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Abstract 

 Human exposure to particulate matter with an aerodynamic diameter below 10 µm (PM10) 
is found to be associated with biomass burning in Thailand. Recent investigations confirm 
that primary sources of PM10 are natural forest fires and agricultural waste burning. Incidence 
of atmospheric haze increases significantly during the dry season from January to April. 
PM10 exposure in eight provinces in Northern Thailand were determined using GIS through 
spatial interpolation. Daily average ambient PM10 concentrations from 10 monitoring stations 
were used as the input data for the GIS model. Three interpolation techniques: Inverse 
Distance Weighted (IDW), Kriging and Spline, were compared. The predicted PM10 
concentrations were verified with field measurements. GIS-based maps illustrated the 
variability of PM10 distribution and high-risk locations, which were found to be associated 
with wind direction and forest fire frequencies. Mae Hong Son, Chiang Rai and Phrae were 
found to be at highest risk of PM10 exposure during the dry season. 
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Introduction 
  Recently, Geographic Information Systems 
(GIS) have been widely employed as a tool for 
environmental quality assessment. For example, 
it has been used as a tool to map wildfire risk in 
several regions to define hotspots for environ-

mental risk [1]. Managers and planners are 
increasingly using GIS-based models to assess 
the performance of air quality monitoring net-
works in urban areas [2]. The application of GIS 
in epidemiology has also increased, particularly 
to assess human exposure [3]. Quantitative 
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health risk assessments are normally based on 
comparisons of exposure concentrations against 
toxic reference doses or to mandated regulatory 
values. An exposure level can be assessed by 
either direct measurement or by prediction from 
mathematical models using various matrices 
and exposure scenarios [4]. Despite its high 
cost, direct measurement is generally preferred 
as it allows exposure and concentrations to be 
quantified. However, exposure assessment for 
atmospheric pollution from wild fires can be 
performed using alternative approaches such as 
satellite imagery [5], remote sensing to measure 
aerosol optical thickness [6], estimated emissions 
using Moderate Resolution Imaging Spectro-
radiometer (MODIS) [7] and mapping of risk 
area from wildfires by GIS interpolation [8]. 
 In this study, PM10 distribution and risk 
areas were mapped to compare two events, with 
and without biomass burning in Northern 
Thailand. Spatial analysis was used to estimate 
PM10 exposure and identify vulnerable areas. 
Spatial analysis of PM10 concentrations was 
carried out by interpolation of data obtained 
from an ambient air monitoring station, using 
different interpolation methods. 
 
 

Study area and data resources 
1) Site selection and monitoring stations 
 The topography of Northern Thailand com-
prises different variations of valleys surrounded 
by paddy fields, sandwiched between mountain 
ranges. Eight provinces, namely Chiang Mai, 
Chiang Rai, Lamphun, Lampang, Phrae, Nan, 
Phayao and Mae Hong Son were selected as 
the study sites. The combined population of 
these provinces is approximately 5,853,206 [9]. 
The provincial boundaries and 10 air quality 
monitoring stations (Figure 1) are adapted from 
the work of Pungkhom and Jinsart, 2014 [8]. 
The coordinates of the monitoring stations are 
summarized in Table 1. 
 
2) Data analysis 

Data of the average daily PM10 concen-
trations from 2011 to 2015 were obtained from 
the Pollution Control Department (PCD). 
Atmospheric conditions, wind speed and wind 
direction were obtained from the Thai Meteo-
rological Department (TMD). Data on the fre-
quency of forest fires were obtained from the 
Forest Fire Control Division, Royal Forest 
Department (FFCD). Agricultural land use data 
from 2008-2015 were provided by the Land 
Development Department (LDD). 

 
Figure 1 Study area and location of monitoring stations. 
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Table1 Study sites and monitoring stations coordinate X, Y position in UTM 

Province Monitoring Station UTM ZONE 47 N 
X Y 

Lampang Sob Pad (SL)  580762 2018151 
 Ta See (TL) 579879 2039236 
Chiang Mai City Hall Chiang Mai (CM) 496709 2088015 
 YupparajWittayalai School (YM) 498803 2077766 
Chiang Rai Natural Resources and Environment Office  

Chiang Rai (NR) 
586166 2201696 

Mae Hong Son Natural Resources and Environment Office Mae 
Hong Son (NH) 

392292 2134528 

Lamphun Main Stadium of Lamphun (NP) 499848 2053317 
Phayao Knowledge Park Phayao (KY) 594257 2119842 
Phrae Meteorological Phrae (MP) 619922 2005915 
Nan Muang Nan Municipality Office (MN) 686341 2087939 

 
GIS interpolation and its verification 
 Spatial interpolation of PM10 concentration 
measured from 10 ambient air quality moni-
toring stations in the study area was carried out 
using ArcGIS10.1. Three interpolation schemes, 
i.e. inverse distance weighted (IDW), kriging 
and spline were compared and verified against 
the measurement values at the test point. The 
IDW, kriging and spline model were calculated 
by the different approaches. 
 
1) Interpolation method 
 The IDW interpolation determines cell values 
using a linearly weighted combination of a set 
of sample points. The weight is a function of 
inverse distance, and the variable being mapped 
decreases in influence with distance from its 
sampled location. The significance of known 
points on the interpolated values was based on 
their distances from the output point [10]. For 
example, in the case of height calculation, the 
following Eq. 1 is used. 
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In this equation, p refers to the speed reducer 
weight control rate obtained from the distance, 

which is equal to 2; di refers to the distance 
from an unknown point to a known point; and 
zi  represents the height of point I [11-12]. 
 Kriging interpolation generates an estimated 
surface from a scattered set of points with z-
values and assumes that the distance or direc-
tion between the sample points probably reflects 
a spatial correlation. To determine the output 
value for each location, the Kriging tool has a 
mathematical function to the specified number 
of points, or all points within a specified radius. 
Kriging is a multistep process of performing 
exploratory statistical analysis of the data, 
variogram modeling, creating the surface, and 
exploring a variance surface. The general equa-
tion is shown in Eq. 2. 

 

    )(
1

0

^

i

N

i
i sZsZ 



      (Eq. 2) 

 

 Where: Z(si) is the measured value at the ith 
location, λi is an unknown weight for the 

measured value at the ith location, 0s  is the 

predicted location and N is the number of 
measured values [10]. 

The spline interpolation estimates a value by 
using a mathematical function to minimize 
overall surface curvature, resulting in a smooth 
surface that passes exactly through the input 
points. Conceptually, the sample points should 
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extrude to the height of their magnitude. This 
method bends a sheet of rubber that passes 
through the input points while minimizing the 
total curvature of the surface. It fits a mathe-
matical function for the specified number of the 
nearest input point, while passing through the 
sample points, as shown in Eq. 3. 
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 Where: j is 1, 2, ..., N, N is the number of 
points. λj is coefficients yielded by the 
solution of a system of linear equations and rj 
is the distance from the point (x, y) to the jth 
point [10]. 
 
2) Interpolation model verification 

The performance of the three interpolation 
models: IDW, Kriging and Spline was com-
pared using cross-validation analysis and the 
leaving-one-cut principle [13-14] .Each of the 
PM 10average values of  10monitoring stations 
were recalculated against the value from the test 
point. Then, the interpolated results were com-
pared to the measured values. The performance 
of the interpolation techniques is expressed as 
the mean relative error (MRE), Eq. 4 and the 
root mean square error (RMSE), Eq. 5. 
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 Where X1 is the measured concentration 
and X2 is the interpolation estimated PM10 
concentrations of the ith data point and n is 
the sample size [15]. 
 

Root mean square error (RMSE) refers to 
the square root of the average squared distance 
of a data point from the fitted line calculated by 
the following Eq. 5. 
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Where Y1 and Y2 are the measured and 
estimated levels of the ith data point and n is the 
total number of data points [16]. 

 
3) GIS-based map 

PM10 concentration distribution maps were 
created by the best performance interpolation 
model. The input parameters relied on the daily 
average PM10 concentrations from 2011 to 
2015, location coordinates (UTM zone 47N), 
topography raster map of Northern Thailand 
and wind directions. The GIS maps were com-
pared between wet/dry seasons and with/without 
fire events. 

 
Results and discussion 
1) Comparison of spatial interpolation 
methods 

To evaluate the accuracy of the results from 
the different techniques, PM10 distribution maps 
were created and shown in Figure 2. The data 
from 10 monitoring stations were compared 
against a test point at the meteorological station 
in Lampang province. The cross-validation used 
all data points to estimate the trend. It removed 
each data location one at a time and predicted 
the associated data value [17]. This analysis was 
rotated for test points among all 10 monitoring 
stations and one point from the meteorological 
station in Lampang. The average results of the 
cross-validation of IDW, Kriging and Spline are 
presented in Table 2. Including MRE and RMSE 
calculations, IDW gave the best performance 
interpolation of PM10 values with lowest MRE 
and RMSE (MRE = 0.0042 μg/m3, RMSE = 
0.9965 μg/m3) in comparison to Kriging and 
Spline. 
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Figure 2 Comparison of three interpolation maps to the test point, coordinate in UTM, 

(X= 551877.38, Y=2022215.98). 
 

Table 2 Model performance indicators for the IDW, Kriging and Spline 
Station Measured PM10 (μg/m3) Interpolation PM10 (μg/m3) 

IDW Kriging Spline 
SL 80 .5 0 80.5015 80.8038 80.6242 
TL 78.75 78.7516 78.8202 78.7645 
CM 71.75 71.7781 73.3703 71.4081 
YM 83.75 83.2384 81.6509 83.5087 
NR 87.50 87.4991 87.3308 87.3562 
NH 103.25 103.2480 102.8380 103.1260 
NP 75.25 75.2575 75.7440 75.6207 
KY 73.25 73.2504 73.4728 73.2402 
MP 93.50 93.4952 93.0451 93.7430 
MN 79.25 79.2502 79.4761 79.3298 

Test point 83.50 80.2351 78.9979 69.9288 
MRE (μg/m3) 0.0042 0.0077 0.0168 

RMSE (μg/m3) 0.9965 1.5997 4.0966 
 

2) PM10 exposure distribution maps  
According to the evaluation of three inter-

polation models, IDW performed better than the 
other two models (Table 2). PM10 distribution 
maps from 2011 to 2015 data were created by 
IDW using ArcGIS 10.1. IDW provided a smooth 
surface when considering the spatial variance of 
data in the simulation. A raster map from spatial 
interpolation depicting the distribution of the 
PM10 concentrations was produced and com-
pared as shown in GIS-based maps in Figure 3. It 
was found that interpolated PM10 concentrations 
increased from year 2011 to 2015 and average 
levels of PM10 were higher in dry seasons than in 
wet seasons. Mae Hong Son province was a 
dominant risk area (Figure 3A, 3C and 3E). 
Particularly in the year 2013, Mae Hong Son, 
Chiang Rai and Phrae were considered to be the 

high risk areas of PM10 exposure in the dry 
season (Figure 3C). 

 
3) PM10 distribution and wind direction 

GIS-based maps were created using IDW 
interpolation. The input data include average 
daily PM10 concentrations and daily wind di-
rection from January to April 2013, representing 
the dry season, and data from June to October 
2013, representing the wet season. Samples were 
collected from a total of ten sampling points 
(Figure 4). In Figure 4, the arrows represent the 
wind direction and PM10 concentrations are 
illustrated in color scale. In the dry season, high 
PM10 concentrations were found in Mae Hong 
Son, Chiang Rai and Phrae (Figure 4A), with 
lower concentrations in the wet season (Figure 
4B). Nevertheless, the distribution was not 
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directly influenced by the wind direction because 
of the influence of their valley topography. An 
instance of a wind rising from Mae Hong Son 
Meteorological station is shown in Figure 4C and 
4D. This indicates the main wind direction from 
the south. Average wind speed in the dry season 
(8.75 knot, gentle breeze) was higher than that in 
the wet season (3.23 knots, light air). It is noted 

that low wind speed results in poor dispersion of 
pollutants, leading to higher local concentration 
of pollutants; meanwhile, strong or turbulent 
winds are effective in causing rapid dispersal. 
However, in this area, wind speed and direction 
did not show significant differences. Hence, 
these parameters may have less effect than 
emission concentrations from the sources. 

 

 
Figure 3 GIS-based map of PM10 concentrations in Northern Thailand (A) 2011 dry season, 

(B) 2011 wet season, (C) 2013 dry season, (D) 2013 wet season, (E) 2015 dry season,  
(F) 2015 wet season.
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Figure 4 Map of PM10 distribution and wind direction in Northern Thailand 

(A) PM10 average from January-April 2013 dry season, (B) PM10 average from June-October 2013 
wet season (C) wind rose in April 2013 dry season, (D) wind rose in July 2013 wet season. 

 
4) PM10 exposure, season variation and 
frequency of wildfire   
 The spatial daily PM10 concentrations of the 
eight provinces were compared in the dry season 
(January-April), wet season (July-October) and 
over the whole year (January-December). In 
Figure 5, the annual average PM10 concen-
trations at each site did not exceed the ambient 
PM10 annual standard (50 µg/m3, http://www. 
pcd.go.th/info_serv/reg_std_airsnd01.html.) 
However, PM10 concentrations in each province 
were found to exceed than the ambient air 
quality standard during the dry season. The 
increased PM10 concentrations from 2011 to 
2015 (Figure 5) were associated with increasing 
frequency of forest fires (Table 3). According to 

the Forest Fire Control Division of the Royal 
Forest Department (FFCD), forest fires are most 
frequent each year during the dry season from 
December to May. The frequency and extent of 
bushfires from 2011 to 2015 have both pro-
gresssively increased each year, particularly in 
the far north of the country. The information of 
the number of fires was provided by FFCD [18]. 
Average PM10 concentrations from the eight 
provinces and the number of fires reported in the 
areas were compared (Figure 6). The highest 
emission levels occurred from January to April 
during the dry season. There is a strong corre-
lation between ambient PM10 concentration and 
fire frequency, r = 0.91 (p < 0.05). 
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Figure 5 Comparison of average PM10 concentrations in 2011 to 2015 dry season  

(January - April), wet season (July - October) and January-December. 
 

 
Figure 6 Temporal variation of PM10 and frequency of occurrence of wild fires from 2011 to 2015 

 

5) PM10 exposure and land use   
In addition to the alarming increase in 

incidences of forest fire in the area, intensive 
agriculture could also influence PM10 levels. 
Burning of stubble and other crop residues/ 
agricultural waste to prepare the land for plant-
ing could also substantially increase PM10 emis-
sion. Cultivated areas in the eight provinces 
steadily increased during 2008-2015 (Table 3). 
Among the eight provinces compared, the high 
farm land in Chiang Rai was related to high 
PM10 concentration map in Figure 3. Chiang Rai 
has the highest area of agricultural land 
(3,551,846 rai), accounting for about 49% of the 
province’s total area. IN Chiang Rai, the agri-
cultural area in Chiang rai was three times 
higher than in Phayao, which had 1,589,168 rai 

of agricultural land, occupying about 40% of the 
province’s total area, but only increasing by 
158,440 rai over the period 2008-2015. This 
province was not yet at risk. Phrae’s agricultural 
area was 1,616,061 rai, with an increase of 
725,180 rai over the 2008 area. The GIS map 
confired that Chiang Rai and Phrae were at high 
risk of PM10 exposure. On the other hand, in 
Mae Hong Son province, while the agricultural 
area increased by only 216,604 rai, there was a 
continuous increase in biomass burning in 
addition to pollutants emitted from across the 
border with Myanmar [8]. So PM10 exposure in 
Figure 3 seemed to be dominant in this province. 
Further monitoring and pollution prevention 
efforts are recommended for Mae Hong Son, 
Chiang Rai and Phrae provinces, as high risk 
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areas. This work illustrated the application of 
GIS in prediction of PM10 exposure from wild-
fire pollutants, taking into account the many 

influencing factors.  Using these methods would 
contribute to air quality management and bio-
mass burning control. 

 

Table3 Agriculture area (rai) and % compared to total province area were summarized in two 
groups of survey duration in 2008-2010 and 2012-2015 [19]. 

Land Use: Agriculture areas (1 rai = 0.4 acre)  
Province Years 

2008 -2010 
Years 

2013 -2015 
Increasing 

Rai % Rai % Rai 

Chiang Mai 2,777,253 22.02 3,004,782 23.91 227,529 

Chiang Rai 3,217,613 44.07 3,551,846 48.66 334,233 

Lampang 1,311,388 16.74 1,690,953 21.56 379,565 

Lamphun 797,199 28.31 864,976 30.7 67,777 

Mae Hong Son 1,168,741 14.76 1,385,345 17.48 216,604 

Phayao 1,430,728 36.14 1,589,168 40.1 158,440 

Phrae 890,881 21.79 1,616,061 28.41 725,180 

Nan 1,912,265 26.67 2,420,786 33.76 508,521 

 
Conclusions 
 This study presents and evaluates approaches 
to estimating spatial variability in ambient air 
pollution concentrations in Northern Thailand. 
Spatial interpolation of the PM10 concentrations 
measured from 10 ambient air quality moni-
toring stations in the study area was carried out 
using three separate spatial interpolation 
schemes. Empirical measurements used in this 
study included the inverse distance weighted 
(IDW), Kriging and Spline. The different inter-
polation techniques were evaluated by cross-
validation at the test point, which is a standard 
method [17]. The findings indicated that the 
IDW method produced superior results com-
pared to Kriging and Spline. However, it should 
be noted that the choice of method will be case-
specific. For mapping of PM10 pollution, it is 
necessary to compare several integrating and 
interpolating techniques of the secondary data 
prior to applying the suitable method for 
further analysis. The PM10 concentrations of 
the eight provinces in the dry season were 

reportedly higher than in the wet season. From 
PM10 concentration map identification and 
average PM10 in 2011-2015, the three high 
health risk areas from PM10 in the north of 
Thailand include Mae Hong Son, Chiang Rai 
and Phrae provinces. 
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