionally large. The 
original model software is designed to process only a limited number of trajecto-
ries. When dealing with large volumes of trajectory data, it typically outputs raw 
trajectory data for targeted post-processing [11]. 

When analyzing the main transport pathways of precipitation water vapor, it is 
necessary to cluster all backward trajectories of water vapor transport to the target 
precipitation region [15]. This clustering helps identify the major transport path-
ways and estimate the approximate source regions contributing to precipitation. 

In the trajectory analysis method of the HYSPLIT model, clustering is primarily 
based on spatial variance (SV) between trajectory points and cluster spatial vari-
ance (CSV) to derive the total spatial variance (TSV). The clustering is performed 
by finding the combination that minimizes TSV. However, the original HYSPLIT 
method tends to blur the location information of dense water vapor source points 
and has a high computational cost. Some studies also use the K-Means clustering 
method [16]-[18], which similarly suffers from the issue of blurring dense source 
point distribution information. 

To address these limitations of the original HYSPLIT clustering method, this 
study proposes a targeted improvement strategy. The improved method helps 
mitigate the loss of dense source point distribution information and reduces com-
putational time to a certain extent. 

2. Data and Methods 
2.1. Global Data Assimilation System (GDAS) 
The Global Data Assimilation System (GDAS1) is one of the operational systems 
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run by the National Centers for Environmental Prediction (NCEP) in the United 
States, which performs a series of computational analyses and forecasts. At the Air 
Resources Laboratory (ARL) of the National Oceanic and Atmospheric Admin-
istration (NOAA), NCEP model output data is archived for use in air quality 
transport and dispersion modeling. ARL archives the output from the Eta Data 
Assimilation System (EDAS) and GDAS using a 1-byte packing routine. 

Both archives contain key meteorological elements such as U and V wind com-
ponents, temperature, and humidity. Differences between these archives arise due 
to variations in the horizontal and vertical resolutions provided by NCEP and dif-
ferences in specific application domains. 

In this study, the GDAS1 dataset is used as the archived data source. The data 
files are arranged in chronological order based on meteorological time. Each file 
contains one week’s worth of data per month, with suffixes w1 to w4 representing 
the first four weeks of the month, while w5 covers the remaining days of the 
month. Since no records are missing, data points can be precisely located within 
the files. 

The available data period starts from December 2004 to the present. In this 
study, we selected a 10-year dataset from 2005 to 2010 and integrated it with the 
HYSPLIT model for analysis. 

2.2. Backward Trajectory Model 

HYSPLIT is a Lagrangian integrated trajectory model developed by the Air Re-
sources Laboratory (ARL) of the National Oceanic and Atmospheric Administra-
tion (NOAA) in 1998 [19]. HYSPLIT can compute both forward and backward 
Lagrangian trajectories from any point in a three-dimensional space while out-
putting meteorological element data at specific time intervals along the trajectory, 
such as atmospheric temperature, potential temperature, water content, and rela-
tive humidity. 

The core concept of HYSPLIT assumes that particles move with the airflow, and 
their movement trajectories are obtained by integrating their position vectors over 
time and space. The final position is calculated based on the initial position ( P ) 
and the average velocity of the first estimated position ( P′ ): 

 ( ) ( ) ( ),P t t P t V P t′ + ∆ = +  (1) 

 ( ) ( ) ( ) ( )0.5 , ,P t t P t V P t V P t t t′ ′+ ∆ = + × + + ∆ ∆    (2) 

where t∆  is the time step, which is variable, and maxU  represents the maximum 
wind speed. It is required that t∆  be chosen such that the movement distance of 
the air mass within one time step does not exceed 0.75 grid points. The time step 
used in this study is 6 hours. 

2.3. Trajectory Clustering Method in HYSPLIT 

The HYSPLIT website tutorial introduces the clustering methods used in the clus-
tering analysis:  
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https://www.ready.noaa.gov/documents/Tutorial/html/traj_cluseqn.html.  
The main clustering process is as follows: 

During the clustering process, the spatial variance (SV) between each endpoint 
(P) along the trajectory within the cluster is calculated, as shown in Equation (3). 

 ( )2
, , ,i j j k i kkSV P M= −∑  (3) 

The sum is taken over the number of endpoints along the trajectory, where P 
and M represent the position vectors of the individual trajectory and the average 
trajectory of the cluster, respectively. The Cluster Spatial Variance (CSV) is the 
sum of the spatial variances of all the trajectories within the cluster, as shown in 
Equation (4). The Total Spatial Variance (TSV) is the sum of the CSVs of all the 
clusters, as shown in Equation (5). 

 ,i i jjCSV SV=∑  (4) 

 i iiTSV CSV=∑  (5) 

The clustering process begins by assigning each trajectory to its own cluster, 
resulting in a total of N clusters. In each iteration, as two clusters merge, the num-
ber of clusters decreases by one. Therefore, after the second iteration, there will be 
N − 1 clusters (one cluster containing two trajectories, and the remaining clusters 
each containing one trajectory). This process continues until only one cluster re-
mains. 

In each iteration, the Total Spatial Variance (TSV) for each potential cluster 
combination is calculated, which involves adding the trajectories from cluster 1 to 
cluster 2, from cluster 3 to cluster n, and so on, until all remaining clusters are 
combined and their TSV values are calculated. The combination with the mini-
mum TSV is selected as the optimal cluster and is merged. The result is passed to 
the next iteration. This process continues until only one cluster remains or the 
target number of clusters is reached. 

The number of trajectories influences the computational time, so a large num-
ber of trajectories results in longer clustering times. The original method men-
tioned later in the text refers to the clustering method introduced in this section. 

2.4. Improved Clustering Method 

Section 2.3 mentions the conventional clustering TSV method, but it has the fol-
lowing shortcomings: 1) it blurs the position of dense trajectory source points, 
and 2) it requires significant computational resources and time. To achieve better 
clustering results, the following solutions are proposed for these two issues. 

For the problem of large computational resource consumption and slow calcu-
lation speed, the solution is to group the trajectory data. Grouping and batch pro-
cessing find the cluster combinations with the smallest TSV locally, whereas with-
out grouping, the combinations are determined globally. Based on subsequent 
grouping experiments and comparative analysis, a set of grouping rules is pro-
posed, which helps retain key information from the original trajectories while re-
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ducing computation time. 
In the original method, source point information is lost, mainly due to using 

equal-weight spatial variance as the cost function to select the optimal merging 
combination. To solve this issue, the proposed solution is to assign exponentially 
decreasing weights to all points from the source to the endpoint when calculating 
the spatial variance. The purpose of this is to reduce the impact of variance caused 
by intermediate transport points during clustering and to increase the variance 
cost for points closer to the initial source. 

At the same time, to better preserve the source point distribution information, 
the number of original trajectories for the clustered average trajectory is intro-
duced as a new weight in the calculation of TSV. The goal is to merge sparse tra-
jectories into clusters with a larger number of nearby trajectories. 

Figure 1 shows the flowchart of the improved method. Suppose the initial total 
number of trajectories is 20,050, which will be divided into 40 groups. However, 
trajectories within a group may not be consistent, so the excess trajectories will be 
placed into already assigned groups, making the last group contain 550 trajecto-
ries. The 40 groups will undergo clustering one by one, which constitutes the first 
batch of clustering. Specifically, based on the original clustering method in HYSPLIT, 
weights are introduced. In the original method, both CSV and TSV are calculated 
with equal weights. The improved method introduces nonlinear weight W (as 
shown in Equation (6)) when calculating CSV, and the number of trajectories 
within a cluster is introduced as a weight N (as shown in Equation (7)) when cal-
culating TSV. 

 ,ji i jjCSVW W SV= ⋅∑  (6) 

 i i iiTSVN N CSV= ⋅∑  (7) 

On this basis, clustering is performed for each group of trajectories. When the 
total number of clusters within a single group reaches the stopping threshold (as-
sumed to be 200), the clustering for that group ends, resulting in 40 groups with 
200 clusters of trajectories. For each group of 40, the average trajectory of each 
cluster is calculated, resulting in 200 average trajectories per group. These are then 
merged to form a total of 8000 average trajectory groups. Since these 8000 average 
trajectories exceed the minimum number of trajectories required for the grouping 
(1200 trajectories), the next round of grouping calculations is performed. After 
three rounds of grouping calculations, a total of 1200 average trajectories are achieved. 
At this point, the 1200 average trajectories will no longer be grouped, but will be 
directly clustered until the final target cluster classification result is reached. 

To facilitate human differentiation, this study visualizes only the 50 cluster av-
erage trajectories, setting 50 clusters as the final number of cluster classifications. 

3. Results and Analysis 
3.1. Model Initialization 

Reference to Figure 2 shows the multi-year average distribution of cloud water 
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Figure 1. Flowchart of the improved cluster-
ing method calculation. 

 
resources (CWRs) in the northwest region of China during the spring. A CWRs 
minimum threshold of 550 mm is selected, and 23 grid points located in the north-
ern part of the northwest region (Target Area 1; denoted as T1) and 14 grid points 
located in the southeastern part (Target Area 2; denoted as T2) are selected. To 
study the water vapor sources and main transport paths of higher CWRs in the 
northwest region, backward water vapor tracking is conducted for the high-value 
CWRs grid points. The selected grid points are used as the initial coordinates for 
backward water vapor trajectory tracking. 

For the water vapor tracking initialization scheme, we refer to Shi et al. [20] and 
select six vertical height levels: 100 m, 500 m, 1500 m, 3000 m, 5000 m, and 9000 
m above the ground. The 100 m, 500 m, and 1500 m levels are low levels, 3000 m 
and 5000 m are mid-levels, and 9000 m is the high level. As a result, T1 and T2 
regions have 120 and 102 points, respectively. The tracking initialization time is 
selected from the spring of 2005 to 2015 (March-May) at 00:00, 06:00, 12:00, and 
18:00 (UTC) each day. The global water vapor cycle update period is approxi-
mately 10 days [21]. Therefore, a 10-day backward tracing is performed for each 
spatial point, outputting the spatial three-dimensional information (latitude, lon-
gitude, and altitude) and water content at 6-hour intervals. In this way, each 
trajectory can obtain information from 240 points. However, each trajectory un-
dergoes a validity check, and if invalid values are detected, the trajectory is re-
moved. 

The criteria for filtering the water vapor movement trajectory are as follows: To 
identify the trajectories that contribute to cloud water over the target region, the 
water content must decrease by at least 0.1 g/kg from the moment the trajectory 
enters T1 or T2 to its endpoint, indicating that precipitation has occurred along 
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the trajectory or that the water vapor has condensed into cloud water in the target 
region. The number of obtained water vapor trajectories is shown in Table 1. It 
can be observed that the number of low- and mid-level trajectories is much larger 
than that of high-level trajectories. Since the water vapor trajectories in region T2 
are more complex than those in region T1, this paper primarily analyzes the tra-
jectories in region T2. 
 
Table 1. Number of precipitation water vapor trajectories in T1 and T2 regions (unit: num-
ber of trajectories). 

 T1 T2 

Low level 60,362 53,808 

Mid level 38,364 27,425 

High level 999 2983 

 

 
Figure 2. Multi-year average distribution of spring CWRs in the Northwest 
China region and high-value areas (red grid points). 

3.2. Limitations of the Original Clustering Method 

Due to the large number of selected backward-traced trajectories, as shown in 
Figure 3, tracing the mid-level water vapor in the T2 region (medium quantity) 
results in numerous source points, and the paths from the source points to the 
target area endpoints are in the thousands. To obtain a clear representation of the 
main water vapor transport paths, clustering operations must be performed on 
the large number of trajectory data. If trajectories are randomly merged, there will 
be poor differentiation between clusters. Figure 4 shows the averaged trajectory 
paths after randomly merging 200 trajectories per group. As can be seen, the clus-
ters are hard to distinguish. According to the original clustering method provided 
by HYSPLIT, the method works well when clustering a small number of trajecto-
ries, but when clustering a large number of trajectories, the following issues arise: 
 Fuzzy water vapor dense source area location information: due to the high 

number and density of source points, the obtained source points are gridded 
into 1˚ × 1˚ cells (see Figure 4), and the number of source points in each grid 
is counted. From the grid distribution, it is evident that the main source points 
are located near the Himalayas and central China. However, the original clus-
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tering method results in fuzziness in these features, as discussed in Section 
3.3.2. 

 Long computation time and high memory resource usage: in the conventional 
clustering method, for N trajectories, merging each pair of trajectories requires 
N(N − 1)/2 calculations. For example, with 27,425 trajectories in the T2 region, 
approximately 380 million calculations are needed, which not only consumes 
a large amount of computing resources but also takes a long time to compute. 

 

 
Figure 3. Distribution of source points for mid-level water vapor tracing in the T2 region. 

 

 
Figure 4. Random clustering results of mid-level water vapor in the T2 region, with blue 
lines representing the clustered average trajectories of 200 random trajectories. 

3.3. Comparison of Improvement Effects 
3.3.1. Impact of Grouping 
The impact of grouping on the clustering results using the original method needs 
further validation. The specific grouping scheme is as follows: divide the large 
group into multiple smaller groups, and then perform clustering on each small 
group one by one (since this section only discusses the effect of grouping, the orig-
inal clustering algorithm is used), until the target number of clusters is reached. 
After a batch of grouping clustering is finished, the trajectories within each group 
are averaged to obtain a cluster average trajectory, and then combined into a new 
large group. If the number of trajectories in the large group is still large, a new 
round of grouping clustering can be performed. Therefore, the experiment mainly 
has two variables: one is the minimum number of trajectories per group (M), and 
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the other is the number of clusters to be formed (N). 
First, let’s discuss the setting of the minimum number of trajectories per group 

(M). According to the principle of controlling variables, N is set as a fixed value, 
and here it is temporarily set to 100. Meanwhile, the final target number of clusters 
is set to 50. The experiment uses the original water vapor trajectories from the 
middle layer of the T2 region as shown in Table 1, and randomly selects 2500 
trajectories from them. The experiment will test M values from 200 to 700 with a 
step size of 100, and also provide the clustering results of these 2500 trajectories 
without grouping, comparing the results with those of the grouped cases. 

Figure 5 shows the clustering result after 10 clusters are formed using the orig-
inal clustering method without grouping. The red trajectories represent the cluster 
average trajectories with more than 60 trajectories in the cluster. Figure 6 shows 
the grouping clustering results for different M values, and Table 2 lists the corre-
sponding computation times for different M values (due to differences in com-
puter performance, the same computer was used for all calculations). It is visually 
evident that the clustering results vary under different M values. From an overall 
clustering perspective, when M is set to 400, the result is closest to that of the un-
grouped clustering. It can also be observed that as M decreases, the time required 
for computation decreases, but the time reduction efficiency decreases non-line-
arly. In contrast, the original method without grouping requires 9502.5 seconds, 
demonstrating that the grouping approach significantly reduces time costs. As 
shown in Table 2, the time-saving ratio ranges from 88.8% to 98.1%. 

Based on Shannon’s theorem, the information entropy of each group can be 
analyzed. When M is greater than 400, the trajectories within each group need to 
be clustered into N clusters, i.e., 100 clusters. This causes the information entropy 
of the trajectories within each group to decrease significantly. As M increases, the 
amount of original trajectory information retained in each group decreases. On 
the other hand, when M is less than 400, although the information compression 
rate within each group is low, the overall data sampling rate is insufficient, which 
leads to unsatisfactory final clustering results. 

In summary, in the ungrouped case, the original method searches for the opti-
mal solution globally, while the grouped clustering scheme approximates the 
search for the optimal solution in local groups. Therefore, different M values will 
produce different clustering effects, but eventually, a reasonable M parameter will 
approach the optimal solution. 
 
Table 2. Computation time required for different M values. 

M Value (Tracks) Time (Seconds) Time Reduction Rate (%) 
700 1070.2 88.8 
600 603.8 93.6 
500 534.6 94.4 
400 393.6 95.8 
300 251.3 97.4 
200 177 98.1 
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Figure 5. Clustering results of the original method without grouping. The red lines repre-
sent clusters with more than 60 trajectories. 

 

 
Figure 6. Clustering results of the original method under different grouping conditions. 
(a) M = 700, (b) M = 600, (c) M = 500, (d) M = 400, (e) M = 300, (f) M = 200, with N = 100 
for all cases. The red lines represent clusters with more than 60 trajectories. 

 
Next is the discussion of the N parameter. In the previous section, 400 was iden-

tified as a suitable value for M. Now, with M set to 400, we will discuss the N 
parameter. With a fixed M value, as the N value approaches M, the trajectory in-
formation compression rate within the original group is minimized. Conversely, 
as N decreases, the compression rate increases. The experimental setup for N is 
similar to the one for M, with N values ranging from 50 to 250 in steps of 50. 

As shown in Figure 7, when M is fixed at 400, there are significant differences 
in clustering results with different N values, especially in the larger clusters, which 
are a key focus of the study. In the ungrouped result, a large cluster appears near 
the vapor convergence center (T2 area), containing thousands of trajectories. Us-
ing the starting point of the cluster’s average trajectory as a reference, it can be 
seen that when N is 50 or 400, the starting point of the large cluster is closest to 
the ungrouped scenario, and when N is 100, the overall clustering distribution is 
closer to the ungrouped result. However, when N is between 150 and 250, the 
starting point of the large cluster shifts significantly to the northwest. Overall, 
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when N is 100, the clustering distribution is more similar to the ungrouped result. 
Table 3 shows the time required for calculation at different N values. It can be 

seen that as N decreases from 250 to 50, the time required decreases, but the time 
reduction is relatively limited. This may be due to the fact that as N becomes 
smaller, more batches need to be calculated, thus limiting the time savings. How-
ever, N should not be too small. As N decreases, the information entropy corre-
sponding to the trajectories within the group decreases more significantly, so N 
should not be set too low. 
 
Table 3. Time required for calculation at different N values with M constant. 

N Values (Tracks) Time (seconds) 

250 448.4 

200 440.6 

150 371.2 

100 393.6 

50 317.2 

 

 
Figure 7. Shows the clustering results with M = 400 and different N values. (a) Without 
grouping, (b) N = 50, (c) N = 100, (d) N = 150, (e) N = 200, (f) N = 250. The red lines 
represent clusters with more than 60 trajectories. 

 
Based on the above discussion, the selection of M and N values can be flexible 

within the defined range, and this range is determined by how well the grouping 
approach approximates the ungrouped results. As mentioned earlier, grouping 
involves searching for an optimal solution in a local context, while ungrouped 
data searches for an optimal solution in a global context. The purpose of grouping 
is to accelerate the computation process, and with limited computational re-
sources, it is necessary to evaluate computational efficiency and determine a suit-
able combination of M and N values. Through experimentation, the goal is to 
maximize trajectory sampling rate (for M), reduce computational time costs (for 
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both M and N), and retain more original information (for N). In this study, the 
combination of M = 400 and N = 100 will be used for subsequent processing. 

3.3.2. The Impact of Introducing Weights 
In this study, two weight factors are introduced. One is an exponential weight 
(with base 2) assigned during the calculation of Cluster Spatial Variance (CSV), 
and the other is the number of trajectories within a cluster assigned to the corre-
sponding cluster’s CSV when calculating the Total Spatial Variance (TSV), 
thereby altering the classification results. To investigate the impact of the intro-
duced weights on the results, 10,000 random trajectories from the T2 low-level 
water vapor trajectory data are selected for comparison between the improved 
method and the original method. At the same time, to shorten the computation 
time, the following discussions use the grouping approach with a grouping 
scheme of M = 400 and N = 100. 

Figure 8 shows a grid map of the 10,000 test trajectory source points, where 
each grid point corresponds to the number of original trajectory source points 
belonging to that grid. From the figure, two areas with dense source points are 
visible: one near 80˚E, 50˚N, and the other near 110˚E, 40˚N. Figure 9(a) shows 
the clustering result of 50 clusters calculated by the new method, while Figure 
9(b) shows the clustering result from the original method. It is evident that the 
new method captures all three dense source point areas within the yellow box in 
Figure 8, whereas the original method only captures the most densely concen-
trated area and fails to effectively capture regions with lower densities. For the 
moderately dense area near 80˚E, 50˚N, the original method divides this area into 
two clusters, while the new method reasonably merges it into a single cluster. 

In summary, the new method performs better in terms of sensitivity to dense 
source point regions compared to the original method. 
 

 
Figure 8. Experiment vapor trajectory source point gridding result, unit: count. 

3.3.3. Clustering Results of T2 Region Mid-Layer Vapor Trajectories 
Figure 10 shows the source point distribution of the entire mid-layer vapor tra-
jectories in the T2 region. It can be seen that the source points are mainly con-
centrated in central China and the northwest of China, with some distribution in 
the southern part of the Tibetan Plateau, and the rest are more evenly distributed 
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Figure 9. Comparison of the effects after introducing weights, (a) results with 
introduced weights; (b) results with the original method. Red represents the 
cluster average trajectory with more than 800 trajectories within the cluster. 

 
across the Eurasian continent. From the overall source point distribution, the va-
por shows a clear west-to-east transport trend, which is related to the location of 
the T2 region in the westerly wind belt. 

Figure 11 presents the clustering results of 50 clusters for mid-layer water vapor 
trajectories in the T2 region using the improved method and the K-means 
method. It can be observed that both methods perform similarly in identifying 
large clusters (with more than 800 trajectories), successfully detecting major water 
vapor source regions in central China, the southern Tibetan Plateau, northwestern 
China, and even farther areas in Central Asia. For the dense source region in cen-
tral China, the improved method provides more accurate results than the K-
means method. 

Although both methods can identify the general location of these sources, there 
is a significant difference in the number of trajectories within the same large clus-
ter, with the improved method exhibiting a stronger clustering effect. The largest 
clusters differ by nearly threefold between the two methods. Further analysis re-
veals that while both methods identify similar dense source regions, the K-means 
method produces multiple large clusters within the same source region, particu-
larly in central China, the southern Tibetan Plateau, and northwestern China, where 
at least two separate clusters are detected. These overlapping clusters should ideally 
be merged into a single cluster. 

In summary, the improved method demonstrates superior performance in iden-
tifying dense source regions and primary transport pathways, whereas the K-
means method is better suited for the broad-scale identification of water vapor 
source regions. 

From the clustering results of the improved method in Figure 11, it can be seen 
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that the main transport paths of the T2 region’s mid-layer vapor, from nearest to 
farthest, are as follows: 1) One vapor source from central China, which occupies 
a high share of vapor, indicating that a significant portion of the vapor in the T2 
region comes from local land evapotranspiration, resulting in recycling; 2) One 
vapor source from the southern Tibetan Plateau, where the vapor is hindered by 
the high mountainous terrain of the Tibetan Plateau. The 10-day backward trac-
ing in this study also shows that the plateau can retain large amounts of moisture 
from the Indian Ocean region for more than ten days, which is consistent with 
some earlier studies [11]; 3) One vapor source starting from the Tianshan Moun-
tains in northwest China, where some vapor is intercepted by the topography of 
the plateau and carried southward, while the other part is intercepted by the 
northwest of China. The Tianshan Mountains’ terrain influences the vapor source 
region starting from this mountain range; 4) Other vapor transport paths follow 
the westerly jet stream, originating from the northern part of Africa, the Middle 
East, and even farther from the Atlantic Ocean. 
 

 
Figure 10. Gridded distribution of vapor trajectory source points in the middle 
layer, unit: count. 

 

 
Figure 11. Clustering results of the improved method and the K-means 
method for vapor trajectories in the middle layer of T2. (a) Represents the 
improved method; (b) Represents the K-means method. Note: the red color 
indicates the cluster average trajectory with more than 800 trajectories within 
the cluster, representing a large cluster, clusters composed of anomalous tra-
jectories have been removed from the figure. 
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4. Discussion and Conclusion 
4.1. Conclusion 

This paper focuses on the water vapor source analysis of the high cloud water 
resource areas in Northwest China. It traces the water vapor over these areas and 
obtains a large number of vapor trajectories. Based on this, a targeted improve-
ment to the original HYSPLIT trajectory clustering method is proposed, and the 
clustering effect of the improved method is investigated. The results indicate: 

1) The grouping calculation proposed in the improved scheme can significantly 
reduce the computation time of the total cluster variance clustering method, ad-
dressing the issue of high computational cost in the original method. The experi-
ments show that when the minimum trajectory number per group is set to M = 
400 and the endpoint cluster number to N = 100, the clustering time cost can be 
reduced by 98.5% while maintaining clustering results similar to the original 
method. 

2) The improved scheme introduces weights. By adding nonlinear weights in 
the calculation of cluster variance and total variance and incorporating the num-
ber of trajectories within the cluster as a weight, the method effectively captures 
locally dense source point distribution information, reducing the original 
scheme’s loss of dense source point information. 

3) This study performed water vapor tracing in the high-value cloud water re-
source area in the southeastern part of Northwest China. The clustering results 
from the improved method reveal the main transmission paths of middle-layer 
water vapor in T2 area: the water vapor is mainly transported via local recycling 
from Central China, the southern part of the Tibetan Plateau, and the Tianshan 
Mountains in Northwest China, as well as some from the Middle East, North Af-
rica, and the Atlantic, converging through the westerly jet stream to form cloud 
water resources over the target study area. 

4.2. Discussion 

This study represents an improvement based on the original HYSPLIT clustering 
method, driven by research objectives. The most significant effect of the proposed 
improvement is the substantial reduction in computation time, accompanied by 
a shift from global optimization to local optimization in the clustering results. The 
original clustering method did not support parallel computation, whereas the im-
proved scheme with grouping enables parallel computation, further reducing 
computation time and cost. It is worth noting that parallel computing was not 
used in this paper. 

In the analysis of source point distribution in this paper, it can be observed that 
some grid points have exceptionally dense distributions of source points. Based 
on the principle of retaining source point information, pre-clustering measures 
can be applied. Simple density thresholds or density-based clustering algorithms 
(e.g., DBSCAN) could be used for pre-clustering. 

When classifying large numbers of trajectories into clusters and calculating the 
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cluster-averaged trajectories, only approximate vapor transport paths from the 
source area to the target area can be obtained. To gain more precise paths, future 
work could consider applying grid processing to the latitude and longitude mesh, 
thereby associating vapor trajectories with specific grid borders. This would allow 
for finer water vapor transport paths and be helpful for localized, detailed re-
search. 

The study period and region in this paper focus on the southeastern part of 
Northwest China from 2005 to 2010. However, this study is not limited to this 
specific period and region—the proposed improvement method can also be ap-
plied to research in other regions and time periods. The proposed method can 
provide stronger scientific support for weather forecasting, extreme weather pre-
diction, climate model optimization, and regional water cycle studies, offering im-
portant assistance in addressing climate change and disaster prevention and mit-
igation. 
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