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Abstract: The expansion of the shipbuilding industry in coastal areas contributes substantially to economic
development while simultaneously posing significant risks to air quality and community health. This study analyzed
the concentration and spatial distribution of air pollutants and assessed non-carcinogenic health risks in the shipyard
industrial area of Batam City. Air quality measurements were conducted for PM2.5, SO2, NO2, CO, and Pb parameters
at multiple receptor points at different distances from the emission source. The field measurement data were then
integrated with dispersion modeling using the American Meteorological Society/Environmental Protection Agency
Regulatory Model (AERMOD) based on local meteorological conditions. Health risk was evaluated using the
Hazard Quotient (HQ) approach with reference to national air quality standards. Pollutant concentrations decreased
consistently with increasing distance from emission sources, with PM2.5 exhibiting the widest and most persistent
spatial distribution. Although most pollutant concentrations remained below regulatory thresholds, PM2.5 yielded HQ
values exceeding 1.0 across all receptor distances up to 2000 m, indicating significant non-carcinogenic health risk at
all observed distances. Model validation demonstrated strong spatial agreement between measured and simulated
concentrations (R2 > 0.84), with a consistent tendency toward underestimation of absolute values. The integration of
spatial dispersion modeling with health risk assessment offers a comprehensive analytical framework for air quality
management and public health protection in coastal industrial settings.
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1 Introduction
Industrial development is one of the main drivers of economic growth in many countries, including Indonesia. One

of the sectors that is experiencing rapid growth is the shipbuilding industry, which has a strategic role in supporting
maritime activities, international trade, and national defense [1]. Although the development of the shipyard industry
contributes to improving the welfare of the community, this industrial activity also has various negative impacts,
especially for people living around industrial estates. This impact is mainly related to the decline in air quality due to
the production process, which has the potential to endanger human health and increase the risk of various diseases [2].

Air pollution from industrial activities can cause a wide range of health problems, including respiratory,
cardiovascular, and nervous system disorders. In addition, air pollution also has a negative impact on the environment
through a decrease in soil and water quality and vegetation damage [3]. Exposure to dust particles inhaled through
the respiratory tract can trigger the body’s defense mechanisms, such as coughing, sneezing, mucociliary disorders,
and airway obstruction. If exposure occurs in large amounts and exceeds the threshold value, the condition can lead
to a significant decline in lung function. According to a study [4], air pollution is one of the major risk factors for
non-communicable diseases, including heart disease, stroke, chronic obstructive pulmonary disease, and lung cancer.
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In response to these health risks, the Batam City Government stipulated Regional Regulation Number 4 of 2016,
which prohibits the use of silica sand in the sandblasting process in open spaces. This policy aims to reduce exposure
to silica dust that can cause lung disorders in the long term. Batam City, especially Tanjung Uncang Village, is one of
the areas with the largest concentration of the shipbuilding industry in Indonesia. Industrial activities in this region
include the construction, maintenance, and repair of ships involving sandblasting, welding, painting, and the use of
various materials and chemicals, which produce air emissions in the form of PM2.5, SO2, NO2, CO, and heavy metals
such as Pb [5].

Sandblasting is one of the main activities in the shipbuilding industry, involving the use of silica sand or other
abrasive materials to clean and prepare metal surfaces. This process generates PM2.5 that poses occupational health
risks, particularly when conducted in open or poorly controlled environments. Previous studies have reported that
shipyard operations contribute to increased occupational exposure to PM2.5 among workers [6]. In urban coastal
areas, pollutant dispersion becomes more complex due to the influence of wind speed and direction, requiring a
modeling approach capable of accurately representing the spatial distribution of pollutants.Although the shipbuilding
industry has a positive economic impact, the air pollution it produces poses a serious challenge to public health.
PM2.5 is able to penetrate the alveoli of the lungs and enter the bloodstream, causing inflammation and decreased
lung function. SO2 and NO2 gases can irritate the respiratory tract, while heavy metals such as Pb have an impact on
the central nervous system, especially in children. In addition, CO interferes with the process of oxygen transport in
the blood, while low levels of O2 in the air reflect a decrease in air quality [3]. This impact is exacerbated by seasonal
wind patterns that have the potential to bring industrial pollutants to residential areas, as reflected in the high cases of
respiratory infections in the area around industrial areas.

Various previous studies have conducted air quality mapping in urban and industrial areas using spatial analysis
approaches. Geographic information systems (GIS), land-use regression, and spatial modeling methods have been
widely applied to analyze the distribution and spatial variation of air pollutants such as PM10, SO2, NO2, and CO in
relation to emission sources and surrounding environmental conditions [7, 8]. Previous studies have also reported
that shipyard operations contribute to increased occupational exposure to PM2.5 among workers [6]. In addition,
open abrasive blasting activities can generate hazardous airborne particulate emissions that may be transported by
wind to nearby residential areas; however, studies integrating pollutant dispersion mapping with spatial technology in
shipyard environments remain limited [9].

In general, previous studies have tended to analyze pollutant concentrations and their health impacts separately,
and have not applied the comprehensive spatial approach recommended by the United States Environmental Protection
Agency (U.S. EPA) for the simulation and prediction of pollutant dispersion based on wind direction. In fact, an
integrated spatial approach is essential for accurately visualizing the distribution of pollutants, identifying areas
with the highest levels of exposure, and bridging technical analysis of air quality with public health risk evaluation.
Therefore, an analytical framework is needed that is able to integrate pollutant dispersion modeling with health risk
assessment to provide a more comprehensive understanding of the impact of air pollution in coastal industrial areas.

Overall, previous research has largely focused on the analysis of pollutant concentrations and their associated
health impacts, often treating air quality assessments and health risk evaluations as separate analytical components.
In addition, comprehensive spatial approaches recommended by regulatory agencies such as the U.S. EPA to simulate
and predict the spread of pollutants based on wind direction have not been consistently applied. As a result, the spatial
relationship between pollutant distribution patterns and the level of health risks in coastal shipbuilding industrial
areas has not been adequately examined. Therefore, a more integrated spatial approach is needed to accurately
visualize pollutant dispersion, assess exposure gradients, and identify high-risk zones. In response to this research
gap, this study offers novelty through the application of an integrated analysis framework that combines spatial
mapping of air quality concentration and distribution based on multi-pollutant dispersion modeling (PM2.5, SO2, NO2,
CO, Pb, and O2) with health risk assessment using the Hazard Quotient (HQ) approach and risk mapping. Unlike
previous studies that typically analyze air quality conditions and health impacts in isolation, this study simultaneously
linked the spatial distribution of pollutants to the level of health risks associated with inhalation, allowing the
identification of high-risk zones in coastal urban shipbuilding industrial estates. Methodologically, multi-point field
measurement data was integrated with the output of the American Meteorological Society/Environmental Protection
Agency Regulatory Model (AERMOD) dispersion model to map pollutant distribution patterns based on wind
direction and area characteristics. These findings suggest that certain pollutants—particularly PM2.5, NO2, and
Pb—contribute predominantly to increased health risks, while exposure levels and associated risks systematically
decrease with increasing distances from emission sources. By moving beyond the purely technical evaluation of
pollutant concentrations, this integrated approach provides a more comprehensive understanding of the relationship
between the distribution of pollutants and health risks and can serve as an analytical framework for similar studies in
coastal industrial areas with comparable characteristics. In particular, the spatial-health risk relationship identified in
this study provides applied insights into exposure patterns at the industrial-residential interface, which is relevant
to other coastal shipbuilding and heavy industrial areas characterized by open process activities and proximity to
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surrounding settlements.
Comparative analysis across pollutant types highlights the characteristics of the different spatial dispersions

between particulate and gaseous emissions. PM2.5 and NO2 exhibit wider and more persistent exposure zones than
SO2 and CO, reflecting their emission sources and atmospheric behavior in coastal industrial environments. PM2.5,
which is mainly derived from sandblasting and combustion processes, exhibits limited dispersion and prolonged
suspension in the atmosphere, while CO exhibits relatively rapid dilution, resulting in lower spatial exposure intensities.
This contrast underscores that pollutant concentrations alone do not fully represent environmental risks, as spatial
distribution patterns and duration of exposure play an important role in determining health-related impacts.

2 Method
This research was conducted in Batam City, around the shipyard industrial area with sandblasting activities

(Figure 1), from July to December 2024, with a research duration of three months. The test was conducted based on
wind direction and modeling of the distribution of PM2.5, SO2, NO2, CO, and Pb concentrations using AERMOD
View software.

Figure 1. Receptor locations and segments

2.1 Material
The tool used for the measurement of pollutants PM2.5, Low Volume Air Sampler Gent, Pb uses a High Volume

Air Sampler device from the PM Sampler brand Laos. Gaseous pollutants, including SO2, CO, and NO2 in solution,
were captured using an impinger/air sampling pump-type instrument from Sibata.

The location of the receptors used in this study represented several residential areas at different distances from the
main emission source. The receptor point is selected based on its proximity to industrial activities and its position,
which is spatially relevant to the direction of pollutant distribution. Table 1 presents the coordinates and distances of
each settlement used as a monitoring point.

Table 1. Receptor location (settlement coordinate point)

No. Information Longitude (X) Latitude (Y) Distance (m)
1 Bagaman Citramas Housing 103.918621 1.070897 500
2 Scissors Old Village 103.918552 1.063909 1000
3 Pluto Housing 103.920678 1.057915 1500
4 Ayana Central Housing 103.914905 1.056549 2000
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2.2 Research Procedure
The Low Volume Air Sampler was used as the PM2.5 particle concentration measuring device. The Low Volume

Air Sampler device was equipped with a 47 mm diameter filter, using a Teflon or quartz filter. The filter was
pre-conditioned through the drying process and weighed first using an analytical scale. The tool was placed in a
representative location at a height of 1.5–3 m above ground level. The airflow rate was set to about 16.7 L/min and
allowed to suck in air for 24 hours. After the sampling period, the filter is removed, reconditioned, and reweighed.
The PM2.5 concentration was calculated based on the difference in filter mass before and after sampling, as well as
the volume of filtered air, expressed in µg/Nm3.

Monitoring of SO2, NO2, O2, and CO gases using Sibata brand impinger pump/air sampling type tools: prepared
an impinger containing reservoir solution according to the gas type: SO2: a solution of hydrogen peroxide (H2O2)
and NO2 was used. NaOH + Na2AsO3 solution. CO: iodine pentoxide (I2O5) solution, or potassium iodide solution.
The impinger was connected to an air pump (Sibata) and a flowmeter, and the flow rate was calibrated at a speed
between 1 and 2 L/min. Sample collection: The tool was placed in a representative location, and the pump was turned
on for 30 minutes to 1 hour. Make sure that the volume of the inhaled air was well measured (using a rotameter
or flowmeter). The retaining solution was then stored in a dark bottle and labeled. SO2 was analyzed using the
pararosaniline method and measured using a spectrophotometer at a wavelength of 548 nm. NO2 was analyzed using
the Saltzman method and measured using a spectrophotometer at a wavelength of 540 nm. CO was analyzed using
non-dispersive infrared (NDIR) or colorimetry methods, if available. The concentration was calculated based on the
air volume of the sample and the amount of dissolved gases in the solution. The results were expressed in µg/Nm3 or
ppm, as per the requirements of the analysis.

2.3 Receptor Locations and Segments
This study uses several receptor points that represent residential areas around the research area. The location of

the receptor is selected based on its distance from the emission source and its geographical position. Table 1 shows
the coordinate and distance data of each settlement used as a receptor point.

2.4 Data Processing
Data processing was carried out to analyze the spatial distribution of PM2.5, SO2, NO2, CO, and Pb concentrations

using the AERMOD.
The model simulates the dispersion of pollutants by combining meteorological parameters, emission characteristics,

and local topographic conditions. To evaluate the reliability of the results of the AERMOD simulation, statistical
validation was carried out by comparing the modeled concentrations with field measurement data using the
determination coefficient (R2). R2 indicates the proportion of variance in the observed data that can be explained by
model simulations and is commonly used to assess the performance of air dispersion models in accordance with U.S.
EPA guidelines.

R2 is calculated using the following formula:

R2 = 1−
∑

(Oi − Pi)
2∑(

Oi − Ō
)2

where, Oi is the observed concentration obtained from field measurements, Pi is the concentration of pollutants
predicted by the AERMOD model, and Ō is the average value of the observed concentration. An R2 value of ≥0.7
indicates good model performance and an acceptable agreement between the simulated and observed data, in line
with the U.S. EPA air quality modeling evaluation criteria.

In addition to the analysis of air quality concentrations, health risk assessments were carried out using the HQ
approach to evaluate the risk of non-carcinogenic inhalation at each receptor site. The HQ value is calculated by
comparing the observed pollutant concentration with the regulatory reference concentration based on Government
Regulation No. 22 of 2021. For PM2.5, the annual mean standard of 15 µg/Nm3 as stipulated in PP No. 22 of
2021 Appendix VII was applied as the reference concentration for health risk classification, consistent with the
measurement period of this study which represents an annual exposure estimate. For all other parameters (SO2, NO2,
CO, and Pb), the corresponding national ambient air quality standards (Nilai Ambang Batas, NAB) values per PP No.
22 of 2021 were applied as reference concentrations for HQ calculation.

Furthermore, spatial risk mapping was performed by overlaying HQ values with pollutant dispersion maps to
identify areas with elevated health risk. This integrated approach enables a more comprehensive assessment of
population exposure across the study area.

Comparative analysis across pollutant types highlights the different spatial dispersion characteristics between
particulate and gaseous emissions. PM2.5 exhibits wider and more persistent exposure zones than SO2, NO2, and CO,
reflecting its emission sources and atmospheric behavior in coastal industrial environments. PM2.5, which is mainly

801



derived from sandblasting and combustion processes, demonstrates prolonged suspension in the atmosphere due to
its fine particle size, whereas CO undergoes relatively rapid dilution, resulting in lower spatial exposure intensities.
This contrast underscores that pollutant concentrations alone do not fully represent environmental risks, as spatial
distribution patterns and duration of exposure play an equally important role in determining health-related impacts.

3 Results and Discussion
3.1 Model Validation Results for Multiple Pollutants

The model validation results for multiple pollutants are presented in Figure 2, which illustrates the measured air
pollutant concentrations at varying distances from emission sources compared to the NAB. Based on the modeling
results, emissions from the shipyard industrial source exerted varied effects on ambient concentration levels. The
most significant contributions were observed for PM2.5, which exhibited the highest concentrations across all receptor
distances, particularly within a radius of 0–500 m from the emission source. Pb concentrations remained relatively
constant across distances, reflecting the stable physicochemical characteristics of lead during atmospheric transport.
In contrast, for SO2, NO2, and CO parameters, the contribution of industrial activities to ambient air quality was
relatively minimal, with all values remaining well below the NAB as stipulated in PP No. 22 of 2021. Overall, total
pollutant concentrations decreased consistently with increasing distance from the emission source, which reflects the
effectiveness of natural atmospheric dispersion processes.

Figure 2. Measured air pollutant concentrations at varying distances from emission sources compared to national
ambient air quality standards (Nilai Ambang Batas, NAB)

3.2 Air Quality Parameters
The measurement of air quality concentration is carried out based on the distance from the main emission sources

in the shipyard industrial area. The parameters measured will include PM2.5, SO2, NO2, CO, and Pb, and they with
the threshold values set in Government Regulation No. 22 of 2021. The average concentrations of each parameter at
various observation distances are listed in Table 2.
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Table 2. The average value and its category for each parameter

Parameter (unit) Distance (m) NAB Category
0–500 500–1000 1000–1500 1500–2000

PM2.5 (µg/m³) 45 35 25 18 15 High
SO2 (ppb) 40 30 20 15 57 Safe
NO2 (ppb) 50 40 30 25 106 Safe
CO (ppm) 3 2.5 2 1.5 8.7 Safe
Pb (µg/m3) 0.25 0.2 0.15 0.1 2 Safe

Note: NAB, national ambient air quality standards, Nilai Ambang Batas.

As shown in Figure 2 and Table 2, the highest PM2.5 concentration was detected at a distance of 0–500 m of
45 µg/m3, which gradually decreased to 18 µg/m3 at a distance of 1500–2000 m. This value exceeds the annual
NAB of 15 µg/m3 (PP No. 22 of 2021), so it is categorized as high, indicating potential health hazards, especially for
vulnerable groups. Furthermore, the SO2 concentration was recorded at 40 ppb at the nearest distance and decreased
to 15 ppb at the farthest distance. However, all of these values are below the NAB of 57 ppb (equivalent to 150 µg/m3

per PP No. 22 of 2021); therefore, they are categorized as safe.
The decrease in the concentration of pollutants observed with increasing distances from emission sources shows

a clear spatial gradient consistent with the theory of atmospheric dispersion. Pollutants emitted from shipyard
activities show the highest concentrations in the range of nearby receptors (0–500 m) and are gradually reduced
over longer distances due to dilution and dispersion by wind and atmospheric turbulence. Among the measured
parameters, PM2.5 showed the most prominent spatial persistence compared to gaseous pollutants, indicating higher
accumulation potential in nearby residential areas. These findings suggest that differences in pollutant behavior are
strongly influenced by their physical and chemical properties, especially particle size and atmospheric residence time,
which regulate dispersion efficiency and exposure patterns around industrial sources.

3.3 Air Quality Distribution (PM2.5, SO2, NO2, CO, Pb)
The distribution of air quality around the shipyard industrial area in Batam City used PM2.5, SO2, NO2, CO, and

Pb. Analysis was carried out using the spatial interpolation method based on direct concentration measurements
in the field. These mapping results provide a visual overview of areas with different levels of pollutant exposure,
allowing us to determine which locations have the highest concentrations of pollutants.
3.3.1 Concentration distribution modeling PM2.5

Figure 3 shows the distribution of PM2.5 concentrations in Batam City based on the results of spatial measurements
and interpolation. This map shows the areas with the highest levels of exposure, which are generally around industrial
areas. The results of the analysis of the spatial distribution of air quality in the area around the shipyard industry in
Batam City. The parameters of the pollutants analyzed included PM2.5, SO2, NO2, CO, and Pb.

Figure 3. PM2.5 concentration distribution modeling
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Based on Figure 3, modeling the average distribution of PM2.5 concentrations for the period July to December
2024 shows the spatial pattern of air pollution in the shipyard industrial area of Batam City. Based on the results of
modeling using AERMOD, a maximum PM2.5 concentration value of 2.16 µg/m3 was obtained at coordinates 379885,
1186793, which is located in the center of shipbuilding industrial activities. The zone of high concentration (1.5–2.16
µg/m3) is indicated by the red and orange colors that spread to a radius of ±500 m from the source. The further away
from the emission point, PM2.5 concentrations show a gradual decline, characterized by green gradations (0.5–1.0
µg/m3) at a radius of 500–1000 m, and purple (<0.2 µg/m3) at a radius of more than 1500 m. This pattern shows that
PM2.5 pollution is concentrated in industrial areas and spreads radially, following the dominant wind direction and
local topographic conditions. On the map, four settlements were identified as being in the PM2.5-exposed zone.

Settlements within a radius of 1000 m are in zones with PM2.5 concentrations between 0.5–1.5 µg/m3. Although
this value is still relatively low based on national air quality standards, the presence of dense settlements near emission
sources increases the population’s vulnerability to long-term exposure, especially in at-risk groups such as children,
the elderly, and people with respiratory diseases. Referring to Government Regulation Number 22 of 2021 concerning
the Implementation of Environmental Protection and Management, the ambient air quality standard for PM2.5 is
set at 55 µg/m3 for the daily average and 15 µg/m3 for the annual average. Thus, the maximum value recorded in
the modelling (2.16 µg/m3) is still well below the permissible threshold, but referring to the environmental health
literature and World Health Organization (WHO) recommendations [4], No level of PM2.5 exposure is considered
completely safe, as even long-term exposure to low concentrations can have significant health impacts. In addition
to anthropogenic sources from industry, PM2.5 also comes from transportation activities, fossil fuel burning, and
household activities [10]. In shipyard industrial areas, such as Batam, sandblasting, painting, and burning diesel fuel
on large engines are the main contributors.

According to a study [8], PM2.5 is the most dangerous fraction of air particles due to its ability to penetrate
deep into the respiratory system and reach the lung alveoli due to its complex chemical composition. Heavy metals,
carbon black, and organic compounds make PM2.5 toxic and contribute significantly to the global burden of disease,
especially heart disease, stroke, and chronic lung disorders. Fine particles of PM2.5 can enter the lung alveoli,
triggering airway inflammation (bronchitis, asthma), decreased lung function, chronic obstructive pulmonary disease,
cardiovascular disorders, and long-term carcinogenic potential [11].

Previous research has shown that people and workers living around industrial estates have a higher susceptibility
to lung disorders. Studies [12, 13] have reported increased respiratory health risks associated with particulate air
pollution exposure. Previous evidence has also demonstrated that long-term exposure to PM2.5 is associated with
impaired lung function and adverse respiratory outcomes [13]. The study found that bricklayers in Taktakan District,
Serang, who were exposed to PM2.5 experienced significant impaired lung function. Similar findings were reported
by study [5] in the Gresik industrial area, where people living within a radius of 1 km from the cement industry
showed an increase in the prevalence of respiratory disorders. Meanwhile, in China, it was reported that high PM2.5

exposure in densely populated industrial areas was strongly correlated with increased hospitalizations due to chronic
lung disease [14].

In contrast to these findings, this study shows that PM2.5 concentrations around the shipyard industry are still
relatively low, with a maximum value of 2.16 µg/m3, well below the threshold and concentration reported in previous
studies (above 15 µg/m3). This shows that although shipbuilding industry activities contribute to PM2.5 emissions, the
scale has not yet reached the acute levels of pollution that occur in the petrochemical and brick industries. However,
long-term exposure still needs to be monitored, given the cumulative nature of PM2.5, which has a long-term impact
on lung health. Although the modelling results show that the concentration of PM2.5 around the shipyard industry is
still below the national quality standard, and the existence of densely populated settlements within a radius of less
than 1000 meters (Kampung Tua Cunting) requires special attention. These areas are inhabited by vulnerable groups,
such as children, the elderly, and individuals with chronic diseases, who are more sensitive to exposure to pollutants.

The Spatial distribution of modeled air pollutant concentrations generated using the AERMOD dispersion model
around the shipyard area (Figure 3). The contour map depicts high, medium, and low exposure zones, with the
highest concentrations observed near industrial emission sources, gradually declining outward. Receptor points and
surrounding residential areas are layered to visualize potential population exposure and risk zones. This integrated
map supports the assessment of pollutant dispersion patterns influenced by meteorological characteristics and local
land use.
3.3.2 Concentration distribution modeling SO2

Figure 4 presents the spatial distribution of SO2 concentrations in a more visual way, making it easier to identify
the areas with the highest levels of exposure. This information is important for decision-making in air pollution
control.

Figure 4 shows a map of the distribution of SO2 concentrations, which is the result of modeling using internationally
recognized AERMOD software to predict the dispersion of air pollutants. This map depicts the spatial distribution of
SO2 derived from shipyard industry activities in Batam City from June to December 2024. The SO2 concentration in
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the map is shown in parts per billion (ppb) with a color gradation depicting the intensity concentration from blue
(lowest) to red (highest). The maximum concentration detected was 4.1 × 10−3 ppb, located at coordinates 379393.27
(X), 119173.36 (Y). This point is located less than 500 m from the center of industrial activity.

Figure 4. Concentration distribution modeling SO2

Spatial analysis of SO2 distribution showed a pattern of high concentrations around shipyard industrial estates,
especially within a radius of 500–1000 m from emission sources. The red and orange colors on the map indicate
zones with relatively high pollution levels that gradually decrease to yellow, green, and blue as the distance increases.
This condition reflects the significant influence of industrial activities on the air quality in the surrounding area.
The dispersion pattern tends to follow the dominant wind direction and local meteorological conditions, which are
influenced by the topographic shape and structure of industrial buildings in the area.

The impact on settlements from the results of SO2 distribution modeling shows that there are four main settlements
within a radius of up to 2000 m from the shipbuilding industrial emission center that have the potential to be exposed
to air pollution. The nearest settlement to the source of emissions is Renggam Citra Mas, which is located within a
radius of approximately 500 m. This area is in the red to orange zone on the map, which reflects the highest SO2

concentration. This suggests that people in the region face very high levels of exposure and the greatest health risks
compared to other regions. In addition, Kampung Tua Cunting is located within a radius of approximately 1000
m from the source point. These areas are classified as orange to yellow zones, indicating high levels of exposure,
although not as high as the closer areas. People in these areas are still at risk of being affected by long-term exposure,
especially vulnerable groups such as children, the elderly, and those with asthma.

At a further radius of about 1500 m, there is the Pluto Residence. Based on the map, this area is in the
greenish-yellow zone; Thus, the level of exposure can be categorized as moderate. Although lower than the previous
two areas, the risk to health still needs to be considered, especially if exposure is continuous, while the farthest
settlement that is still included in the zone of influence is the Ayana Tengah Public Housing located within a radius of
2000 m from the emission center.

The region is classified as a green zone on the map, reflecting a low level of exposure; However, the overall
potential of pollutants in the long term remains a relevant issue for further study, especially if there are meteorological
factors that slow the spread of clean air in the area. Overall, the order of exposure level from highest to lowest is
Renggam Citra Mas, Kampung Tua Cunting, Pluto Housing, and Raya Ayana Pusat. This sequence is consistent with
the distribution pattern of SO2 concentrations, which are spread from industrial points as the main source of pollutants.
The SO2 concentration on the map is below the WHO daily threshold (20 µg/m3 or ±7.6 ppb), but the cumulative
and chronic nature of long-term exposure still poses a health risk that needs to be monitored [4]. In addition to its
health impacts, SO2 contributes to environmental pollution through the formation of acid rain, vegetation damage,
soil quality degradation, and water pollution due to the deposition of compounds.

These results are supported by various previous studies that have linked residential distances to industrial emission
sources and their impact on health. A study conducted in the Tanjung Uncang Batam shipyard industrial estate found
that the concentration of SO2 and particulate matter in the air around settlements within a radius of 1 km was above
the national air quality standard threshold.

The study also reported an increase in respiratory complaints, such as chronic cough and shortness of breath,
in exposed groups. The research [15] using the EMEP/EEA method found that industrial locations, including
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shipyards, are the main source of SOx emissions (including SO2) in Batam based on the validity of the assumption
that SO2 comes from large industrial activities. From the theoretical approach and the results of the study, it can be
explained that people who live within a radius of 500–1000 m from the shipyard are at the highest risk of health
impacts due to SO2 exposure. This pattern is in accordance with the basic principle of air pollution theory, that the
intensity of exposure decreases as the distance from the source increases [16]. The results of the modeling and from
previous research show that the order of exposure level from highest to lowest is Renggam Citra Mas, Kampung
Tua Cunting, Pluto Housing, and Raya Ayana Pusat. This sequence is consistent with the principle of dispersion of
pollutants distributed from the emission center, and the intensity decreases as the distance increases. The results of
this study emphasize the importance of spatial planning and environmental supervision of industrial estates adjacent
to settlements.

The spatial distribution of SO2 concentrations was modeled using the AERMOD dispersion system in the shipyard
area. The green contour lines represent zones where exposure to pollutants is minimal, expand outward from the
emission source, and is influenced by local wind direction and land use patterns. The integration of receptor locations
and residential areas allows for a clearer assessment of areas with negligible air pollution risks compared to the higher
exposure zones presented in the previous figure.
3.3.3 Concentration distribution modeling NO2

Figure 5 shows the distribution of NO2 concentration in Batam City based on the results of measurements and
spatial interpolation. This map shows the areas with the highest levels of exposure, which are generally around
industrial areas.

Figure 5. Concentration distribution modeling NO2

The distribution map of NO2 concentration below illustrates the spatial distribution of air quality in Batam City,
especially around the shipyard industrial area. Data were obtained based on the results of field measurements and
processed using spatial interpolation techniques to visualize the distribution pattern of NO2 exposure. The colors
on the map show a concentration gradient, where the red and orange areas mark the highest concentration, and the
blue to purple areas indicate the lowest concentration. The highest concentrations were detected at points adjacent to
industrial activities, indicating a significant influence from local emission sources. This information is important to
understand the relationship between the intensity of industrial activities and potential health risks to the surrounding
community.

Of the four settlement sites within a radius of ≤1000 m, NO2 concentrations ranging from 25–40 ppb were in
bright yellow and green areas, while settlements located in a radius of >1500 m showed relatively lower concentration
values (<15 ppb), corresponding to the blue and purple color zones. The spatial distribution of NO2 concentrations
shown in the map is in line with the Gaussian Plume Model applied in the AERMOD simulation, which explains that
the dispersion of pollutants follows a symmetrical bell-shaped curve, with the highest concentrations occurring at
the central point of the emission source and decreasing exponentially in all directions according to prevailing wind
patterns and other meteorological factors [16]. The application of AERMOD, which combines local meteorological
parameters such as wind direction, temperature, and atmospheric stability [17]. According to the Regulation of the
Minister of Environment and Forestry No. 14 of 2020, the annual ambient air quality standard for NO2 is 53 ppb.
Although the maximum values obtained in this study remained below this limit, continuous exposure in the range of
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30–44 ppb has been associated with an increased risk of respiratory distress. Additionally, long-term exposure to
NO2 concentrations of 40 ppb or higher can adversely affect lung function, especially in vulnerable groups such as
children, the elderly, and individuals with asthma [4].

The results of this study are strengthened by previous research; This study is in line with several previous study [17]
that found concentrations of 35–47 ppb in shipyard areas in Semarang, especially in the dry season. According to the
WHO [4], the main source of NO2 exposure in the surrounding environment comes from the imperfect process of
burning fossil fuels, NO2 is one of the major polluting gases that belongs to the group of primary pollutants and at the
same time is a precursor to secondary pollutants such as troposphere ozone and secondary particulate matter in the
context of air pollution theories about the source of NO2 exposure is important to explain the origin and dynamics
of its existence in the atmosphere, anthropogenic sources are the largest contributor to NO2 emissions, especially
from industrial and transportation activities, including anthropogenic sources are the largest contributors to NO2

emissions, especially from industrial and transportation activities including motor vehicle emissions, especially those
using diesel and gasoline engines generates NO2 through the oxidation reaction of nitrogen in the air during the
combustion process. Heavy industries, including shipyards produce NO2 from various processes such as the operation
of diesel-fueled generator sets on sandblasting and welding activities that heat metals and the combustion process of
paints and solvents that produce NO2 as an initial product that oxidizes into NO2 in the atmosphere. The main factor
causing high NO2 concentrations is the burning of fossil fuels from heavy equipment and industrial processes such as
sandblasting, as described in a study [4].

Long-term exposure to NO2 above 40 ppb may increase the risk of lung disease, especially in children and the
elderly, as research conducted by Guo et al. [18] and Li et al. [19] also supported a correlation between NO2 exposure
and decreased lung function. These results corroborated that the maximum concentration of 44.2 ppb found in this
study requires serious attention, although it is still below the national threshold. From an environmental health
perspective, the WHO long-term exposure threshold for NO2 is 10 µg/m3 or the equivalent of ±5.3 ppb. Values on the
map that exceed this threshold indicate that the region is in an unsafe zone and that people living in these zones are at
risk of developing chronic respiratory diseases, such as asthma, chronic bronchitis, and decreased lung capacity [4].
3.3.4 Modeling the distribution of CO concentrations

The following modeling (Figure 6) shows the distribution of CO concentrations in Batam City based on the results
of spatial and interpolation measurements, which reflect the dispersion pattern of pollutants from the main emission
sources in the industrial area. The map shows that the areas with the highest levels of CO exposure are generally
located around industrial areas, in line with the results of dispersion modelling using AERMOD software that takes
into account the characteristics of emission sources and local meteorological conditions. Based on the Regulation
of the Minister of Environment and Forestry Number P.14/MENLHK/SETJEN/KUM.1/7/2017 concerning the Air
Pollutant Standard Index, the carbon monoxide threshold for 8 hours of exposure is set at 10,000 µg/m3 (equivalent to
±8.7 ppm). The modeling results show that the maximum concentration of CO only reaches 16.9 ppb (±0.015 ppm),
so it is still far below the national quality standard.

Figure 6. Modeling the distribution of CO concentrations
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These findings are consistent with previous studies in industrial and coastal urban areas, which reported that CO
concentrations are generally below regulatory thresholds, especially when emission sources are dominated by open
industrial processes and transportation activities with relatively good levels of atmospheric dispersion. Previous
studies have also shown that although CO concentrations are often low in absolute terms, their spatial distribution
follows proximity to the emission source and is significantly influenced by wind direction and speed. Several
AERMOD-based studies in heavy industrial estates and shipyards reported a similar pattern, where CO is diluted
relatively faster than particulate pollutants, resulting in a slower concentration gradient as distance from the source
increases.

Nevertheless, as reported in the literature, low concentration values do not necessarily negate health risks,
especially in the context of long-term and cumulative exposure to populations living around industrial estates.

Exposure to chronic CO at low levels has been associated with impaired cardiovascular function and decreased
blood oxygenation capacity, particularly in vulnerable groups such as children, the elderly, and individuals with
respiratory or heart disease. Therefore, although the CO concentrations of these modeling results are well below
quality standards, the integration of spatial analysis with health risk assessment is still necessary to understand the
long-term implications of exposure in coastal urban industrial areas such as Batam City.

In addition, Government Regulation No. 22 of 2021 concerning the Implementation of Environmental Protection
and Management highlights the importance of continuous air quality monitoring, especially in industrial estates near
residential areas. Although CO concentrations have not exceeded established quality standards, the data suggest the
need for strict precautions and monitoring to avoid potential increased emissions. Several previous studies have
supported the importance of controlling air pollution from industrial activities. Previous studies have reported that air
pollutant concentrations and their potential health impacts are influenced by proximity to emission sources as well as
meteorological conditions that affect atmospheric dispersion and transport [20, 21]. These findings reinforce the fact
that industrial activities, including shipyard operations, can elevate surrounding air pollutant concentrations and pose
potential environmental risks; therefore, effective emission monitoring and control strategies are essential.

Figure 6 presents an environmental risk zoning map illustrating the distribution of air pollutant exposure levels in
shipyard areas based on AERMOD dispersion modeling. The map depicts three risk categories: high, medium, and
low risk, represented by red, orange, and green zones, respectively. These zones reflect the concentration gradient of
pollutants originating from emission sources and are formed by local meteorological and topographic conditions.
The integration of receptor points and residential areas provides a clear visualization of communities located within
high-exposure zones, especially those located within or near high-risk contours. The map serves as a comprehensive
tool for identifying priority areas for mitigation, air quality monitoring, and environmental health risk assessment.
3.3.5 Pb concentration distribution modeling

Figure 7 presents the spatial distribution of Pb concentration in Batam City derived from the results of measurement
and interpolation. The map highlights the zones with the highest levels of exposure, especially in industrial areas.

Figure 7. Concentration distribution modeling Pb
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Based on Figure 7 of the distribution of Pb concentration modeling from AERMOD, it can be seen that the
maximum value of Pb concentration reaches 2.16 µg/m3 which is located at the coordinates (379885.29, 1186797.63),
the area with the highest concentration is within a radius of less than 500 m from the source point, namely the shipyard
industrial area which is strongly suspected to be the main source of lead emissions. The distribution pattern shows a
configuration that conforms to the Gaussian blob dispersion principle, where the highest concentration is present
around the source point and then decreases radially as the distance from the emission source increases. According to
this theory, the distribution of pollutants in the atmosphere is strongly influenced by meteorological conditions (wind
direction and speed), source characteristics (chimney height and emission rate), and local topography [22].

The map also shows the location of settlements within the radius of settlement distribution within a radius of
<1000 m, such as Nagamas Citra Mas and Old Village Cunting, which are included in areas at high risk of exposure
to Pb. The results of this study corroborate the results of a study [23], which examined the dispersion of heavy
metal Pb in the Belawan Medan industrial estate, finding that the highest Pb concentration occurred within a radius
of 500–700 m from the source of emissions of the port industry, and the concentration decreased as the distance
from the source increased. The study also emphasizes that ship maintenance activities and the use of lead-based
anti-corrosion paints are major contributors to air pollution. The study [8] examined the impact of the shipbuilding
industry in Surabaya and found that the process of sandblasting and burning fossil fuels contributes significantly to
the accumulation of Pb and other heavy metals in the surrounding air, especially during the dry season when particles
are more easily suspended.

The distribution pattern of Pb concentrations in Batam, as depicted in this map, supports the previous results
and shows that shipyard activities are the main source of air pollution by heavy metals, and residential areas
within a radius of 0–1000 m are high-risk zones that require special attention in environmental and public health
management. Therefore, integrated and ongoing mitigation efforts are needed to address this issue. The strategy
involves implementing emission control technologies in industrial sources, strengthening environmental regulations
and monitoring, establishing buffer zones between industrial and residential estates, raising public awareness
of air pollution risks and self-protection measures, and conducting regular air quality monitoring with publicly
accessible results. Active cooperation between government, industry, academia, and society is essential to minimize
environmental risks and safeguard public health. This initiative is also in line with the principles of sustainable
development outlined in the Sustainable Development Goals (SDGs) and the Regulation of the Minister of Environment
and Forestry No. P.14/MENLHK/SETJEN/KUM.1/7/2017 on the environmental quality index.

These mitigation measures are also aligned with the SDGs, particularly SDG 3 (Good Health and Well-being),
which emphasizes ensuring healthy living and promoting well-being for people of all ages; SDG 11 (Sustainable
Cities and Communities), which focuses on the development of inclusive, safe, resilient, and sustainable urban areas;
and SDG 13 (Climate Action), which calls for an urgent response to climate change and its impacts. Furthermore, air
quality management is in accordance with national policies through the Regulation of the Minister of Environment
and Forestry No. P.14/MENLHK/SETJEN/KUM.1/7/2017 concerning the Environmental Quality Index, which serves
as a benchmark for assessing and improving environmental conditions at the regional level.

The resulting Environmental Risk Zoning uses AERMOD dispersion modeling to describe the spatial distribution
of pollutant exposure around the shipyard area. The map classifies environmental risks into high-risk (red), medium-
risk (orange), and low-risk (green) zones based on concentration gradients modeled from industrial emission sources.
These zones reflect the influence of meteorological patterns, dominant wind direction, and surrounding land-use
characteristics on the spread of pollutants. Overlays of receptor locations and residential areas allow for clear
identification of communities located within high-exposure zones, especially those closest to emission sources. These
maps provide an important basis for assessing potential health impacts, prioritizing mitigation measures, and guiding
environmental management in affected areas.
3.3.6 Hazard Quotient of air pollutants at different receptor distances

Based on the results of the HQ assessment (Table 3 and Table 4), PM2.5 showed the highest level of risk across
the receptor distance, with HQ values ranging from 1.20 to 3.00, indicating significant non-carcinogenic health risks,
especially in the 0–500 m zone. In contrast, NO2, SO2, CO, and Pb all showed HQ values of <1 across all receptor
distances, indicating that exposure to these pollutants remains within acceptable limits. Overall, PM2.5 was identified
as the dominant pollutant that contributed the most to increased health risks in this study area.

Therefore, mitigation strategies should focus on controlling PM2.5 as the primary pollutant through the application
of covers, replacement of abrasive materials, scheduling of operations with minimal public exposure, installation of
emission capture systems (local exhaust), and the implementation of regular air quality monitoring.

Table 5 presents the comparison between the PM2.5 concentration field measurement results and the AERMOD
simulation results, as well as the total emission load at various distances from the source. From the baseline, the
baseline concentration and the total concentration (Baseline + Emission Burden) tend to decrease as the distance from
the emission source increases.
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Table 3. Hazard Quotient (HQ) of air pollutants at different receptor distances

Pollutant Regulatory Standard
(PP No.22/2021)

Distance
(m) Observed Concentration HQ Risk Classification

PM2.5 (µg/m3) 15.0

0–500 45 3.00 High risk (HQ > 1)
500–1000 35 2.33 High risk
1000–1500 25 1.67 Moderate–High
1500–2000 18 1.20 Moderate

SO2 (ppb) 75

0–500 40 0.70 Acceptable
500–1000 30 0.53 Acceptable
1000–1500 20 0.35 Acceptable
1500–2000 15 0.26 Acceptable

NO2 (ppb) 50

0–500 50 1.00 Threshold
500–1000 40 0.80 Moderate
1000–1500 30 0.60 Low–Moderate
1500–2000 25 0.50 Low

CO (ppm) 9

0–500 3.0 0.33 Acceptable
500–1000 2.5 0.28 Acceptable
1000–1500 2.0 0.22 Acceptable
1500–2000 1.5 0.17 Acceptable

Pb (µg/m3) 0.5

0–500 0.25 0.13 Acceptable
500–1000 0.20 0.10 Acceptable
1000–1500 0.15 0.08 Acceptable
1500–2000 0.10 0.05 Acceptable

Table 4. Risk category (moderate Air Quality Index (AQI) based on Hazard Quotient (HQ))

Pollutant Distance (m) HQ Risk Category (Moderate AQI)

PM2.5 (µg/m3)

0–500 3.00 High risk
500–1000 2.33 High risk
1000–1500 1.67 High risk
1500–2000 1.20 High risk

SO2 (ppb)

0–500 0.70 Acceptable
500–1000 0.53 Acceptable
1000–1500 0.35 Acceptable
1500–2000 0.26 Acceptable

NO2 (ppb)

0–500 0.47 Acceptable
500–1000 0.38 Acceptable
1000–1500 0.28 Acceptable
1500–2000 0.24 Acceptable

CO (ppm) All distances 0.1–0.33 Good
Pb (µg/m3) All distances 0.05–0.13 Acceptable

Table 5. Comparison of concentration of field measurement results and American Meteorological
Society/Environmental Protection Agency Regulatory Model (AERMOD) simulation results for PM2.5

Distance from
Source (m)

Baseline Concentration
(µg/m3)

AERMOD Simulation
Result (µg/m3)

Baseline + Emission
Load (µg/m3)

Difference
(Observed − Predicted)

500 45.17 3.47 48.64 41.70
1000 35.17 1.76 36.93 33.41
1500 25.33 0.242 25.57 25.09
2000 18.17 0.434 18.60 17.74

Average 30.46 1.47 32.44 29.00

At a distance of 500 m, the baseline concentration is 45.17 µg/m3, while at 2000 m, it decreases to 18.17 µg/m3.
The results of the AERMOD simulation showed a relatively low additional emission load compared to baseline
concentrations, ranging from 3.47 µg/m3 (at 500 m) to 0.434 µg/m3 (at 200 m). There is a significant difference
between observed and predicted values after the addition of the emission burden. This difference is greatest at 500
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m (41.70 µg/m3) and decreases with distance, suggesting that the prediction model may be less accurate at shorter
distances or that other conditions affect field measurements.

Table 6 shows the statistical validation between the observed field measurement results and the predicted AERMOD
simulation results for PM2.5, focusing on the difference squared value (O− P )2. Based on the calculation results, R2

= 0.95 was obtained, which indicates an excellent level of model conformity, as it conforms to the U.S. EPA criteria
(R2 ≥ 0.7) for a statistically valid air dispersion model. The validation results between PM2.5 concentrations from
field measurements and AERMOD simulations showed a determination coefficient R2 of 0.90. This value shows
that the AERMOD model is able to explain about 90% of the variation in actual measurement data, so it can be
categorized as having excellent predictive performance according to the U.S. EPA guidelines (R2 ≥ 0.7).

Table 6. Statistical validation between field measurement results and American Meteorological
Society/Environmental Protection Agency Regulatory Model (AERMOD) simulation for PM2.5

Distance from
Source (m)

Observed
(µg/m3)

Predicted
(µg/m3) (O − P )2 R2

500 45.17 3.47 1731.3 0.95
1000 35.17 1.76 1101.5 –
1500 25.33 0.242 632.7 –
2000 18.17 0.434 316.6 –

Average 30.46 1.47 – –
Note: A dash (–) denotes no data.

However, the value of R2 of 0.95 indicates a very strong linear relationship between the observed concentration
and the model’s predicted results. This high R2 value indicates that AERMOD is able to capture the spatial trend of
declining PM2.5 concentrations as distances from emission sources increase, although in absolute terms the model
still produces much lower concentration values.

The average PM2.5 concentration from field measurements was 30.46 µg/m3, while the average AERMOD
prediction result was only 1.47 µg/m3. This very striking difference indicates a systematic negative bias, where the
model consistently underestimates PM2.5 concentrations. This condition may be caused by several factors, including
limited emission factor data, simplification of emission source characteristics (e.g., representation of area or volume
sources), and failing to accommodate the contribution of other sources around the research site, such as traffic, port
activities, and domestic sources. Overall, these results suggest that AERMOD is reliable in representing the spatial
distribution pattern of PM2.5, but still has limitations in reproducing the absolute concentration in the field. Therefore,
it is necessary to improve input parameters and integrate more detailed field data so that the simulation results can
be closer to actual conditions, especially for the purpose of environmental risk assessment and air pollution control
policy making.

Table 7 shows the comparison between the baseline concentration, the results of the AERMOD simulation, and
the total concentration, which is the sum of the two, at various distances from the emission source. The results of the
analysis showed that the contribution of industrial emissions simulated using AERMOD to the concentration of SO2

in ambient air was very small compared to the background concentration value.

Table 7. Comparison of the concentration of field measurement results and American Meteorological
Society/Environmental Protection Agency Regulatory Model (AERMOD) simulation results for SO2

Distance from
Source (m)

Baseline Concentration
(µg/m3)

AERMOD Simulation
Result (µg/m3)

Baseline + Emission
Load (µg/m3)

Difference
(Observed − Predicted)

500 40 0.0018 40.0018 39.9982
1000 30.17 0.0015 30.1715 30.1685
1500 20.17 0.00002 20.17002 20.16998
2000 15.17 0.00005 15.17005 15.16995

Average 26.38 0.0018 26.38 26.00

At a distance of 500 m from the emission source, the background concentration was recorded at 40 µg/m3, while
the contribution of the AERMOD simulation results was only 0.0018 µg/m3. The addition of the emission load
results in a total concentration of 40.0018 µg/m3, which is practically no different from the background concentration.
The same pattern was also observed at a distance of 1000 m to 2000 m, where the value of the AERMOD simulation
results was in the range of 0.00002–0.0018 µg/m3 and provided a very small increase in total concentration.

The difference between observed concentrations and observed–predicted concentrations that remained high over
the entire observation distance indicated that the concentrations of PM2.5 measured in the field were dominated
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by background sources, not by the contribution of emissions from the modeled industrial sources. The average
background concentration was 26.38 µg/m3, while the contribution of the AERMOD simulation results was only
0.0018 µg/m3, so the average difference reached about 26.00 µg/m3.

These findings show that although AERMOD is able to simulate the dispersion of emissions from industrial
sources, the average background NO2 concentration is 36.29 µg/m3, while the average contribution of the AERMOD
simulation results is only 1.97 µg/m3, resulting in an average total concentration of 37.76 µg/m3. The average
difference between the observed concentration and the predicted result of 34.33 µg/m3 indicates that the contribution
of industrial emissions to ambient NO2 concentrations is relatively small compared to the pollutant load already
present in the environment.

These findings suggest that NO2 concentrations at the study site are most likely influenced by non-industrial
sources, such as motor vehicle traffic, port activities, and regional transportation, which are not fully covered by
the modeling scheme. Thus, although AERMOD is able to represent a pattern of decreasing industrial emission
contribution to distance from source, this model tends to produce lower absolute concentration values than field
measurements. Overall, the results in Table 8 confirm the importance of considering background concentrations and
multiple sources of emissions in the interpretation of NO2 modeling results. The integration between the results of
the AERMOD simulation and the background concentration provides a more realistic picture of ambient air quality
conditions as well as the relative role of industrial sources to NO2 pollution in the study area.

Table 8. Comparison of the concentration of field measurement results and American Meteorological
Society/Environmental Protection Agency Regulatory Model (AERMOD) simulation results for NO2

Distance from
Source (m)

Baseline Concentration
(µg/m3)

AERMOD Simulation
Result (µg/m3)

Baseline + Emission
Load (µg/m3)

Difference
(Observed − Predicted)

500 50 3.33 53.33 46.67
1000 40 1.84 41.84 38.16
1500 30 0.255 30.255 29.745
2000 25.17 0.439 25.609 24.731

Average 36.29 1.97 37.76 34.33

Table 8 presents a comparison between NO2 concentrations from field measurements, baseline concentrations,
and AERMOD simulation results at various distances from emission sources. The results of the analysis showed that
the ambient NO2 concentration in the study area was dominated by background concentrations, while the contribution
of emissions from the modeled industrial sources was relatively smaller, although it was still detected mainly at close
proximity to the source.

At a distance of 500 m, the background concentration was recorded at 50 µg/m3, while the AERMOD simulation
result was 3.33 µg/m3, so the total concentration increased to 53.33 µg/m3. The contribution of industrial emissions
at this distance is about 6%–7% of the background concentration, suggesting that the influence of emission sources
is most pronounced in the near-field zone. However, as the distance from the source increases, the contribution of
AERMOD decreases significantly due to the process of atmospheric dispersion, which is 1.84 µg/m3 at a distance of
1000 m and less than 0.5 µg/m3 at a distance of ≥1500 m.

Table 9 presents the statistical validation between the field measurement results (Observed) and the simulation
results (Predicted) for NO2 at the same distance. The results of the calculation of the R2 value for NO2 concentration
showed that the AERMOD model was not able to adequately represent the field conditions. The R2 value obtained is
0.94; the R2 value of 0.94 indicates that approximately 94% of the observed NO2 concentration variation can be
explained by the results of the AERMOD simulation. This indicates a very strong linear relationship between the
NO2 concentration of field measurements and the modeling results of the distance from the emission source.

Table 9. Statistical validation between field measurement results and American Meteorological
Society/Environmental Protection Agency Regulatory Model (AERMOD) simulation for NO2

Distance from
Source (m)

Observed
(µg/m3)

Predicted
(µg/m3) (O − P )2 R2

500 50 3.33 46.67 0.94
1000 40 1.84 38.16 –
1500 30 0.255 29.745 –
2000 25.17 0.439 24.731 –

Average 36.29 1.97 – –
Note: A dash (–) denotes no data.
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Nevertheless, despite the high R2 value, the results of the AERMOD simulation still show a considerable
underestimation of the absolute NO2 concentration, especially at close proximity to the source. This condition
confirms that AERMOD is able to represent the spatial pattern of NO2 distribution, but still has limitations in
predicting the actual concentration in the field.

Table 10 presents a comparison between CO concentrations from field measurements and AERMOD simulation
results at four receptor distances. The baseline concentration decreased consistently with increasing distance from
the emission source, ranging from 3.05 µg/m3 at 500 m to 1.52 µg/m3 at 2000 m, with an average of 2.285 µg/m3.
The AERMOD simulation results were generally lower than the field measurements, ranging from 3.19 µg/m3 at
500 m to 0.445 µg/m3 at 2000 m, with an average of 1.372 µg/m3. The total concentration (Baseline + Emission
Load) ranged from 6.24 µg/m3 at 500 m to 1.965 µg/m3 at 2000 m, with an average of 3.657 µg/m3. The difference
between observed and predicted values (Observed − Predicted) was -0.14 at 500 m, indicating slight overestimation
by the model at this distance, while positive differences of 0.96, 1.76, and 1.07 were recorded at 1000, 1500, and 2000
m respectively, suggesting underestimation at greater distances. The largest discrepancy occurred at 1500 m (1.76
µg/m3), which represents the point of greatest deviation between model prediction and field measurement.

Table 10. Comparison of the concentration of field measurement results and American Meteorological
Society/Environmental Protection Agency Regulatory Model (AERMOD) simulation results for CO

Distance from
Source (m)

Baseline Concentration
(µg/m3)

AERMOD Simulation
Result (µg/m3)

Baseline + Emission
Load (µg/m3)

Difference
(Observed − Predicted)

500 3.05 3.19 6.24 -0.14
1000 2.55 1.59 4.14 0.96
1500 2.02 0.261 2.281 1.76
2000 1.52 0.445 1.965 1.07

Average 2.285 1.372 3.657 0.91

Table 11 shows the comparisons between CO concentrations from field measurements and AERMOD predictions
show that models tend to estimate lower values than observations, especially at distances of 1500 and 2000 m.
However, the pattern of concentration decline as distance from sources increased remained consistent across both
datasets, suggesting that AERMOD was able to represent pollutant dispersion trends well. The square value of the
(O − P )2 difference indicates the degree of deviation of the model, with the highest value at a distance of 1500 m,
which is the point with the greatest difference between the prediction and the measurement.

Table 11. Statistical validation between field measurement results and American Meteorological
Society/Environmental Protection Agency Regulatory Model (AERMOD) simulation for CO

Distance from
Source (m)

Observed
(µg/m3)

Predicted
(µg/m3) (O − P )2 R2

500 3.05 3.19 0.0196 0.84
1000 2.55 1.59 0.8836 –
1500 2.02 0.261 3.0820 –
2000 1.52 0.445 1.1540 –

Average – – 1.285 –
Note: A dash (–) denotes no data.

The value R2 = 0.84 indicates that approximately 84% of the variation in CO concentration results from field
measurements can be explained by the results of the AERMOD simulation. Based on model evaluation practices that
refer to the U.S. EPA and supporting literature, these values fall into the category of excellent relationships.

These results indicate that AERMOD is very capable of representing the spatial pattern of CO distribution at
distances from the emission source. Compared to the other pollutants in the study, CO showed the most consistent
model performance, characterized by relatively small (O − P )2 values at close quarters as well as high R2 values.
Despite the increase in the difference in medium to long distances, the value of R2 = 0.84 showed a very strong
linear relationship between the CO concentration measured and the AERMOD simulation results. This high R2

value indicates that AERMOD is able to consistently capture the spatial pattern of declining CO concentrations over
distances from emission sources.

Table 12 presents a comparison between the Pb concentration from field measurements at various distances
with the reference values set in Government Regulation Number 22 of 2021. In general, Pb concentrations show a
decreasing pattern as the distance from the emission source increases. At a distance of 500 meters, the concentration
of Pb was recorded at 0.25 µg/m3, then decreased to 0.20 µg/m3 at 1000 meters, 0.15 µg/m3 at 1500 meters, and
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reached a low value of 0.10 µg/m3 at a distance of 2000 meters from the source. When compared to the national
quality standard of 0.50 µg/m3, all measurement results were well below the reference value. This can be seen from
the negative difference between the observed concentration and the predicted/reference value, which ranges from
-0.40 to -0.25 µg/m3. These results show that despite industrial activity around the monitoring site, the Pb load in the
surrounding air is still at a relatively safe level and does not exceed the maximum permissible limit value. When the
base value is combined with the baseline value (Baseline + Emission Load), it can be seen that the highest theoretical
concentration is 0.75 µg/m3 at a distance of 500 meters, and the lowest is 0.60 µg/m3 at 2000 meters. Although this
value only illustrates the potential for increased pollutant loads, the table shows that the contribution of emissions
from sources still needs to be further analyzed to understand their potential for ambient air quality.

Table 12. Comparison of the concentration of field measurement results and American Meteorological
Society/Environmental Protection Agency Regulatory Model (AERMOD) simulation results for Pb

Distance from
Source (m)

Baseline Concentration
(µg/m3)

AERMOD Simulation
Result (µg/m3)

Baseline + Emission
Load (µg/m3)

Difference
(Observed − Predicted)

500 0.25 0.50 0.75 -0.25
1000 0.20 0.50 0.70 -0.30
1500 0.15 0.50 0.65 -0.35
2000 0.10 0.50 0.60 -0.40

Average 0.175 0.50 0.675 -0.33

Table 13 presents the results of statistical validation between the Pb concentrations of field measurements and the
results of AERMOD simulations at various distances from emission sources. In general, the results of the analysis
show a very good degree of compatibility between the observed value and the prediction result, both in terms of
concentration and spatial distribution pattern.

Table 13. Statistical validation between field measurement results and American Meteorological
Society/Environmental Protection Agency Regulatory Model (AERMOD) simulation for Pb

Distance from
Source (m)

Observed
(µg/m3)

Predicted
(µg/m3) (O − P )2 R2

500 0.25 0.30 0.0025 0.94
1000 0.20 0.18 0.0004 –
1500 0.15 0.12 0.0009 –
2000 0.10 0.08 0.0004 –

Average – – 0.00105 –
Note: A dash (–) denotes no data.

At a distance of 500 m, the Pb concentration was observed to be 0.25 µg/m3, while the AERMOD simulation
results were 0.30 µg/m3, with a very small value (O−P )2 (0.0025). A similar pattern of conformity was also seen at
distances of 1000 m to 2000 m, where values (O − P )2 were in the range of 0.0004–0.0009. This low squared error
value indicates that the deviation between the measurement results and the simulation results is relatively minimal
over the entire observation distance.

The mean value (O − P )2 of 0.00105 reflects a very low overall CO prediction error rate. In addition, the value
of R2 = 0.94 indicates a very strong linear relationship between the Pb concentration of the field measurements
and the results of the AERMOD simulation. This shows that AERMOD is not only able to capture the downward
trend of Pb concentrations relative to the distance from the emission source, but also quite accurately represents the
absolute concentration amount. Compared to other pollutants analyzed in this study, such as PM2.5, SO2, and NO2,
AERMOD’s performance in modeling Pb is classified as the most consistent and reliable. This is likely due to the
relatively stable characteristics of Pb emissions as well as the dispersion process in the atmosphere, which is more in
line with the basic assumptions of the AERMOD model.

Overall, the results in Table 13 confirm that AERMOD has an excellent performance in modeling Pb concentrations
in the study area, making it reliable for the evaluation of the spatial distribution and contribution of Pb emissions from
industrial sources.

The results of AERMOD’s performance evaluation showed that there was a clear difference in performance
between pollutants, both in terms of absolute value conformity and prediction error rate. For Pb, the model showed the
best performance, characterized by a very low error value and a high coefficient of determination (R2 = 0.84–0.94),
which indicates that AERMOD is able to accurately represent both spatial patterns andPb concentration quantities.
In contrast, for PM2.5, SO2, and NO2, although the R2 value was also high (>0.90) and showed a strong spatial

814



distribution pattern, the simulation results consistently underestimated the absolute concentration compared to field
measurements.

The inconsistency of the model’s performance between pollutants suggests that AERMOD’s main limitation in this
study lies not in the model’s ability to capture dispersion trends, but rather in the parameterization of emission sources
and the dominance of different background concentrations for each pollutant. PM2.5 and NO2 are strongly influenced
by non-industrial sources such as regional traffic and transportation, while SO2 shows high sensitivity to the accuracy
of emission factors and source characteristics. Thus, differences in model performance reflect the physical–chemical
characteristics of pollutants and the complexity of emission sources, rather than general model failures. These findings
confirm that the evaluation of AERMOD’s performance needs to be carried out on a pollutant-specific basis, as well as
integrating background concentrations and multiple emission sources to obtain a more accurate and fair interpretation
of the model’s performance.

Although some pollutants remain below regulatory concentration thresholds, HQ analysis shows that PM2.5 poses
a significant non-carcinogenic health risk, with HQ values exceeding unity at all receptor distances. These results
illustrate that health risks are not only determined by adherence to ambient air quality standards, but also by cumulative
exposure and toxicological sensitivity. PM2.5 exhibits a disproportionate health risk due to its ability to penetrate
deep into the respiratory tract, even at relatively low environmental concentrations. In contrast, SO2, CO, and Pb
present acceptable HQ values, while NO2 approaches the risk threshold level at closer distances, indicating potential
concern for sensitive populations. These findings reinforce the need to integrate spatial exposure analysis with health
risk metrics to capture the full coverage of environmental health impacts in industrial coastal environments.

Overall, the integration of multi-pollutant spatial dispersion modeling with health risk assessment provides a
comprehensive framework for understanding the environmental impacts of shipbuilding industrial activities. By
simultaneously examining concentration gradients, spatial distribution patterns, and health risk indexes, the study
moves beyond purely technical evaluation of air quality and elucidates the spatial relationship between emission
sources and population exposure. These findings suggest that environmental risks are not only shaped by the level of
pollutant concentrations but also by spatial persistence, dispersion behavior, and proximity to residential receptors.
This integrated perspective offers applied insights that can be generalized to other coastal industrial estates with
similar emission characteristics, supporting more informed environmental management and public health protection
strategies.

4 Conclusion
This study provides strong empirical evidence that shipyard industrial activities in the coastal area of Batam City

have a significant effect on ambient air quality and non-carcinogenic health risks of the surrounding community. The
results of field measurements show a consistent spatial gradient, where the concentration of pollutants decreases as the
distance from the emission source increases. Among the pollutants studied, PM2.5 was identified as a major risk factor
because it exhibited a high relative concentration and a HQ value of >1 at the entire receptor distance, specifically
within a radius of 0–2000 m from the source. Meanwhile, NO2, SO2, CO, and Pb all fall within the acceptable risk
category across all receptor distances, indicating no significant non-carcinogenic health risk from these pollutants.

A comparison between the results of direct measurements and the AERMOD simulation shows that the model
is able to represent the spatial dispersion pattern and the downward trend of concentration at distances well, as
indicated by the high value of the determination coefficient (R2 > 0.84). However, the model systematically tends to
underestimate the absolute concentration amount, particularly for PM2.5, SO2, and NO2, which indicates a significant
influence of background concentrations as well as the contribution of non-industrial emission sources that have not
been fully accommodated in the model parameterization. Nonetheless, AERMOD’s strength in capturing spatial
distribution patterns makes it reliable for region-based exposure analysis.

Overall, the integration of air quality measurement, multi-pollutant dispersion modeling, and health risk assessment
provides a more comprehensive analytical framework than the evaluation of quality standard compliance alone. This
approach confirms that environmental health risks are determined not only by the level of pollutant concentrations
but also by spatial persistence, toxicological characteristics, and proximity to settlements. These findings have
important implications for the formulation of air pollution control policies, industrial spatial planning, and public
health protection strategies in coastal industrial estates with similar characteristics.
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