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PM2.5 concentrations in Jakarta frequently exceed World Health
Organization (WHO) air quality guidelines, indicating the need for an
integrated approach for pollution prediction and source assessment. This
study develops a spatiotemporal prediction framework using a long short-
term memory (LSTM) model integrated with the hybrid single particle
Lagrangian integrated trajectory (HYSPLIT) model for backward trajectory
analysis. Daily PM2.5 data from five monitoring stations were combined
with meteorological variables from ERA5, Visualcrossing, and the global
data assimilation system, with spatial context evaluated using Sentinel-2
land cover maps. After hyperparameter tuning, the optimized model
demonstrated robust predictive capabilities, achieving a peak coefficient of
determination (R?) of 75.87% on the test data. The framework exhibited
exceptional relative accuracy, particularly at the Jagakarsa and Kebun Jeruk
stations, which recorded mean absolute percentage error (MAPE) values of
13.34% and 17.80%, respectively. Backward trajectory analysis during
selected pollution episodes indicates two dominant regional transport
pathways that may influence PM2.5 levels in Jakarta. These pathways are
associated with air mass transport over industrial and built-up areas in
eastern and northern regions surrounding Jakarta. Land cover analysis shows
limited vegetation along these pathways. Overall, elevated PM2.5 events are
associated with combined local emissions, regional transport, and
meteorological conditions that limit pollutant dispersion near the surface.
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1. INTRODUCTION

Jakarta faces a serious challenge in air quality management, with data [1] showing that the annual
average PM2.5 concentration reaches 108.6 pg/m3, far exceeding the World Health Organization (WHO)
interim target of 35 pug/m? [2]. This high level of pollution is triggered by massive anthropogenic activities, as a
result of various transportation activities, both domestic and industrial, as well as construction activities aimed
at improving the city's infrastructure. Air quality in Jakarta is influenced by relatively stagnant meteorological
conditions, with average surface wind speeds ranging from 1.5 to 2.0 m/s. The dominant eastward wind pattern
carries accumulated pollutants from the buffer zone [2]. The health and environmental impacts of this situation
are significant. A study by Dinas Lingkungan Hidup Provinsi DKI Jakarta [3] found a positive correlation
between an increase in PM2.5 and a 12% surge in cases of acute respiratory infections (ARI).

Despite its high urgency, the current air quality management system has fundamental limitations.
The research highlights that traditional emission source analysis based on static inventories fails to account
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for real-time atmospheric dynamics. Furthermore, conventional prediction methods often neglect the
integration of crucial atmospheric parameters, as criticized [4]. While most prior studies focus on air quality
prediction or source analysis as isolated tasks, this study bridges the gap by proposing a novel, integrated
system architecture. Specifically, this is the first integrated long short-term memory (LSTM) and hybrid
single particle Lagrangian integrated trajectory (HYSPLIT) framework applied to Jakarta that combines local
meteorological monitoring with satellite validation (Sentinel-2) for precise source attribution. This end-to-
end framework not only forecasts temporal PM2.5 concentrations but also dynamically triggers spatial
backward trajectory analysis to highlight transboundary emission corridors, providing a crucial, actionable
tool for regional air quality policy and engineering early-warning systems. The research [5] has demonstrated
that the LSTM model is capable of predicting PM2.5 with high accuracy (R? >0.9), which in this study will
be combined with the HYSPLIT model for cross-border emission source tracking, validated for effectiveness
by [6], to produce an early warning system and mitigation that is more precise.

2. METHOD

This study comprises several stages: data preparation, data preprocessing, model training,
hyperparameter tuning, model testing, HYSPLIT simulation, and PM2.5 source analysis. Details of the
research stages are presented in Figure 1.
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Figure 1. Research steps

2.1. Data collection

The dataset used various sources [7] relevant to the research focus, namely PM2.5 concentration
predictions and source tracking, covering the period from January 2022 to December 2024. PM2.5 data were
obtained via web scraping (with permission from the owner, Jakarta Environmental Service) from Rendah
Emisi Jakarta Web. The data provides daily air quality information from several monitoring stations.
Meanwhile, meteorological data were obtained from two sources: ERA5 Copernicus (European Centre for
Medium-Range Weather Forecasts: ECMWEF) [8], [9] and Visualcrossing [10] for model-prediction input
features [11], [12], and global data assimilation system (GDAS) of the National Oceanic and Atmospheric
Administration (NOAA) as input for HYSPLIT simulations. Data collection was carried out by integrating
datasets from various sources to support comprehensive spatiotemporal analysis, including daily PM2.5
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concentration data obtained through web scraping techniques from the Jakarta Rendah Emisi web portal at
five monitoring stations (Jan 2022 — Dec 2024), global meteorological data (temperature, humidity, wind,
rainfall, and dew point) from ERAS5 Copernicus, Visualcrossing, and GDAS, as well as spatial land cover
data and aerosol optical depth (AOD) extracted from Sentinel-2 and MODIS satellite imagery using Google
Earth Engine (GEE) [13].

2.2. Data preprocessing

The data preprocessing stage is applied to ensure the quality of model input, starting with the
handling of missing values using linear interpolation to maintain the continuity of the time trend, followed by
the normalization of all variables to the range O until 1 using Min-Max Scaler for training stability, and
ending with chronological data splitting into 70% training data, 15% validation data, and 15% test data [14]
to evaluate the model's generalization ability on future data.

2.3. Training the LSTM model for PM2.5 prediction

LSTM model training was conducted using a multivariate time-series dataset [15] that had been
normalized with a Min-Max Scaler and arranged into a sequence of 30 timesteps to predict daily PM2.5
concentrations one step ahead. The model architecture consisted of two stacked LSTM layers followed by a
dense fully connected layer as the output, with the learning process optimized using the Adam algorithm,
sigmoid, and rmsprop [16], and an early stopping mechanism to mitigate the risk of overfitting [17].

Figure 2 illustrates the architecture of the deep learning model employed in this study, which
processes six meteorological input features via a hidden layer comprising stacked LSTM units with batch
normalization and dropout, to predict PM2.5 concentration. The network architecture utilizes mean squared
error (MSE) as the loss function, which is highly suitable for regression tasks in continuous pollutant
concentration forecasting. The selected temporal window of 30 timesteps was explicitly chosen as it
optimally captures the monthly cyclical patterns of local meteorology and anthropogenic emissions in Jakarta
without introducing excessive historical noise.
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Figure 2. Multivariate LSTM models architecture

2.4. Hyperparameter tuning on LSTM models

Hyperparameter tuning is performed to optimize the LSTM architecture. The main parameters
adjusted include the number of hidden layers, the number of neurons per layer, the dropout rate, the epoch
size, and the activation function [18]. In addition, the early stopping technique is used to prevent overfitting,
and various learning rate values and optimization algorithms are tested. These adjustments are made
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iteratively based on validation evaluation results to select the model configuration that provides the best
performance. The hyperparameter tuning process uses a grid search [19], [20] to test various parameter
combinations. The grid parameters used are shown in Table 1.

Hyperparameter tuning was performed to find the optimal configuration for the LSTM model.
Through a grid search approach, various combinations of parameters such as the number of hidden layers and
neurons, dropout rate, epoch size, and activation function were tested iteratively.

Table 1. Grid search parameter for multivariate LSTM model
No Parameter Value

1 Optimizer adam, nadam, rmsprop, sgd
2 Learning Rate 0.0001, 0.001, 0.01, 0.1
3 LSTM units 16, 32, 64

4 Dropout rate 0.2

5 Epoch 1000 with early stopping
6 Batch size 32

2.5. LSTM model for PM2.5 prediction

The LSTM model was tested by applying the trained model to a test set comprising separate period
data that the model had never seen before to evaluate its generalization ability and prediction accuracy in
real-world scenarios. Model performance was comprehensively validated by comparing the predicted daily
PM2.5 concentration values with actual observation data using evaluation metrics, namely root mean square
error (RMSE), mean absolute error (MAE), mean absolute percentage error (MAPE), and coefficient of
determination (R?), to assess the accuracy of the data distribution pattern.
1. RMSE measures how far the prediction results are from the actual values [21]. The RMSE formula is:

RMSE = /%ZiNzl(yi —yi)2 1)

2. MAE to measure the average absolute error [21]. The following is the mathematical of MAE formula:
1 N L.
MAE = Nzi=1 |y1 — y1| 2
3. RZScore as an indicator of goodness-of-fit [21]. The mathematical equation for the R2 formula is:

T Oi-yD?

R = 1- == —
X Oi-yi)?

@)

4. MAPE to calculate the absolute percentage error [22]. The following is the mathematical equation for
the MAPE formula:

N

MAPE = 3" |

yi | “)

where:
yi : actual value i

yi : the i-th predicted value

yi : the average of all actual values (yi )
N : total number of observations

This verification step serves as a quality gate to ensure the reliability of predictions before they are
further integrated with the HYSPLIT trajectory simulation.

2.6. HYSPLIT simulation

From an engineering system perspective, the HYSPLIT backward trajectory serves as a dynamically
triggered atmospheric verification module. It is autonomously activated only when the LSTM predicts PM2.5
concentrations exceeding 75 pg/m3. This specific threshold is strongly justified as it aligns with the
'Unhealthy' category under Indonesia's Air Pollution Standard Index (ISPU), ensuring that the high
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computational cost of spatial trajectory simulations is efficiently allocated only during extreme, high-impact
pollution episodes [23]. In this scenario, the HYSPLIT model runs a 72-hour backward trajectory analysis at
an altitude of 500 meters above ground level using wind data from GDAS, to track air mass trajectories and
identify the geographical origins of regional potential pollutant sources [24] contributing to pollution
episodes in Jakarta.

2.7. Analysis of PM2.5 sources

Validation with satellite data, such as Sentinel-2, plays a key role in this integration. Land use data
from Sentinel-2 helps classify potential pollutant sources, such as distinguishing between emissions and
vegetation [25]. Additionally, satellite AOD data is used to correct surface pollutant concentrations. A case
study in Beijing shows that integration of Sentinel-2 data with HYSPLIT can reduce uncertainty in source
identification [26]. Some frameworks [27], [28] provide algorithms for trajectory clustering, connecting
pollution peaks to dominant sources, and visualizing results in GIS. An example of its successful application
is the Mekong Delta, where this framework helped identify PM2.5 sources from land fires [6]. This approach
not only improves analysis accuracy but also facilitates data visualization and interpretation.

3. RESULTS AND DISCUSSION
3.1. Data preprocessing

The preprocessing stage is a crucial phase for ensuring optimal data quality and structure for the
LSTM architecture. Before data processing, it is necessary to analyze the missing values from each station, as
shown in Table 2. Then, compare the statistical summary values from each station for the PM2.5 variable
before preprocessing, as shown in Table 3, and the statistical summary values after preprocessing, as shown
in Table 4.

Table 2. Number of missing value in PM2.5 Data

PM2.5 station Number of data  Missing values
DKI1 Bundaran HI 895 201
DKI2 Kelapa Gading 994 102
DKI3 Jagakarsa 895 201
DKI14 Lubang Buaya 895 201
DKI5 Kebun Jeruk 895 201

Table 3. Summary of PM2.5 data statistics before data preprocessing
PM?2.5 station Number of data Average  Standard deviation Min  Median ~ Max

DKI1 Bundaran HlI 895 70.16 21.52 0 7350 125.16
DKI2 Kelapa Gading 994 56.49 19.61 0 69.52  109.50
DKI3 Jagakarsa 895 71.61 19.45 0 7261 137.16
DKIl4 Lubang Buaya 895 7247 20.70 0 7555 131.72
DKI5 Kebun Jeruk 895 56.49 37.94 0 68.80 153.77

Table 4. Summary statistics of PM2.5 data after data preprocessing

PM2.5 Station Number of data ~ Average Standard deviation ~ Min Median Max
DKI1 Bundaran HI 1096 70.21 19.73 3.33 73.03 125.17
DKI2 Kelapa Gading 1096 66.40 20.23 0.72 68.13 109.55
DKI3 Jagakarsa 1096 71.16 17.89 2.55 71.84 137.16
DKI4 Lubang Buaya 1096 71.47 20.39 7.39 75.08 131.72
DKI5 Kebun Jeruk 1096 70.03 20.92 422 68.91 153.77

3.2, LSTM model

The prediction model was developed using a multivariate LSTM architecture optimized through grid
search to determine the best hyperparameters (number of neurons, learning rate, optimizer) at each station.
Table 5 shows the predictive performance of the reliable model, as indicated by the highest R? value of
75.87% at the DKI1 Bundaran HI Station and the lowest MAPE of 13.34% at the DKI3 Jagakarsa Station,
demonstrating the model's effectiveness in capturing daily PM2.5 fluctuation patterns.
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The variance in predictive performance across stations highlights the influence of local urban micro-
environments. The lowest MAPE achieved at Jagakarsa (13.34%) can be attributed to its suburban
topography and denser vegetation cover, which buffers sudden emission spikes and results in more stable
meteorological patterns. Conversely, Bundaran HI achieved the highest rR? (75.87%) due to its highly
rhythmic and predictable anthropogenic emissions, primarily driven by dense, daily vehicular traffic in the
central business district. Furthermore, while the overall R? values (65.55% - 75.87%) demonstrate moderate
to high predictive capability, their limitations must be acknowledged.

The model occasionally underestimates sudden, anomalous peak events. This limitation stems from
unpredictable local emission sources (sudden waste burning or abrupt construction activities) that are not
captured by standard meteorological or AOD input features. LSTM significantly excels in capturing non-
linear temporal dependencies, though future iterations could benefit from integrating real-time traffic density
APIs to further push the rR? boundary.

Table 5. LSTM modeling accuracy results for each PM2.5 monitoring station

PM2.5 Station R? RMSE MAE MAPE
DKI1 Bundaran HlI 75.87% 11.4671 8.5046 29.92%
DKI2 Kelapa Gading 70.28% 11.4967 8.6267 47.38%
DKI3 Jagakarsa 65.55% 9.6808 7.3604 13.34%
DKIl4 Lubang Buaya 70.01% 12.6069 9.3328 16.35%
DKI5 Kebun Jeruk 74.55% 14.2493 10.1972 17.80%

3.3. HYSPLIT simulation

The HYSPLIT backward trajectory simulation was conducted in response to an extreme pollution
episode (>75 pg/m?) and concentrations that exceeded the thresholds set by national regulations. Based on
the Indonesian Government Regulation No. 22 of 2021, which sets the ambient air quality standard (NAB) at
55 pg/m® per day. In accordance with DKI Jakarta Governor Regulation Number 77 of 2020 on air pollution
control, this extreme threshold exceedance triggered an investigation into the source of potential pollutants to
track the origin of the air mass during the previous 24-72 hours, which successfully revealed two main
corridors of regional pollutant transport from the east-southeast and north-northwest, and identified the
meteorological phenomenon of subsidence (the descent of air masses from an altitude of >1000 m to the
surface) which plays a crucial role in trapping pollutants in the human respiratory tract. Table 6 describes the
extreme pollutant episodes that occurred during the period from January 2022 to December 2024. Based on
the data distribution in Figure 3, backward trajectories were generated for each PM2.5 monitoring station
during pollutant episodes, as shown in Table 6. Figure 3(a) presents the HYSPLIT backward trajectory for
the DKI1 Bundaran HI Station, Figure 3(b) for the DKI2 Kelapa Gading Station, Figure 3(c) for the DKI3
Jagakarsa Station, Figure 3(d) for the DKI4 Lubang Buaya Station, and Figure 3(e) for the DKI5 Kebun
Jeruk Station. These trajectories reveal different regional transport pathways of air masses that may
contribute to elevated PM2.5 concentrations at each monitoring station.

Table 6. Pollutant episodes with the highest PM2.5 concentrations

PM2.5 station Longitude Latitude Episode pollutant PM2.5 concentration AOD
DKI1 Bundaran HI 106.82350 -6.19466 2 Oct 2023 125.20 1.25
DKI2 Kelapa Gading 106.91088 -6.15357 17 Nov 2024 112.80 1.36
DKI3 Jagakarsa 106.80367  -6.35693 18 Jun 2024 137.20 1.88
DKI4 Lubang Buaya 106.90919  -6.28889 28 Sep 2023 123.60 2.71
DKI5 Kebun Jeruk 106.75318 -6.20734 17 Nov 2024 153.80 1.89

To map the origins of air masses carrying pollutants during extreme pollution episodes, HYSPLIT
backward trajectory simulations were run at five selected monitoring stations in Jakarta when PM2.5
concentrations exceeded 75 pg/m?. This summary of the simulation results presents key parameters,
including the timing of occurrence, the dominant direction of air-mass trajectories, and the identified vertical
atmospheric dynamics.

3.4. Analysis of PM2.5 sources

Pollutant source analysis was conducted through spatial integration (overlay) between the HYSPLIT
trajectories. The Sentinel-2 land cover map, which validated that the air mass carrying the pollutants was
consistently crossing areas with high emission densities such as the manufacturing industrial corridor in
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Karawang-Bekasi, heavy industrial areas in Banten, and coal-fired power plants on the north coast, confirms
that extreme pollution in Jakarta is the result of a superposition of local urban emissions and transboundary

pollution.

Land cover analysis is explained in Table 7 and illustrated for all monitoring stations in Figure 4.
The overlay results between the Esri Sentinel-2 land cover map and the HYSPLIT backward trajectories are
presented in Figure 4. Figure 4(a) illustrates the DKI1 Bundaran HI Station, Figure 4(b) shows the DKI2
Kelapa Gading Station, Figure 4(c) presents the DKI3 Jagakarsa Station, Figure 4(d) depicts the DKI4
Lubang Buaya Station, and Figure 4(e) illustrates the DKI5 Kebun Jeruk Station. The overlay demonstrates
that the air-mass pathways intersect different land-cover types, including built-up areas, industrial zones,
agricultural land, and coastal regions, providing spatial evidence for identifying potential PM2.5 emission

sources.
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Figure 3. HYSPLIT backward trajectory for each PM2.5 station in Jakarta: (a) DKI1 Bundaran HI Station,
(b) DKI2 Kelapa Gading Station, (c) DKI3 Jagakarsa Station, (d) DKI4 Lubang Buaya Station, (¢) DKI5

Kebun Jeruk Station

Table 7. Result of overlay land cover ESRI Sentinel2 and HYSPLIT trajectory for each station PM2.5

Monitoring station

Dominant land cover

classification

Specific areas passed

Identification of potential emission sources

DKI1 Bundaran Hl
DKI2 Kelapa Gading
DKI3 Jagakarsa
DKIl4 Lubang Buaya

DKI5 Kebun Jeruk

Built-up areas & crops

Built-up area & wate

Built-up area

Built-up area (dense)

Built-up area & crops

Karawang - Bekasi Industry
r Priok & Marunda Ports
Cikarang - Cibinong
Industry
Jababeka & MM2100

Cilegon & Serang Industries

Manufacturing industry & land burning in

Pantura.

Emissions from ships, ports, and coastal

industries.

Accumulation of eastern and local domestic

industrial emissions.

Direct advection of factory emissions & heavy

logistics.

Cross-border transportation for Banten power

plants & steel industry.
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(b)

(d)

Figure 4. Overlay land cover Esri Sentinel-2P with HYSPLIT backward trajectory: (a) DKI1 Bundaran HI
Station (b) DKI2 Kelapa Gading Station (c) DKI3 Jagakarsa Station, (d) DKI4 Lubang Buaya Station, and
(e) DKI5 Kebun Jeruk Station

4. CONCLUSION

This study successfully developed a hybrid framework that integrates deep learning predictions and
spatial source analysis to model PM2.5 pollution in Jakarta. The multivariate LSTM model built showed the
best predictive performance at the DKI1 Bundaran HI Station (R? value of 75.87%) and the highest relative
accuracy at the DKI3 Jagakarsa Station (MAPE value of 13.34%). Source analysis using HYSPLIT backward
trajectories triggered when PM2.5 concentrations exceeded the threshold 75 pg/m? revealed specific pollutant
transport patterns during extreme pollution episodes from January 2022 to December 2024.

Specifically, trajectory analysis identified two main corridors for regional pollutant transport.
During pollution episodes at Jagakarsa Station (June 18, 2024) and Lubang Buaya Station (September 28,
2023). Spatial validation using Esri Sentinel-2 land cover maps confirms these findings with surface
evidence. For the Lubang Buaya Station, the air-mass transport pathway intersects large built-up regions of
the Cikarang—Bekasi industrial corridor, which may represent a potential regional emission influence during
the analyzed episode. Meanwhile, for the Kebun Jeruk Station, the trajectory crosses a mosaic of Built Area
in Cilegon-Serang and crops (agricultural land) on the North Coast of Banten. The lack of vegetation cover
and trees along the advection path and in the Jakarta receptor area indicates low natural absorption capacity
(sinks), a condition that is further influenced by subsidence-related meteorological processes (air mass
descent) from altitudes exceeding 1000 meters, which promote the accumulation of both regional and local
pollutants within the surface layer.
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