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 Analyzing air pollution caused by traffic conditions requires appropriate 

indicators. Currently, air pollution indicators are approximated by the 

number of vehicles and gas station density. However, this approach cannot 

provide information at a smaller level. This study aims to identify traffic 

congestion distribution from Google Maps data as an alternative air pollution 

indicator at smaller level using map digitization method. In addition, this 

study examines its relationship with the existing indicator called gas station 

density. The results show that the digitization method can map the traffic 

congestion distribution where most areas in West, North, and Central Jakarta 

are classified as high traffic. In addition, this study found that there is a 

strong and significant relationship of 0.58277 between traffic congestion 

distribution and gas station density. Thus, traffic congestion distribution and 

gas station density data from Google Maps can be used as an indicator of 

traffic-related air pollution, especially land transportation. Furthermore, this 

research is expected to serve as a basis for the government in determining 

mitigation strategies related to traffic congestion and the resulting emissions. 
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1. INTRODUCTION 

Air pollution is one of the environmental problems in big cities [1], which has a significant impact 

on human health [2]. The main contributor to air pollution is motor vehicle emissions, which are exacerbated 

by traffic conditions [3]. In a 2018 report, the World Health Organization (WHO) estimated that 93 percent 

of the world’s children are exposed to toxic air every day, threatening their health [4]. One of these situations 

is in Jakarta, which has recently become the capital city with the highest air pollution levels in the world [5]. 

Air pollution indicators are needed to describe pollution conditions in an area, especially those 

caused by traffic conditions. Air pollution due to traffic conditions is often associated with congestion [6]. 

So, the indicator that is often used is the number of motorized vehicles [7]. However, official data from the 

Indonesian National Police regarding the number of vehicles as a proxy for congestion is also not available at 

smaller levels such as sub-districts. In fact, data on traffic is needed for urban planning analysis. In areas with 

urban characteristics such as Jakarta, a more detailed analysis of the sub-district level is required. 

Another indicator that can be used as an indicator of air pollution and is still related to congestion is 

gas station density [8]. This is based on the fact that congestion also increases fuel consumption which 

contributes to increased air pollution [9]. Thus, the increase in fuel consumption results in a high demand for 

fuel, especially in areas that are congested or with a large number of vehicles [10]. This has an impact on the 

number of gas stations in the region. The clustering of gas stations within an area has negative implications 
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for traffic flow [11]. However, the use of these indicators is not directly related to congestion. Thus, its 

utilization as an indicator of air pollution is less appropriate. 

An alternative air pollution indicator that is directly related to traffic conditions is congestion data 

itself. Currently, congestion levels are measured by indexes such as the TomTom traffic index [12].  

This approach only provides general conditions in a region with wide coverage. In addition, all API features 

of the TomTom traffic index are not freely accessible [13]. On the other hand, data from Google Maps has a 

lot of information such as various points of interest [14], road maps [15], geographic coordinates [16], and 

congestion [17]. However, research related to the utilization of Google Maps data for sub-district level air 

pollution indicators is very rare. In addition, there is no research that uses a map digitization method 

approach to obtain traffic congestion distribution data. Thus, this research takes the opportunity to use the 

Google Maps approach as an air pollution indicator that is directly related to traffic conditions in an area 

using this new approach. Furthermore, the fact that gas station density can be an indicator of traffic-related 

air pollution is interesting to see how it relates to traffic data obtained from Google Maps. This is important 

because air pollution is caused by many factors such as traffic [18], industry [19], and households [20]. 

So, this research aims to identify the distribution of traffic congestion at the sub-district level using 

the map digitization method in Jakarta as a new indicator of air pollution due to traffic conditions and see its 

association with existing indicators, namely gas station density. This research is expected to contribute to 

researchers or the government related to alternative indicators that can describe air pollution due to traffic 

conditions. With this, the government can develop new policies to limit the use of fossil fuels and switch to 

environmentally friendly electrical energy. In addition, a good identification of congestion can provide 

recommendations for more effective urban planning, traffic management, and fuel use in the future, as well 

as assist relevant stakeholders in decision-making [21]. This research has the potential to support the 

acceleration of sustainable development (SDGs) goals 7, 9, and 11 [22]. 

 

 

2. METHOD 

2.1.  Study area 

This study takes DKI Jakarta Province, Indonesia, as the research location as shown in Figure 1. 

A total of 42 sub-districts in the administrative city area are used as the unit of analysis in this study [23].  

As the center of government and economy, Jakarta faces many challenges such as traffic congestion and air 

pollution that can affect people’s quality of life [24]. Therefore, Jakarta as a research location is suitable for 

the purpose of this study. 

 

 

 
 

Figure 1. DKI Jakarta Province of Indonesia as study area 

 

 

2.2.  Traffic congestion data 

Traffic congestion data was obtained by digitizing Google Maps data through the traffic viewer 

plugin in the quantum GIS (QGIS) application [25] as shown in Figure 2. Traffic digitization is done to get 

alternative traffic data in the past period [26]. The colors on the traffic map include green (no traffic delays), 

orange (medium traffic), red (high traffic), and dark red (heavy traffic) [27]. The digitization stages carried 

out in this study are as follows: 
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- Import base map from the Google traffic viewer plugin a specific date. The time taken is 11:00 WIB to 

avoid data noise that is too dense or too quiet. 

- Create a 500m grid so that the entire study area is covered. 

- Set the scale on the map to 1:25000 [28]. 

- Digitizing each grid to determine the traffic category based on the highest traffic as shown in  

Figure 2(a). 

- The process was carried out with a 1-week sample every month in the first week. This is based on 

previous research that the traffic pattern each week is generally the same [29]–[31]. So that the 

distribution of traffic congestion for each traffic category is obtained as shown in Figure 2(b). 

- The previous four categories can be simplified into two categories, namely no traffic delays (sum of no 

traffic delays and medium traffic) and high traffic (sum of high traffic and heavy traffic). In addition, 

the proportion of congestion (𝐶𝑃) can be obtained through (1). 

 

𝐶𝑃 =
𝐻𝑖𝑔ℎ 𝑡𝑟𝑎𝑓𝑓𝑖𝑐

𝑇𝑜𝑡𝑎𝑙 𝑡𝑟𝑎𝑓𝑓𝑖𝑐
 (1) 

 

 

 
 

(a) (b) 

 

Figure 2. Traffic digitization (a) example grid and its traffic categories, and (b) traffic digitization process 

 

 

2.3.  Gas station density data 

Data on the number of gas stations was collected using the web scraping point of interest (POI) 

technique in the form of gas stations in the study area through the Google Maps page. POIs categorized as 

gas stations include public filling stations (SPBU) and mini SPBU. To obtain the density, the number of gas 

stations for each sub-district was summed and divided by its area [32]. Furthermore, the density data obtained 

was adjusted into three categories (low, moderate, high) using quantile cut with QGIS. Quantile cut divides 

the data into equal-sized data [33]. Gas station density is used as an indicator of air pollution caused by urban 

traffic conditions [8], [32], [34]. This is also in line with the relationship between gas station distribution and 

traffic volume [11], as congestion can increase fuel consumption [9], [35]. 

 

2.4.  Chi-square association 

The Chi-square association test was conducted to see the relationship between traffic congestion 

distribution and gas station density. Chi-square association test is one of the comparative tests to see the 

relationship between two variables, where the variable scale used is nominal [36]. The size of the level of 

association or relationship can be seen through the contingency coefficient (𝐶𝑐) [37]. Cohen suggested the 

following guidelines for interpreting 𝐶𝑐; weak > 0.1, moderate > 0.3, and strong > 0.5 [38].  
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3. RESULTS AND DISCUSSION 

3.1.  Traffic congestion distribution 

The results of digitizing traffic congestion distribution every day are 2,568 points. The distribution 

of traffic congestion data is then aggregated on an annual (Figure 3) and monthly (Figure 4) basis using 

summation. In addition, the traffic congestion category is simplified to simplify the analysis. The medium 

traffic category on an annual basis has the largest number of points, at 197,654 points as shown in  

Figure 3(a). This shows the general condition of traffic in Jakarta in 2023 which is not congested. The traffic 

category with the next highest number of points is high traffic with 147,402 points. Then, the number of 

points for the no traffic delays and heavy traffic categories are 41,008 and 45,358 points. Furthermore, the 

distribution of the proportion of congestion (𝐶𝑃) in Figure 3(b) is highest in Tambora District, West Jakarta 

at 0.90476, while the lowest 𝐶𝑃 value is in Cilincing District, North Jakarta at 0.15282. There are 25 sub-

districts in the administrative city of Jakarta that are classified as no traffic delays where the 𝐶𝑃 value is less 

than 0.5. Then, 17 other sub-districts are classified as high traffic where the 𝐶𝑃 value is more than 0.5.  

On a monthly basis in Figure 4(a), there are fluctuations in the number of traffic category points, 

especially in the medium traffic and high traffic categories. The most medium traffic category occurred in 

February with 9,038 points, while the highest traffic category occurred in March with 7,001 points. From 

these results, the number tends to be constant for the no traffic delays and heavy traffic categories.  

Figure 4(b) shows the total monthly high and heavy traffic categories for each sub-district. The redder the 

color of the heatmap, the more congested the sub-district is, Figure 5 shows the data distribution of urban 

traffic congestion and gas station density. The distribution of urban traffic congestion based on Figure 5(a) 

shows that sub-districts that fall under no traffic delays are mostly in South Jakarta, while those that fall 

under high traffic are mostly in West, North, and Central Jakarta. 

 

 

  
(a) (b) 

 

Figure 3. Traffic congestion data (annual) (a) congestion distribution by traffic category and  

(b) traffic category and its congestion proportion per sub-district 

 

 

  
(a) (b) 

 

Figure 4. Traffic congestion data (monthly) (a) trend of total traffic per category and  

(b) traffic congestion heatmap per sub-district 
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3.2.  Gas station density 

A total of 1,044 gas station data in Jakarta was collected using Google Maps website scraping 

technique. The results show that South Jakarta has the greatest number of gas stations with 269 gas stations. 

One of the sub-districts in South Jakarta, Kebayoran Lama, also has the highest number of gas stations 

compared to other sub-districts. Gas station density data from the calculation and quantile cut results are 

mapped in Figure 5(b). In general, the density of moderate and high gas stations is located in West, North, 

and Central Jakarta. The low-density category is mostly located in South and East Jakarta. 

 

 

  
(a) (b) 

 

Figure 5. Distribution of (a) urban traffic congestion and (b) gas station density 

 

 

3.3.  Association between traffic congestion distribution and gas station density 

The relationship between traffic congestion distribution and gas station density was tested using 

Chi-square association. Table 1 shows that districts with high gas station density tend to have high traffic 

congestion distribution. This is in line with the results of the Chi-square association test in Table 2 which 

shows a significant relationship (p-value = 0.00) at the 0.05 level of significance. The strength of the 

relationship can be seen through the value of 𝐶𝑐 = 0.58227 which shows a strong relationship between 

traffic congestion distribution and gas station density. 

 

 

Table 1. Cross tabulation of traffic category and gas station density category 

Traffic category 
Gas station density category 
Low Moderate High 

No traffic delays 12 5 0 

High traffic 2 9 14 

 

 

Table 2. Chi-square test result 
Chi-square test Value 

Pearson chi-square 21.54353 

p-value 0.00000 

Contingency coefficient 0.58227 

 

 

3.4.  Discussion 

This research provides a new approach to collecting sub-district level traffic data through Google 

Maps data using the map digitization method as an alternative indicator of traffic-related air pollution.  

This research addresses the lack of alternative indicators for traffic-related air pollution that have been 

explored in previous studies such as number of motorized vehicles [7], gas station density [8], [34], and 

traffic index e.g., TomTom traffic index [12]. This method approach will be suitable to be implemented in 
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areas with urban characteristics such as Jakarta. This study found that the congested areas are mostly in West, 

North, and Central Jakarta. The results obtained are quite similar to the data on congestion hotspots that have 

been released by the transportation department [39] and information on congestion hotspots on online news 

sites. Furthermore, the congested areas are also in line with population growth and density in Jakarta. Central 

Jakarta has the highest population density compared to other administrative cities. This relationship has been 

explored in previous research. Where rapid population growth and density in urban areas go hand in hand 

with an increase in the number of vehicles [40]. This shows that the method used is sufficient to describe the 

general condition of traffic congestion in Jakarta even though the sample used is only one week each month. 

The use of a one-week sample complements the findings of previous studies which state that the traffic 

pattern each week is generally the same [29]–[31], [41]. However, accuracy and consistency depend on the 

data provided by Google Maps [42]. In addition, the digitization process is also inseparable from human  

error [43]. 

This study compares the proposed air pollution indicator with the existing gas station density 

indicator [8], [32], [34]. Through the Chi-square association test and 𝐶𝑐 value, this research found that there 

is a strong and significant relationship between traffic congestion distribution and gas station density.  

This result indicates the alignment between traffic data and gas station density. Thus, the proposed traffic 

data has the potential to be an alternative indicator of air pollution caused by traffic conditions. Traffic data is 

more directly related to traffic conditions because it describes areas with high traffic or no traffic delays. 

When compared to gas station density data, it is not directly related to traffic conditions. However, a previous 

study found that clustering gas stations within an area has negative implications for traffic flow [11].  

The existence of a strong significant relationship between traffic data and density in this study provides 

insight that both variables can be indicators of traffic-related air pollution because they are related to 

congestion. Traffic congestion that occurs in almost all areas of Jakarta is a focus in air pollution monitoring 

because it contributes to increased pollutants [18] and energy consumption [35]. 

This research explores alternative indicators of traffic-related air pollution using a map digitization 

method that still has shortcomings. Futher in-depth studies may be needed to confirm the distribution of 

congestion in Jakarta. By using indicators from traffic data and gas station density data, air pollution 

monitoring can be done earlier in an area. However, this indicator only looks at air pollution in terms of 

traffic conditions, especially land transportation. Where it is approached with traffic congestion data and gas 

station density data. In fact, air pollution does not only come from transportation. Further exploration of 

indicators that can cover air pollution more thoroughly has the potential to be done. In addition, as it relates 

to air pollution, information on the relationship of traffic congestion and gas station density data with several 

pollutants produced by motor vehicles can be used to confirm the accuracy of the proposed indicators related 

to air pollution. 

From the results obtained, this study recommends the use of traffic congestion distribution and gas 

station density data as indicators of air pollution, especially those caused by land transportation traffic 

conditions. Moreover, when official statistics data such as the number of vehicles is difficult to obtain.  

So that air pollution monitoring can be done earlier both through congestion data and gas station density data 

in an area. This can make it easier for the government to develop strategies related to urban planning, traffic 

management, and the use of environmentally friendly fuels. By knowing the distribution of traffic congestion 

and gas stations, mitigation efforts will be more effective and targeted. An effort to reduce air pollution from 

motor vehicle emissions is traffic management itself. With good congestion management efforts, it can 

contribute to the reduction of combustion air pollution and reduce energy consumption [44]. This can affect 

the development of refueling station infrastructure that is more evenly distributed and not clustered in  

an area. 

 

 

4. CONCLUSION 

This research provides an initial basis for utilizing Google Maps data as an alternative indicator of 

air pollution caused by traffic conditions. Through the map digitization method, traffic congestion 

distribution data can be obtained at a smaller presentation level, namely sub-districts. The traffic-related air 

pollution indicator proposed in this research is approached with information from Google Maps that shows 

congestion. The more congested an area is, the worse the air quality in that area will be. This research found 

that there is a strong and significant relationship between traffic congestion distribution and gas station 

density. The alignment shows that traffic congestion data can be used as an indicator of air pollution in an 

area in addition to using gas station density data or the number of vehicles. The results of this study are 

expected to support the government in formulating more targeted strategies and policies to reduce traffic 

congestion and the resulting emissions. Further research can use more effective methods in obtaining traffic 

congestion data from Google Maps and use other data that can be an indicator of air pollution more 

thoroughly. 
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