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Study Area

Air pollution is universally recognised as one of the most pressing environmental 
challenges in the Asia-Pacific region. In recent years, this impact has risen at an ‘alarming 
rate and has resulted in an increased premature death and threatened the livelihoods 
and sustainable development in region. This trend is expected to continue, particularly 
in fast-growing cities with urban population exponentially. 

Though biomass burning is a significant air pollution source in Chiang Mai within the 
northern region, traffic-related air pollution has also become one of the major sources 
of air pollutants such as NO2, CO, and SO. This paper comprehensively examines 
the relationship between traffic congestion effect and ambient air pollution through 
conducting quantitative modelling, correlational analysis, linear regression analysis, 
and Copula analysis. 

Results from the hourly air pollutant concentration data from two stations in Chiang 
Mai from 2017 to 2021 reveal that Congestion Index (CI) is positively correlated with 
air pollutants during morning and evening peak hours. This positive dependence 
indicated that traffic congestion does lead to higher air pollutant concentrations 
during rush hours. 

ABSTRACT
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Chiang Mai is the second largest city in Thailand. The Thailand Meteorological 
Department1 divides the climate into three seasons: hot (summer) season (March 
to May), rainy season (May to October), and cool (winter) season  (November to 
February). There are two rush hour periods (7:00 – 8:00a.m. and 5:00 – 6:00p.m.). It 
is found that the traffic contributed approximately 90 per cent of total CO emissions 
during rush hours2.

3
Figure 1: The road network of study area (Chiang Mai)

The road network of Chiang Mai including the latitude and longitude coordinates of 
each link, speed limit, length, name, highway types is obtained from OpenStreetMap 
(OSM) data sets3. There are seven main highway types in OSM, namely motorway, 
trunk, primary, secondary, tertiary, unclassified, and residential. The process of ac-
quiring road networks data is detailed in the Appendix download_network.py.

METHODS
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The speed data of Chiang Mai is collected from Intelligent Traffic Information 
Center (iITC). The probe-data provides vehicle unique ID, latitude and longitude 
coordinates, time stamp and speed from 2017 to 2021. By using the vehicle latitude 
and longitude coordinates, we can determine which road the vehicle is on and the 
speed limit of the road.

The example of speed data:

We collected hourly air pollutant concentration data from two stations in Chiang Mai 
from 2017 to 2021 (Figure 2). The atmospheric pollutants are PM2.5, PM10, CO, NO2, 
SO2, O3.

Table 1 The example of air pollutant data 

(cont’d on next page)

Speed Data

Air Pollutants
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Figure 2: The locations of air quality monitoring stations in Chiang Mai
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Firstly, as shown in Figure 3, the correlation analysis is conducted to find the relationship 
between CI and air pollutants for 24 hours a day of each month. The results indicate that 
during the morning and evening peak hours, most air pollutants are positively correlated 
with CI, i.e., the more congested the road, the higher the air pollution concentration. 
During the off-peak period, most air pollutants and CI become weakly positively or 
negatively correlated.

Therefore, in the second step, linear regression is applied only to the peak period between 
air pollutants and CI. We find that the during peak hours, traffic congestion does lead to 
higher air pollutant concentrations, but the R^2 values are small. 

Finally, the Copula functions are used to find the dependency between CI and air 
pollutants during peak hours for each group each month. 

Figure 3: The flow chart of the CI and air pollutants analysis

MODELING

Work Flow
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Congestion Index (CI)4 is adopted to represent the beginning of the delay by comparing 
the current traffic speed and the free-flow speed. The free-flow speed (Vf) is defined as 
the maximum speed during the off-peak period. As shown in Equation (1), the congestion 
index of a link i at time t (CIit) is computed as the ratio of its delay 
       and the free flow travel time/km.

Because the station-level CI is calculated by averaging the CI of the links around the 
station, the distance from the station to the link significantly affects the value of the 
station-level CI. We set the distance from the station to the link as 400m, 800m, 1000m 
and 2000m, and the correlation analysis results are used to determine the appropriate 
distance.

Congestion Index
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Figure 4: Different distances between stations and links

The correlations between CI and air pollutants are investigated by using Pearson 
correlation coefficient (Equation(2)). Correlation analysis is carried out with hourly air 
pollutant concentrations and CI for each month.

where x and y are the means of x and y variables.

The linear regression between CI and air pollutants are used in this study. The linear 
regression is conducted with rush hour air pollutant concentrations and CI for each 
month, and R^2 is used to measure the fitness.

Congestion Index

Linear Regression
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Copulas5 are functions that associates multivariate distribution functions of random 
variables with their one-dimensional marginal distribution functions. The dependence 
structures are measured by correlation coefficients: Pearson’s product-moment 
correlation coefficient, Kendall’s tau, and Spearman’s rho. Consider a d-dimensional 
cumulative distribution function (CDF), F, with marginals F1, . . ., Fd. Then there exists a 
copula, C, such that

for all

The marginal distributions of air pollutants and CI are fitted by the empirical cumulative 
distribution function (CDF), i.e., the data (u1,u2) are transformed as the uniformly 
distributed random variables with support on [0,1].

The proposed study uses Gaussian, Clayton, Frank, Gumbel and Joe copulas functions. 
Then, the best fitted copula is selected based on the log-likelihood and Akaike information 
criterion (AIC).

Bivariate Gaussian copula
The bivariate Gaussian copula is one of the most commonly used elliptical copulas. The 
function with correlation     function is given by:

where      is the standard normal distribution and     is the Pearson’s liner correlation 
coefficient.

The Frank copula
The Frank copula function6 is defined as:

The generator function is expressed as          . The correlation 
between the random variables can be positive and negative.

Copula Functions
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The Clayton copula
The Clayton copula function7 is defined as:

The generator function is expressed as           . The Clayton copula only 
accounts for the positive dependence, especially for the lower tail of the random 
variables.

The Gumbel copula
The Gumbel copula function8 is expressed as:

The generator function is expressed as         . Compared with the 
Clayton copula, The Gumbel copula only account for the positive dependence, but 
especially for the upper tail of the random variables.

The Joe copula
The Joe copula function is proposed by Joe9,10 with the generator function 
           and the function is expressed as:

Similar with Gumbel copula, the Joe copula only accommodates positive dependence 
especially for the upper tail of the random variables.
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RESULTS

The correlation coefficient is used to test the correlation between individual air pollutants 
(PM2.5, PM10, CO, NO2, SO2, O3, CO) and CI on an hourly basis per month. By comparing 
the different distances from the station to the links (400m, 800m, 1000m, 2000m), we 
found that 1000m is a suitable threshold. 

As shown in Figure 5, except for Figure 5a, all plots show roughly two peaks of correlation 
coefficient between PM2.5 and CI, (b) at 10am and 20pm, (c) at 8am and 20pm, (d) at 6am 
and 22pm. Since the morning and evening peak time periods are 7am - 8am and 17pm - 
18pm, the correlation between CI and PM2.5 is better represented in Figure 5c. 

5a 5b

5c 5d

Figures 5a, 5b, 5c, 5d:  Correlation results 
Notes: The correlation results with different distances between station and links (a) 400m, (b) 800m, 
(c) 1000m, (d) 2000m

Correlation Analysis Results
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In Figure 5d, there is an unreasonable fluctuation at 18 pm - 20pm (0.11 at 18pm, -0.4 
at 19pm, 0.09 at 20pm), probably due to the long setting distance, the CI of other links 
affects the value of 35t station setting. The distance of 1000m between station and links 
is selected in the following analysis. 

Figure 6 The correlation analysis results for different months at different stations

As shown in the Figure 6, the result show that CI and air pollutants are positively correlated 
during peak hours and are not correlated or even negatively correlated during off-peak 
hours. More correlation analysis results can be found in the Appendix. 

The results confirm our intuition that the more congested the traffic is, the more air 
pollutants are emitted by vehicles. Therefore, we did a linear regression analysis of CI 
and air pollutants in the morning and evening peak periods.
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Linear Regression Results

The morning peak hour is set to 7am to 8am. As shown in Figure 7, the air pollutants such 
as PM10, O3, PM2.5 are showing the positive correlation with CI. The range of R-squared 
is 0.02 to 0.06, indicating that the linear relationship between air pollutants and CI is 
insignificant, which may be mainly due to the lack of data from other regional stations 
and the influence of weather.

Figure 7: The morning peak hour linear regression results

Morning Peak Hours
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The evening peak hour is set to 17pm to 18pm. As shown in Figure 8, the air pollutants 
such as PM2.5, PM10 and NO2 are showing the positive correlation with CI.

Figure 8: The evening peak hour linear regression results

Evening Peak Hours
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Copula Results

Copulas are functions that associates multivariate distribution functions of random 
variables with their one-dimensional marginal distribution functions. The marginal 
distributions of air pollutants and CI are fitted by the empirical cumulative distribution 
function (CDF), i.e., the data (u1,u2) are transformed as the uniformly distributed random 
variables with support on [0,1].

As shown in Figure 9, the first two plots are scatterplots of the original data being 
transformed into a uniform distribution and the fitted scatterplot, respectively, and 
the third is the isolines of probability density of the empirical copula functions and the 
estimated ones. Taking CI and PM2.5 as an example, the results indicate that there is no 
significant relationship between CI and air pollutant. 

Figure 9: Copula results
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Linear analysis results
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Copula function results
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Air quality monitoring stations

Scripts
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download_network.py

Output
Directory output

Example Usage
./download_network.py -north_lat 14.17 
-west_lon 99.96 
-south_lat 13.46 
-east_lon 101.033 
-save_path network_files/

mapper.py
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Output
Directory output

File output
Optional argument output
Directory output
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Example Usage
./mapper.py -nodes_shapefile ./network_files/nodes.shp 
-edges_shapefile ./network_files/edges_w_stations.shp 
-data_directory ./data/

Generating edge shapefiles with station information
./mapper.py -nodes_shapefile ./network_files/nodes.shp 
-edges_shapefile ./network_files/edges.shp 
-station_list ./station_location.csv 
-edge_with_station_save_path ./network_files/edges_w_stations.
shp

mapped_CI.py

Output
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CI_air.py

Output

correlation_analysis.py

Output
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regression_analysis.py

Output

copula.r
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Output


