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Abstract: Trajectory ensemble receptor models (TERMs) were widely used to determine the likely
source locations and apportionment of air pollutants. This paper describes the development and
applications of the Trajectory-ensemble Potential Source Apportionment Web application (TraPSA-
Web), a comprehensive toolkit for likely atmospheric pollutant source location apportionments using
TERMs and back trajectories generated with the Hybrid Single-Particle Lagrangian Integrated Trajec-
tory (HYSPLIT) model. The TERMs integrated within the TraPSA-web include Concentration Field
Analysis (CFA), Concentration Weighted Trajectory (CWT), single-site and multiple-site Potential
Source Contribution Function (PSCF), and Simplified Quantitative Transport Bias Analysis (SQBA).
TraPSA-Web is designed as a web application with a user-friendly modern graphical user interface
(GUI), which largely enhances the accessibility to the users. TraPSA-Web will provide the air quality
research community with a sophisticated toolkit for (1) easy management of the research project and
datasets, (2) efficient automatization for HYSPLIT configurations, calculations, and result aggrega-
tions, (3) flexible configurations for the research scenarios and TERM parameters, and (4) interactive
visualizations for the pollutant pattern analysis and TERM result mapping.

Keywords: receptor models; source apportionment; HYSPLIT; air quality; web application

1. Introduction

Atmospheric pollutant source identification plays a pivotal role in the effective manage-
ment and mitigation of air pollutants, which is a key challenge in air quality research [1,2].
Trajectory ensemble receptor models (TERMs) have been developed as significant tools
for estimating the likely source locations of air pollutants, which utilize on-site pollutant
concentration measurements and air parcel back trajectories [1]. They are widely used for
potential source apportionment of various air pollutants, for example, PM [3,4], mercury [5],
NO2 [6], SO2 [7], NH3 [8], and black carbon [9], due to their relatively high accuracy and
low computation costs [10].

Generating back trajectories of the air parcel from the receptor sites is the key process
of TREMs analysis [1]. The Hybrid Single Particle Lagrangian Integrated Trajectory Model
(HYSPLIT) developed by the National Oceanic and Atmospheric Administration (NOAA)
is the state-of-the-art dispersion model for calculating trajectory endpoints [11], although
there are other trajectory models available, for example, the FLEXible PARTicle dispersion
model (FLEXTRA) developed in Europe [12], and METeorological data EXplorer (METEX)
software developed in Japan [13]. HYSPLIT is the most widely used model for the research
of air pollutant source apportionment [14] and the toolkits that support TREMs [15–17].

TERMs’ operational complexity mainly arises from extensive back trajectory calcu-
lations with customized trajectory parameter configurations based on a series of on-site
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pollutant measurements, for example, starting timestamps and heights, back trajectory du-
ration, and meteorological datasets [1]. The complexity also comes from the configurations
of TERM parameters, for example, analytical scenarios, threshold pollutant concentrations,
and weighting coefficients, which are important to enhance the precision of the likely pollu-
tant source location apportionments [8]. These complexities of TERMs underscore the need
for an automated system capable of managing large-scale back trajectory configurations,
executions, and outputs.

Several toolkits have been published for supporting TERMs analysis. TrajStat is a
software with a graphical user interface (GUI) that can only perform simple TERMs with
pre-calculated trajectory data [15]. Openair is an R package that provides a complete
trajectory calculation and source contribution functions; however, it is not user-friendly to
those who are not familiar with R (with no GUI) [16]. The pyPSCF is a Python software
with a GUI that can configure and perform trajectory models; however, it only supports the
single-site PSCF model and limited visualization functions [17].

Therefore, we developed the Trajectory-ensemble Potential Source Apportionment
Web application (TraPSA-Web) to provide the air quality research community with an
integrated and user-friendly toolkit for effective air pollutant source apportionment using
HYSPLIT and complete TERMs. TraPSA-Web stands out with its capability, flexibility, and
effectiveness for (1) research project and datasets management, (2) HYSPLIT configurations,
calculations, and result aggregations, (3) TERMs configurations, executions, and scenario
comparisons, and (4) result visualizations with easy-to-use and modern GUI.

This paper describes the development and applications of TraPSA-Web. The concept
of TERMs and the basic workflow of TraPSA-Web are introduced, followed by guidelines
for the key functionalities and difficulties of TraPSA-Web. Examples of the automatization
of HYSPLIT trajectory calculation, pollutant pattern analysis, configurations and compar-
isons for the TERMs, and map visualizations will be presented and described. Finally, a
discussion and future update on the direction of TraPSA-Web will be provided.

2. Toolkit Description

TraPSA-Web was developed under the TraPSA project and aims to provide the most ef-
ficient and user-friendly platform for air pollutant source apportionment with TERMs based
on HYSPLIT trajectory calculations. The key principles guiding its development include
(1) integral database management for pollutant measurement and trajectory, (2) automati-
zation of HYSPLIT trajectory calculations with easy and flexible parameter configurations,
(3) in-depth comparisons of TERMs with easy scenario and model parameter adjustments,
(4) interactive visualizations for pollutant pattern analysis and TERMs result mapping, and
(5) modern UI and application design for enhancing the overall user experience.

Figure 1 presents a flowchart of the TraPSA-Web application, along with UI com-
parisons with the desktop version of TraPSA. The pollutant concentration measurement
time-series data need to be uploaded to TraPSA-Web. TraPSA-Web requires zero skills to
run the HYSPLIT model as it provides easy-to-use HYSPLIT parameter configurations and
generates executables (.bat files) for conducting all necessary trajectory calculations with
the HYSPLIT model. Note that the generated executables by TraPSA-Web can only support
the Windows system and HYSPLIT version 4. This executable also automatically manages
and aggregates the HYSPLIT outputs as a single .cvs file. With this aggregated trajectory
output file, users can perform TERMs with TraPSA-Web directly or even through other
tools, such as Python or MATLAB. Additionally, TraPSA-Web provides functions to save
and load projects for future work.

The initial version of TraPSA is a desktop software developed with MATLAB, and
it has been applied for multiple research studies across different regions and pollutant
species, for example, PM, mercury, and NH3 [5,8,18,19]. The GUI interface of the TraPSA
desktop version is shown in Figure 1 (bottom right). The detailed introduction of TraPSA
desktop version can be found in Supplementary Materials. To elevate accessibility and
user experience, TraPSA was redesigned as a web application with modern UI (depicted in
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Figure 1, bottom left), which requires no software installation and can be accessed directly
through web browsers. TraPSA-Web is developed using Vue.js, a leading front-end web
development framework [20].

Unlike desktop software or Python/R packages, TraPSA-Web provides a seamless
experience as a pure web application. Users can instantly access the latest version of
TraPSA-Web and its new features upon website updates without the need for manual
reinstallation or updates on their local systems.
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It is important to note that TraPSA-Web does not conduct HYSPLIT trajectory calcu-
lations internally. TraPSA-Web generates executables for the automation of performing
these calculations locally using HYSPLIT version 4. TraPSA-Web provides guidance for
downloading HYSPLIT and the required meteorological data. Other analyses and TERMs
were performed using TraPSA-Web. Brief introductions of the TraPSA-Web workflow and
examples will be presented in the following sections and a video tutorial with more detailed
instructions is available at https://trapsa.netlify.app/ (accessed on 14 November 2023).

https://trapsa.netlify.app/
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2.1. Models Integrated in TraPSA-Web

TraPSA-Web incorporates five of the most widely used TERMs for determining the
likely source locations via long-range air transport to the receptor sites. These models were
selected based on extensive research comparing the efficiency of TERMs across various
scenarios [21–23]. These TERMs include Concentration Field Analysis (CFA), Concentration
Weighted Trajectory (CWT), Potential Source Contribution Function (PSCF), multiple-site
PSCF, and Simplified Quantitative Transport Bias Analysis (SQBA) [24–27].

These TERMs allocate potential source locations using statistical patterns of air parcel
trajectories over a gridded map. In brief, grid cells that are more likely to include pollutant
sources tend to correspond with air parcels exhibiting elevated pollutant concentrations.
Therefore, the back trajectories originating from high-concentration periods at receptor
sites are more likely to traverse those grid cells.

In addition to these trajectory-based models, TraPSA-Web includes wind-based models
for more localized source-direction analysis [25,28]. Wind-based models include the Condi-
tional Probability Function (CPF) and Conditional Bivariate Probability Function (CBPF).

2.1.1. CFA and CWT

CFA and CWT were developed to construct a pollutant emission concentration field
derived from trajectory endpoints [29,30]. CFA uses logarithmic concentrations for its cal-
culations, making it particularly suitable for pollutants exhibiting significant concentration
differences. Conversely, CWT operates using absolute concentrations, which can be used
for pollutants with concentrations close to zero [22,24]. The concentration fields of CFA
and CWT are defined as follows:

CFi,j =
∑L

l=1 clτi,j,l

∑L
l=1 τi,j,l

(1)

where i and j are the grid indices based on latitude and longitude, L represents the total
number of back trajectories, cl is the concentration at the starting timestamp of a given
back trajectory l, τi,j,l is the endpoint passing through grids i and j from a given back
trajectory l, and CMi,j denotes the concentration field value of grids i, and j with logarithmic
concentration applied in CFA and absolute concentration in CWT.

2.1.2. SQTBA

The CFA and CWT allocate the likely pollutant source locations based on the con-
centration fields, as presented above. However, the accuracy of their source location
apportionments might be reduced due to the increased uncertainties that arise with longer
trajectory pathways and durations [11,31]. SQTBA is a simplified version of QTBA [1],
which accounts for trajectory uncertainties by assuming a normal distribution caused by
atmospheric dispersion around the trajectory centerline with a standard deviation that
increases linearly with time in the upwind direction. Thus, SQTBA can be used for air pol-
lutant apportionments over larger regions, and the transition probability density function
can be expressed as:

Q
(

x′, t′
)
=

1
2πσx(t′)σy(t′)

exp

[
−1

2

{(
X − x′(t′)

σx(t′)

)2

+

(
Y − y′(t′)

σy(t′)

)2
}]

(2)

where X and Y represent the grid center coordinates, x′, y′ are the centerline coordinates
of the trajectory, σ is the standard deviation of the trajectories in two directions, which
are assumed to grow with time σx(t′) = σy(t′) = at′ (a is a dispersion speed, equals to
5.4 km/h), and Q(x′, t′) is the probability for the air parcel at position x′ at time t′ to arrive
at position x at time t.
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The potential mass transfer potential field (Tl(x|x′)) for a given trajectory l arriving at
time t is integrated over the back trajectory time τ:

Tl
(
x
∣∣x′) = ∫ t

t−τ Q(x′, t′)dt′∫ t
t−τ dt′

(3)

Finally, the SQTBA field is established based on the concentration-weighted mass
transfer potential field divided by the potential mass transfer potential field:

SQTBA
(
x′
)
=

∼
T(x|x′)

∑L
l=1 Tl(x|x′)

(4)

where cl is the receptor concentration of a given back trajectory l, and L is the total number
of back trajectories.

2.1.3. PSCF

The accuracy of the point source location apportionments of concentration field-based
models, such as CFA, CWT, and SQTBA, can diminish when the emissions from nonpoint
sources are significant [32]. To emphasize the emission impacts from the point source,
the PSCF model utilizes only high pollutant concentrations from the receptor sites to
calculate conditional probabilities to identify the likely source contribution of each grid to
the receptor site [3,6]. A high PSCF value indicates a strong likelihood that the trajectory
passing through the grid cell effectively transports contaminants to the receptor site, thereby
suggesting a potential emission source location. The PSCF values for a single receptor site
are defined as follows:

PSCFi,j =
∑L

l=1 τi,j,l

∣∣∣ cl ≥ C

∑L
l=1 τi,j,l

(5)

where C is the criterion concentration to identify high pollutant concentrations (typically set
between 75% and 90% of the highest concentration) [18], cl is the concentration at the start
of the back trajectory l, L is the total number of back trajectories, and τi,j,l is the endpoint
that passes through grids i and j from a given back trajectory l. For multiple receptor sites,
the PSCF model needs to be adjusted by separating the criterion concentration for each site,
as follows [5]:

PSCFi,j =
∑S

s=1 ∑Ls
l=1 τi,j,s,l

∣∣∣ cs,l ≥ Cs

∑S
s=1 ∑Ls

l=1 τi,j,s,l
(6)

where S is the total number of sites, Cs is the criterion concentration for site s, cs,l is the
pollutant concentration of back trajectory l originating from site s, Ls is the total number of
back trajectories starting from site s, and τi,j,s,l is the endpoint that passes through grids i
and j from a given back trajectory l starting from site s.

2.1.4. Wind-Based Models

The CPF model determines the probability of a wind direction or speed to be associated
with high pollutant levels, and it is defined for a given wind direction θ as follows [25]:

CPFθ =
Pθ

Fθ
(7)

where Pθ is the wind frequency of direction i with high-concentration events, and Fθ

is the wind frequency of direction i. High-concentration events are identified using a
predefined criterion concentration, typically set between 75% and 90% of the highest
recorded concentration.
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The CBPF model provides a binary conditional probability field based on both wind
speed and direction for high-concentrations [8,28]. It is defined as:

CBPFθ,u =
mθ,u| c > C

nθ,u
(8)

where mθ,u is the count of high-concentration samples occurring with wind direction at θ
and wind speed at u (sample concentration c exceeds criterion concentration C), and nθ,u is
the total number of samples in that wind direction and speed. Similar to the CPF model, the
criterion concentration is usually set between 75% and 90% of the peak concentration [33].

2.2. TraPSA-Web Interface and Workflows

A typical workflow of an air pollutant source apportionment project with TraPSA-
Web is shown in Figure 2. The process involves several key steps: (1) uploading site
information, including site name, longitude, latitude, and pollutant measurement time
series data to TraPSA-Web, (2) configuring HYSPLIT parameters and generating back
trajectory automation executable (.bat file), (3) running the HYSPLIT model using the
created .bat file, followed by uploading the aggregated trajectory outputs (.csv file) to
TraPSA-Web; (4) establishing analytical scenarios and performing basic analysis; (5) setting
parameters for TERMs and visualizing the outcomes; and (6) saving the current project data
and configuring for future reference. More detailed guidelines and examples are presented
in the following sections. Note that the potential source time series decomposition obtained
from positive matrix factorization (PMF) analysis can also be used as the input time series
to TraPSA-Web to further improve the likely source apportionment [3,18].
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2.3. Future Updates

The planned future updates for TraPSA-Web encompass (1) integrating support to
the newest HYSPLIT version, (2) incorporating additional TERMs and advanced trajectory
statistical analyses, such as 3D-PSCF [34], and Potential Source Density Function [35],
(3) improving visualization flexibility and diversity of visualization options, (4) enhancing
the computational efficiency of TERMs calculations and map visualizations, and (5) ex-
panding the range of output formats for TERM results to include formats like TIFF files
and GeoJSON.

3. Example of Toolkit Application

The following sections will present a detailed example project demonstrating the
power of TraPSA-Web in conducting likely source location apportionment with TERMs
and HYSPLIT. This example will highlight TraPSA-Web’s capabilities and effectiveness
in addressing the core challenges inherent in TERM analyses, including automation of
trajectory calculations and management, analyzing the seasonality of the likely source
locations [8], and reducing the “trailing effect” [2].

This example uses atmospheric ammonia (NH3) concentration data measured at
two sites in New York State from 2016 to 2017. The two sites are located in New York
City (40.73614, −73.82153) and Potsdam (44.662118, −75.001016). The example dataset is
available at https://trapsa.netlify.app/example_data.rar (accessed on 14 November 2023),
and the example project is available at https://trapsa.netlify.app/example.trapsa (accessed
on 14 November 2023).

3.1. Data and Project Management

TraPSA-Web requires specific input data for receptor site information, pollutant con-
centration measurements, and wind speed and direction. Site information is uploaded via
a .csv file with fixed header names: “site_name,” “lat,” and “lon.” Successful uploads are
confirmed with a table displaying site details and a map pinpointing the site locations. For
instance, uploading the “site.csv” file imports sites named Potsdam and Queen’s College
into TraPSA-Web, as illustrated in Figure 2(1) (top).

Subsequently, time series data for each site, including pollutants, wind speed, and
directions, were uploaded through separate or combined .csv files. TraPSA-Web offers flexi-
bility in header names for time series data. The meaning of header names can be assigned by
categorizing them under “Timestamp,” “Site Name,” “Measurements,” “Wind Direction,”
and “Wind Speed” through dragging and dropping operations. Only “Timestamp,” “Site
Name,” and “Measurements” are mandatory, and the rows with missing values will be ex-
cluded from the following analysis. The correct data upload is also verified through a data
table display similar to the site information upload. By uploading the “all_combined.csv”
file, the NH3 measurement concentrations and randomly generated concentrations of the
two sites are imported to TraPSA-Web, as illustrated in Figure 2(1) (bottom).

Project progress can be saved using the “Save Session” button (Figure 2(6)), generating
a .trapsa file with all project data and settings. This file can be reloaded with the “Open
Session” button to retrieve the saved project progress. The “Data Summary” feature allows
for viewing and managing site data, measurement data, and trajectory endpoint data.

3.2. Configure Back Trajectory Automation

To perform TERMs, the back trajectory needs to be configured and calculated for each
measurement timestamp. This configuration workload can be high due to the potentially
large number of timestamps. TraPSA-Web simplifies this task with a user-friendly GUI,
generating automation executables (.bat file) that conduct HYSPLIT calculations and output
management. The HYSPLIT parameters configurable in TraPSA-Web include the back
trajectory time, starting height, starting height type, and meteorological data type.

https://trapsa.netlify.app/example_data.rar
https://trapsa.netlify.app/example.trapsa
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TraPSA-Web also provides up-sampling of the timestamp for the trajectory calculation
to address the application of TERMs in air pollutants with low temporal resolutions. For
example, if the pollutant is measured every 24 h, TraPSA-Web can generate multiple
trajectories within 24 h to provide more complete pollutant transportation situations by
configuring the “data sampling period” and “up-sampling number.”

Various meteorological data formats compatible with HYSPLIT are supported by
TraPSA-Web. Typically, the Eta Data Assimilation System (EDAS) with 40 km resolution
data [36] and North American Regional Reanalysis (NARR) data with 32 km resolution
are used for the North American region [25,37]. The Global Data Assimilation System
(GDAS) [38] and the NCEP/NCAR Reanalysis Archive with 2.5-degree resolution can be
used globally [39,40]. GDAS provides various spatial resolutions, including 0.25◦ × 0.25◦,
0.5◦ × 0.5◦, and 1◦ × 1◦. The fifth-generation ECMWF reanalysis (ERA5) with 2.5-degree
resolution can also be used for global analysis [41]; however, the support for ERA5 of
TraPSA-Web is still under development. The starting years for EDAS, NARR, GDAS,
NCEP/NCAR, and ERA5 were 2004, 1979, 2001, 1948, and 1940, respectively.

In our example, using hourly NH3 measurements, trajectory up-sampling was not
used. The back trajectory duration was set to 24 h (Figure 2(2)) due to the relatively short
lifetime of atmospheric NH3 [42], and the starting point was set to 500 m above the ground,
similar to most of the previous studies. The NCEP/NCAR Reanalysis Archive was used as
the meteorological data. An automation executable file, “run_HYSPLIT.bat,” was generated
and downloaded for conducting the HYSPLIT model, producing a .csv file containing the
aggregated trajectory endpoints upon execution (Figure 2(3)).

3.3. Analytical Scenarios

Pollutant concentration patterns and source locations can vary due to factors like
mitigation efforts or seasonal emission changes [5,8,27]. Therefore, it is important to
analyze the likely source locations for different scenarios and periods. TraPSA-Web enables
customization of analytical scenarios based on timeframes, seasonality, and diurnal periods
(Figure 2(4)). Significant NH3 likely source location shifts can be observed from the PSCF
model results for New York City across different seasons, as shown in Figure 3. TraPSA-
Web also offers the basic analysis for user-defined scenarios, including concentration
distributions, time series, diel patterns, seasonal patterns, trends, wind rose, CPF, and
CBPF (Figure 2(4)).
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3.4. Configure Grid Sizes and Weights for TERMs

The “trailing effect” is the false source locations identified due to sparse trajectory
crossings [2]. This can be mitigated by choosing proper grid sizes or applying grid weight-
ing functions to reduce the impacts from grids with fewer trajectory endpoints. The grid
sizes and weights were both adjustable in TraPSA-Web (Figure 2(5)). The grid weighting
function is defined as follows:

wi,j =


p1|

ni,j
avg < l1

p2|l1 <
ni,j
avg < l2

. . .
pk|lk−1 <

ni,j
avg < lk

(9)

where wi,j is the grid weight for grids i j, ni,j are the endpoint counts of grids i and j, avg is
the average endpoint number across all grid cells (total endpoints/grid number), pk are the
weight factors for level k, and lk are the endpoint ratio ranges for level k. The weight factor
(pk) in TraPSA-Web was set to 1 for the grids exceeding the highest weight level (lk).

Figure 4 compares the “trailing effect” in the PSCF model results for New York City
with different grid sizes and weight configurations. The figure demonstrates that increasing
the grid size can effectively mitigate the “trailing effect” (as evident in Figure 4a,b). How-
ever, a coarse grid size reduces the confidence of the likely source identified. In the example
project, a grid size of 0.5◦ × 0.5◦ was selected to balance between spatial resolution and
the confidence of source location detection. As shown in Figure 4c,d, the “trailing effect”
can be further reduced by lowering the weights of the grid with small trajectory endpoint
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numbers, presenting clear likely source locations. The configurations for grid sizes and
weights in TraPSA-Web though can be arbitrary based on previous studies and project
domain knowledge, are crucial in the process of likely source apportionment using TERMs.
These parameters play a pivotal role in balancing meaningful signals and background noise
of the TERMs, ensuring the clarity and accuracy of the final likely source maps.
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Figure 4. Examples of reducing the “trailing effect” by properly configuring grid size and weights
in TraPSA-Web. The “trailing effect” can affect the likely source location apportionment, as shown
in (a,b). This effect can be reduced by configuring the grid size and weighting function in TraPSA-
Web, as shown in (c,d). The grid sizes and weight configurations are shown in the figures. The green
dots present the monitoring site locations.

3.5. Comparisons and Visualizations

As discussed above, the concentration criterion-based TERMs, for example, PSCF, only
link pollutant measurements with high-concentrations to source emissions through the
back trajectory. Therefore, they can provide clear separations for the likely source locations,
which is good for apportionments for point-source locations. On the contrary, concentration
field-based TERMs, such as CFA, CWT, and SQTBA, consider all pollutant measurements
equally, and they can provide more complete pollutant emission pictures. Comparisons
between the PSCF and SQTBA are shown in Figure 5. The visualizations can be improved
by adjusting the colormaps, opacity, and smoothness using interactive map tools provided
by TraPSA-Web.

The PSCF and SQTBA models were applied to NH3 measurements and randomly
generated concentration values with a normal distribution. Randomly generated values
were designed to test the models’ robustness by providing a “zero-source” case. As shown
in Figure 5a,b, the PSCF results provided better separations for the likely source locations
than SQTBA for NH3. However, PSCF detected “fake source” locations (Figure 5c) while
SQTBA generated a unique concentration field (Figure 5d) that indicates no significant
emission sources or equal emission contributions within the region, which is better aligned
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with the “zero-source” assumption. Therefore, similar to the configuration of grid weights,
there is also a trade-off between signal and noise in the model selection, requiring project
domain knowledge, such as the physic-chemical characteristics of the target pollutants and
potential pollutant source information within the research regions.
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Figure 5. Demonstrations of the efficacy of PSCF and SQTBA analyses for likely source location
apportionments. The likely source locations of NH3 measurements in the New York City site (green
dots) can be identified in (a,b). Conversely, no clear source locations can be found in the outputs of
randomly generated time series, as evidenced in (c,d).

4. Software and Data Availability

The TraPSA-Web (version 1.0) is available at https://trapsa.netlify.app/ (accessed on
14 November 2023). The full tutorials and example datasets to further demonstrate the
capabilities of the TraPSA-web application can be found in Supplementary Materials.

5. Conclusions

This paper presents TraPSA-Web, an innovative web-based application offering the
air quality research community a comprehensive, flexible, and user-friendly platform for
atmospheric pollutant source apportionments. TraPSA-Web is designed to streamline
the process of likely source location identifications using TERMs and HYSPLIT. TraPSA-
Web provides the following key functionalities that enhance the TERM analysis processes:
(1) easy-to-use project and data management, (2) automated HYSPLIT back trajectory
configuration, calculation, and results processing, (3) customizable analytical scenarios and
comprehensive TERM analysis, (4) interactive data and map visualization, and (5) instantly
access the latest version through a web browser. The example project presented in this
paper demonstrates that TraPSA-Web can significantly reduce the complexity and time
required for TERM analyses with its modern GUI, highly automated analysis procedures,
and sophisticated analyses.

https://trapsa.netlify.app/
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Supplementary Materials: The following supporting information can be downloaded at: https://
trapsa.netlify.app/ (accessed on 14 November 2023). The TraPSA-web tutorial video is available at
https://player.vimeo.com/video/542644809 (accessed on 14 November 2023). Example datasets of
TraPSA-Web are available at https://trapsa.netlify.app/example_data.rar (accessed on 14 November
2023). An example project of TraPSA-Web is available at https://trapsa.netlify.app/example.trapsa
(accessed on 14 November 2023). The source code of TraPSA-Web is available at https://github.com/
defve1988/TraPSA_vue (accessed on 14 November 2023). The TraPSA desktop version is available at
https://webspace.clarkson.edu/projects/TraPSA/public_html/ (accessed on 23 January 2024). The
algorithms of trajectory ensemble receptor models and the instructions for the TraPSA desktop version
are available at https://webspace.clarkson.edu/projects/TraPSA/public_html/en/userguide.html
(accessed on 14 November 2023).
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