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Abstract: Rapid population and urban growth in Bangkok increases the need for vertical city
development because of the limited territory. This might lead to increasing land surface temperatures
(LST), which makes some urban areas significantly warmer and leads to hot spots known as urban
heat islands. It is known that climatic factors, such as rainfall and temperature, influence increases in
dengue incidences. Thus, this research uses spatial statistical analysis to consider the association of
urban LST with dengue incidences. The LST calculation methods are based on LANDSAT imageries
in 2009 and 2014. Pearson correlation and Bayesian hierarchical modeling were used for predicting
dengue incidences. This study found the highest correlation between the density of high-rise
buildings, which had a significant influence on LST, and dengue incidences. Both the number of
high-rise buildings and the surface temperature of low-rise buildings increased dengue incidence
between 2009 and 2014. Overall, it was found that for every increase of 1000 high-rise buildings,
the dengue incidence increased 2.19 on average during that period.

Keywords: land surface temperature (LST); vertical city; urban heat islands (UHIs); dengue incidences;
Pearson correlation; Bayesian hierarchical modeling

1. Introduction

Mosquito-borne diseases infect an estimated 700 million people every year in over 100 countries,
resulting in a significant burden of morbidity and mortality [1]. Of these, dengue, caused by a
mosquito-borne viral infection, is rapidly becoming an increasing public health burden with an
increase in incidence of thirty-fold over the last 50 years [2]. It is endemic in Southeast Asia, Africa,
South America, the Eastern Mediterranean, and the Western Pacific [3,4]. More than 3.5 billion people
are at risk of dengue virus (DENV) infection, and recent estimates suggest that there are 390 million
DENV infections every year, of which 100 million cause clinical symptoms [5]. The increase in global
transmission of this disease has been linked to several factors such as global trade, international travel,
rapid urbanization, and ineffective vector control strategies [6–9]. DENV is mainly transmitted by
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Aedes aegypti mosquitoes, which are widely present in tropical and subtropical areas and well-adapted
to urban environments. Dengue risk is associated with climatic factors, particularly temperature and
rainfall, which impact upon the mosquito abundance and vectorial capacity [7,10,11]. Urbanization has
been frequently linked with the endemic city of the disease, where high population density coupled
with poor environmental hygiene provide a conducive environment for mosquito vector breeding and
increased probability of transmission [12–14].

Rapid urban population growth is taking place, which combined with high temperature
significantly increases health risks of the population. The world’s cities occupy just 3% of the
Earth’s land. Globally, more people live in urban areas than in rural areas, with 55% of the world’s
population residing in urban areas in 2018. Today, 3.5 billion people lives in cities and 5 billion people
are projected to live in cities by 2030, and by 2050, 68% of the world’s population is projected to live in
urban settlements. In the next decades, 95% of urban expansion will take place in the developing world.
The level of urbanization in Asia is now approximating 50%. In 2018, the percentage of the population
living in urban areas was 41% in lower-middle-income countries and 32% in low-income countries.
By 2050, these countries are expected to reach, on average, 59% and 50% urban, respectively [15].
Recent climate change studies evidence an increase in the intensity of extreme heat temperatures [16].
Urban heat islands can present significant risks to human health [16,17]. Climate change is a major
contemporary phenomenon with multiple consequences. In urban areas, it exacerbates the urban heat
island phenomenon. It impacts the health of the inhabitants and the sensation of thermal discomfort
felt in urban areas. Anthropogenic parameters such as industrial heat emissions, heating, transport,
or air conditioning can contribute as well to heat intensification, as the cities consume 78% of the
world’s energy and produce more than 60% of greenhouse gas emissions [18,19]. This increasing
urbanization has a significant impact on urban microclimates and leads to warmer temperatures in
cities [18–21].

Previous research has extensively focused on urban heat island (UHI) phenomena manifested
in significantly higher temperatures of cities compared to their surroundings due to unique thermal
properties of urban land cover/use (LULC), building materials, human activities, and other factors [22].
The causes of UHI such as impervious surfaces (roads, pavements), dark land surface, and structures
that absorb heat, lack of vegetation, the thermal mass that is produced be anthropogenic activities such
as transportation, industries, and urban morphology (high-rise building, variation in the height of
building, sky view factor, etc.) [19]. Urban expansion is affected by physical factors, socioeconomic
factors, neighborhood factors, and land-use policy and urban planning factors, and the effects of these
factors change along with place and the process of development [23,24]. Due to increased impervious
surfaces, decreased albedo, and increased heat conduction and heat capacity, urban areas have higher
heat storage in the daytime, resulting in the urban heat island (UHI) effect, which aggravates urban air
pollution and affects human health. Cities are not only an important factor leading to climate change,
but they are also affected by climate change [23,25,26]. There are two types of UHI. The first one is the
atmospheric urban heat island (UHI) that is defined as the difference between the air temperature (AT)
within the city and the AT of its surroundings, which measure 1–2 m above ground. The second is
the surface urban heat island (SUHI), which concerns the land surface temperature (LST), which is
a measure of land radiative temperature [27–29]. Land use change and the transformation from
natural landscapes to built-up areas has led to changes in LST. The increasing LST makes urban areas
significantly warmer than the surrounding suburban or rural areas and, in some places, can generate
urban heat islands (UHIs) [27,30,31]. Even within a city, temperatures can vary by 10 ◦C according to
the urban land use [32]. LST is usually measured using remote-sensing data [33], presenting different
magnitudes than the UHI [28]. Various methods exist for using satellite methods for studying UHI by
estimating air temperatures. Some examples of studies that have used this method have been carried
out in Bangkok [16], among others. Multiple studies demonstrate temperature variations between
urban and rural areas as well as the satellite capacity to study these phenomena. [17]. At present,
there is still a lack of research on the quantitative assessment of the relationship between urban scale
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and urban expansion and the degree of the urban heat island (UHI) effect, as well as a discussion on
mitigation and adaptation of the UHI effect from the perspective of planning [23]. UHIs are expected
to further exacerbate the incidence of dengue transmission. Unraveling the complexity of within-city
temperature is important in order to develop mitigation strategies for reducing the burden of dengue.

With a steady increase in population and transport connections, urban development within
Bangkok is growing rapidly in the form of a vertical city—the new form of high-rise building. The rapid
growth of vertical urbanization along with traditional urban planning causes UHIs that are linked
to human health problems, but hitherto, studies have focused on non-infectious diseases such as
those caused by heat stress and air pollution [27,31,34,35]. To bridge this gap, by using the spatial
information of the Bangkok urban planning zone, the aim of this study was to explore the relationship
between LST due to urban vertical development in three zones (inner, suburban, and urban fringe)
and dengue incidence in Bangkok.

2. Materials and Methods

2.1. Study Area

The Bangkok Metropolitan Area (BMA) is the most economically developed city in Thailand
(Figure 1) spread across 1568.7 km2, with 5,696,409, registered residents as of 2015 [36,37]. BMA is
composed of 50 districts [38], which are divided into 3 main areas: inner city (22 districts,
the old city center dominated by the historical conservation area, government offices, schools,
and densely populated commercial areas), the urban fringe (22 districts, area of population expansion,
commercial and residential activities, located within 10–20 km radius of the city center), and suburban
areas (6 districts, the outer area of BMA, dominated by empty spaces and farming areas with a mixture
of urban and rural) (Figure 1).

Figure 1. Bangkok Metropolitan Area showing distribution of inner, urban fringe, and suburban areas.

2.2. Medical Data

Monthly dengue data for 2009 and 2014 were obtained from the Bangkok Metropolitan
Administration in the context of the DENFREE project [39] (Figure 2). The rates of incidence
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were calculated by dividing the number of dengue incidence by the total populations. Expected values
were computed using the incidence rate (disease cases per 100,000 population) in each district from
Equation (1) as follows:

IRdengue = (Cases/Population) × 100,000 (1)

where IRdengue is the incidence rate in each district; Cases are the total number of dengue incidence;
and Population is the total population in each district.

Figure 2. Dengue incidence in the Bangkok Metropolitan Area (BMA) during 2009 and 2014.

The average annual dengue incidence rates during the study period were 135.0, 195.5, 186.4, 184.8,
264.6, and 98.0 per people in 2009–2014, respectively.

2.3. Methodology

2.3.1. Image Preprocessing

Landsat images provide space-based moderate-resolution remote sensing data. Landsat 5 Thematic
Mapper (TM) and Landsat 8 Thermal Infrared sensor (TIRS) images were acquired from 2009 and
2014 and only clear-sky images were analyzed for the land surface temperature (LST) calculations
in the three different zones (inner city, urban fringe, and suburban) (Figure 1). To avoid the impact
of remote sensing data instability, the images in November were selected to explore the urban land
surface temperature (LST).

A digital map of Bangkok, 1:4000 scale during 2009–2014, was obtained from the Town Planning
Office Bangkok and used to categorize buildings into two groups as <8 floors (1–7 floors) and >8 floors
(8–100 floors).

Time-series of LANDSAT 5 Thematic Mapper (TM) and LANDSAT 8 Thermal Infrared Sensor
(TIRS) images (Path 129/Row 50, 51) acquired for 2009 and 2014 (LANDSAT 5 TM: 19 November
2009; LANDSAT 8 TIRS: 17 November 2014) were analyzed in this study. All of the images were
clear and nearly cloud-free. Firstly, the radiometric and sun elevation correction was conducted.
Next, the geometric correction was manipulated to be able to overlay and compare multi-temporal
images or to interact with other mapping data. The LANDSAT images were rectified and georeferenced
to the UTM map projection, datum WGS 84. Then, the images were resampled to 30 m using the
nearest neighbor interpolation method to keep the brightness values of pixels unchanged. The root
mean square (RMS) errors were less than 1 pixel.
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2.3.2. Conversion of Digital Numbers to Radiance and LST

The LST calculation methods are based on LANDSAT 5 and LANDSAT 8 User’s Handbooks [40,41],
which are widely used [37,42]. To retrieve LST, the steps are as follows.

First, the digital numbers (DN) of LANDSAT TM/TIRS thermal infrared bands were converted
to radiance. For the LANDSAT 5 TM thermal infrared band (band 6: 10.40–12.50 µm), the following
equation [40] was used:

Lλ = ((LMAX − LMIN)/(QCALMAX − QCALMIN)) × (QCAL − QCALMIN) + LMIN (2)

where Lλ is the spectral radiance at the sensor’s aperture in W/(m2ster µm), LMAX and LMIN are the
spectral radiance that is scaled to QCALMAX and QCALMIN in W/(m2ster µm), QCAL is the quantized
calibrated pixel value in DN, and QCALMAX (= 255) and QCALMIN (=1) are the maximum and
minimum quantized calibrated pixel values in DN.

For LANDSAT 8 TIRS thermal infrared bands (band 10: 10.60–11.19 and band 11: 11.50–12.51 µm),
the radiance was calculated by using the following equation [41,43].

Lλ = ML × QCAL + AL (3)

where Lλ is the top of atmosphere (TOA) spectral radiance in W/(m2srad µm), ML is the band-specific
multiplicative rescaling factor from the metadata, AL is the band-specific additive rescaling factor from
the metadata, and QCAL is the quantized and calibrated standard product pixel values.

Next, the radiance obtained from Equations (2) and (3) was converted to brightness temperature
by using Equation (4) [40,41].

T = K2/ln [(K1/Lλ) + 1] (4)

where T is the at-satellite brightness temperature in Kelvin (K), K2 is the calibration constant
2 = 1282.71 K (in case of LANDSAT 5 TM) or band-specific thermal conversion constant from the
metadata (K2_CONSTANT_BAND_x, where x is the band number, 10 or 11) (in case of LANDSAT
8 TIRS), K1 is the Calibration constant 1 = 666.09 W/(m2sterµm) (in case of LANDSAT 5 TM) or
band-specific thermal conversion constant from the metadata (K1_CONSTANT_BAND_x, where x is
the band number, 10 or 11) (in case of LANDSAT 8 TIRS), Lλ is the spectral radiance at the sensor’s
aperture in W/(m2ster µm) (in case of LANDSAT 5 TM) or top of atmosphere (TOA) spectral radiance
in W/(m2srad µm).

Then, the brightness temperature was converted from Kelvin to ◦C using the following equation.

TS = T − 273.15 (5)

where TS is the surface radiance temperature in ◦C, T is at-satellite brightness temperature of a black
body in Kevin. Finally, the surface radiance temperature maps of BMA at various times were calculated.

Land surface emissivity (LSE) is one of the key parameters to retrieve accurate LST from remotely
sensed imagery. Landsat 5 (band 3, 4) and Landsat 8 (band 4, 5) were used to calculate the Normalized
Difference Vegetation Index (NDVI). Then, the proportions of vegetation covering the BMA were
calculated by using the equation [37,44] as shown:

Fr = (NDVI − NDVIbs)/(NDVI0 − NDVIbs) (6)

where Fr is the fractional vegetation cover, NDVI is the Normalized Difference Vegetation Index,
NDVIbs is the bare soil, and NDVI0 is the 100% vegetation cover NDVI.

To analyze the variation of surface temperature, the average surface temperature is calculated
from the inner city, urban fringe, and suburb. Then, it is compared at each time period, such as monthly,
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seasonal, and yearly. The intensity of the urban heat island, UHII for the inner city, urban fringe,
and suburb areas were determined by the following equations [37]:

UHII(inner-suburb) = surface temperature inner − surface temperature suburb (7)

UHII(urban fringe-suburb) = surface temperature urban fringe − surface temperature suburb. (8)

Then, the variation of surface temperatures and UHII in the inner city, urban fringe, and suburb
areas were compared and described.

2.3.3. Statistical Analysis

Global Moran’s I statistic was used to identify characteristics of the global pattern to measure the
correlation among spatial observations. Moran’s I was used to evaluate autocorrelation in dengue
spatial distribution, testing how dengue incidence was clustered among districts [45–47].

Kernel density estimation is a method for examining large-scale trends in point pattern analysis,
analyzing disease patterns and detecting hot spots. The approach estimates how event frequencies
vary continuously across the study area based on the point patterns [46,48]. Figure 3 illustrates
the kernel density approach in estimating event intensities from a number of points across a grid
plate. In this example, the algorithm estimates the intensity by counting the number of building
per km*. Then, these intensity values were summed up to generate a final intensity value of each point.
This method was applied by categorizing building density into low and high-rise building density in
each zone (Figure 3). Figure 3 illustrates the distribution of buildings in the Bangkok Metropolitan
Area in 2009 and 2014, respectively.

Figure 3. Distribution of the high-rise building during 2009–2014.

Generalized linear models were used to assess the association of vegetation coverage (Fr) with LST
and built-up area with temperature.
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Bayesian hierarchical modeling was used to model the spatial distribution of the relative incidence
of dengue in Bangkok districts in years 2009 and 2014 to explore the association with the surface
temperature and the number of buildings. For disease mapping of aggregate health data (district level
in our case), a classical approach to relative risk analysis is the application of the model proposed
by Besag, York, and Molliè (BYM model) [49]. For our analysis, we then assumed that the dengue
incidence of 50 Bangkok districts {yi}, i = 1, . . . , 50, were conditionally independent observations with
Poisson likelihood. That is, yi ~ Poisson (niθi) where ni is the population and θi is the relative incidence
of district i. The logarithm function was adopted as the natural link function for Poisson modeling
from Equation (9) to covariates of interest. Then, the relative incidence for each district was spatially
modeled as

log(θi) = αi + β1 LB + β2 HB + β3 LBT + β4 HBT (9)

where LBT and HBT are the surface temperature (◦C) and LB and HB are the number of buildings
per 1000 for each district i for low-story (LB) and high-story (HB) buildings with their corresponding
coefficients, β1, . . . , β4. αi is the random intercept for each district, i.e., αi = β0 +ui +vi where β0 is the
overall intercept. Under the BYM model, ui and vi are spatial and non-spatial random effects following
the intrinsic conditional autoregressive and Gaussian models, respectively [49,50].

Since we used the Bayesian approach, prior distributions were specified for the parameters,
β0, . . . , β4, ui and vi. For β0, . . . , β4, we assumed a non-informative Gaussian prior distribution with
mean equal to zero and small precision (large variance) equal to 0.00005 [51]. The two precision
hyper parameters for ui and vi, were specified according to a non-informative prior with Gamma
(0.5, 0.0005) [51]. All the parameters were estimated using Bayesian inference, based on the Integrated
Nested Laplace Approximations (INLA) [52] using the RStudio software version 1.1.463.

3. Results and Discussion

3.1. Dengue Incidence Map

Dengue incidence data were obtained from the Bangkok Metropolitan Administration.
Figure 4a shows the location of significant local hotspots of spatial association using Moran’s I statistics.
The Moran index reflects how neighboring values are associated with each other. Those locations were
classified by type of association as the red and blue districts indicating spatial clusters (high surrounded
by high (HH), and low surrounded by low (LL)), the orange and green indicating spatial outliers
(high surrounded by low, and low surrounded by high). It was found that the cluster districts with
high hotspots (HHHH) both in 2009 and 2014 were found in 15 districts (68%) in the inner zone and
three districts (13%) in the urban fringe as shown in dark red, which are related to high-rise buildings
distribution shown in Figure 3. The average incidence rates were 131 and 124 per 100,000 population
in the inner zone and urban fringe in 2009 and 2014, respectively.

3.2. Distribution of Buildings with Land Surface Temperature

Figure 5 shows that the high-density level of increasing built-up area was distributed in the
inner city and urban fringe. The areas with high LST expanded from the inner city to urban fringe;
meanwhile, there were no substantial differences in LST in 2009 and 2014. The Landsat TM and TIRS
thermal infrared bands worked very well at identifying the LST of BMA (Figure 6). The highest
temperature occurred in November 2009 at 33 ◦C and in November 2014 at 36 ◦C. Figure 6 also compared
the building density in 2009 and 2014. The highest building densities (per sq.km.) occurred in the
inner city and expanded to the urban fringe, at 84.295 to 111.359, respectively.
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Figure 4. Spatial autocorrelation mapping of dengue epidemic in Bangkok, Thailand.
(a) Dengue epidemic hotspot in 2009 (b) Dengue epidemic hotspot in 2014.
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Figure 5. Distribution of low buildings (<8 floors). (a) Kernel building density in 2009.
(b) Kernel building density in 2014.
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Figure 6. Comparison of land surface temperature and high-rise building density in Bangkok classified
into the inner city, urban fringe, and suburb areas in 2009 and 2014.

The average LST within each urban zone was calculated by using the Landsat TM and TIRS
Thermal Infrared band. These results showed that the increase of high-rise buildings from 2009 to
2014 was spatially different across these three zones. Meanwhile, these zones showed obvious average
land surface temperature differences in low-rise buildings (<8 floors). The average land surface
temperatures (◦C) from 2009 to 2014 were 23.4 ◦C and 27.4 ◦C in the inner city, 22.8 ◦C and 27.4 ◦C in
urban fringe, and 23.5 ◦C and 27.7 ◦C in the suburban zone, respectively, as shown in Table 1.

Table 1. The numbers of building and land surface temperature (◦C).

No. of Floor No. of Building Average LST (◦C) ∆ Temp.
(◦C)

∆ No. of
Building

Zone 2009 2014 2009 2014

Inner City <8 Fl. 791,387 814,438 23.4 27.4 4.0 23,051
≥8 Fl. 2007 3088 27.8 26.9 −0.9 1081

Urban Fringe <8 Fl. 991,713 1041,541 22.8 27.4 4.6 49,828
≥8 Fl. 2106 3538 26.7 27.0 0.3 1432

Suburban <8 Fl. 235,767 244,341 23.5 27.7 4.2 8574
≥8 Fl. 448 647 27.8 27.2 −0.6 199

Meanwhile, considering the relationship between LST and vegetation coverage (Fr)
from Equation (6), the vegetation coverage (Fr) negatively correlated with the surface temperature.
In the dry season, R2 was 0.83 in 2009 and 0.79 in 2014 (Table 2).
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Table 2. Relationship between land surface temperature (LST) and Fr.

Date Fitted Regression Model R2

19 November 2009 LST = −19.29(Fr) + 23.70 0.83
17 November 2014 LST = −27.27(Fr) + 27.30 0.79

Analysis of low-story building (LB) from three different zones was performed to observe the
dynamic change of building density. The results found that the change in LB density was distributed
in the increasing built-up area in the inner city, urban fringe, and suburbs, as shown in dark blue
in Figure 5. The areas with the highest increase building density from 2009 to 2014 were found in
the urban fringe both in the eastern and the western areas of Bangkok as shown in dark green in
Figure 5a,b. From 2009 to 2014, there were 162,010 new buildings in BMA. Bangkok is experiencing
rapid urban expansion. The buildings built in the inner city and urban fringe were large high-rise
buildings and increased the amount of vertical high-density buildings. Figures 5 and 6 and Table 1
shows the number of low-story buildings (LB) in BMA in 2009 and 2014. The growth rates of buildings
in the inner city, urban fringe, and suburbs were 2.9, 5.0, and 3.6%, respectively, indicating that urban
fringe changed rapidly compared to the other two zones. The LSTs in the inner city, urban fringe,
and suburbs were 17.1, 20.2, and 17.9%, respectively, which is consistent with the building growth
rate. The results showed that the surface temperature has increased by 4 ◦C in all urban zones over the
5-year period, and the spatial distribution of Surface UHIs was different between the three zones in
2009 and 2014. The result of this study related to the SUHI intensities in Bangkok of Keeratikasikron
and Bonadoni (2018), who found that in the city core, high-density residential, commercial areas exhibit
the highest mean SUHI intensities around 4 ◦C. Concerning the three zones, the warming effect of
high density of buildings found in the inner city and the Don Mueang airport in the northern area of
Bangkok with high temperature both in 2009 and 2014 [16].

Figure 7 shows that the correlation between temperature level and an increase in built-up density
in different zones. R2 values were only 0.008, 0.0007, and 0.05 for inner city, urban fringe, and suburban
areas, respectively. We found significant correlations between temperature levels and increased built-up
area in both inner and suburban zones (p = 0.05 and 0.01, respectively). The increase in the number of
high-rise buildings and higher building density affects LST and caused UHI phenomena in the city.
The increased in high-rise buildings in inner and urban fringe areas is not a significant factor leading to
the urban land surface temperature, because concrete was used for all of the construction in the whole
inner city. The land surface temperatures are always high. Therefore, increased high-rise buildings in
suburban areas would be a significant factor leading to urban LST. Hence, the urban heat island intensity
(UHII) between the inner city and suburban areas of the BMA was higher than the UHII between
the urban fringe and suburban areas. Concrete was used mostly for buildings and constructions in
the urban fringe and suburban areas. It affected the reflection and absorbed energy from the sun.
The increase in buildings and structures occurred and absorbed more energy from the sun than the
ground and vegetation, making the surface temperature of the buildings higher. The result of the UHI
phenomenon in the inner city is more heat than in the suburbs (Table 3). This corresponds to the cause
of the UHI phenomenon [53]. The findings in this study also agree with Sanecharoen et al. (2019),
where the increment of surface temperature because of existing concrete and asphalt materials was
reported [37].
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Figure 7. Relationship between LST and number of floor in each zone in 2014.

Table 3. Average LST of three main areas (inner city, urban fringe, and suburb) and intensity of the
urban heat island (UHII) in BMA (Unit ◦C).

Date
Average LST (◦C) UHII UHII

Inner City Urban Fringe Suburb (inner − suburb) (urban fringe − suburb)

19 November 2009 23.9 21.4 20.8 3.1 0.5
17 November 2014 28.1 27.3 25.8 2.6 1.7

3.3. Surface Temperature Variation and the Intensity of Urban Heat Island in BMA

In 2009, the average LST in each zone in the inner city (23.9 ◦C) was higher than that in the urban
fringe (21.3 ◦C) and suburban areas (20.8 ◦C). In 2014, the average LST in the inner city (28.1 ◦C)
was likewise higher than the urban fringe (27.3 ◦C) and suburban areas (25.8 ◦C) (Table 3). In addition,
the variation in urban land surface temperature in the urban fringe from 2009 and 2014 is the highest
(6 ◦C), followed by the suburban area (5 ◦C) and inner city area (4 ◦C), respectively.

Meanwhile, for UHII from Equations (6) and (7), the UHII values between the inner city,
urban fringe, and suburbs were determined as shown in Table 4. In 2009, there was a difference of
3.1 ◦C in the UHII between the inner city and suburban areas, while the UHII between the urban
fringe and suburbs differed by 0.5 ◦C. In 2014, the UHII between the inner city and suburban areas
was as high as 2.6 ◦C. The UHII between the urban fringe and suburban areas was as high as 1.7 ◦C.
Thus, the UHII between the inner city and suburban areas was greater than with the UHII between the
urban fringe and suburban areas.
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Table 4. The estimates and corresponding 95% credible intervals (CrI) of the association (coefficients)
between dengue incidence and covariates for each Bangkok district in 2009 and 2014 by the Bayesian
hierarchical modeling (BYM) approach.

Year 2009 Mean SD 95%CrI Lower Median 95%CrI Upper

(Intercept) 5.3208 0.509 4.3171 5.3205 6.3244
LB09 −0.0061 0.002 −0.0101 −0.0061 −0.0022
HB09 0.7857 0.3243 0.1475 0.7852 1.4258
LBT09 −0.0051 0.0192 −0.0434 −0.005 0.0323
HBT09 −0.0059 0.0163 −0.0378 −0.006 0.0264

Year 2014 Mean SD 95%CrI Lower Median 95%CrI Upper

(Intercept) 7.1628 3.0638 1.1583 7.1496 13.2332
LB14 −0.0008 0.0028 −0.0063 −0.0008 0.0047
HB14 0.2983 0.2792 −0.2548 0.2992 0.8461
LBT14 0.0159 0.0322 −0.0474 0.0159 0.0795
HBT14 −0.1101 0.1185 −0.3453 −0.1096 0.1218

Remark: LB = Low-story buildings; HB = High-story buildings; LBT = Low-story buildings temperature;
HBT = High-story buildings temperature.

3.4. Relationship between LST and UHII with High-Rise Buildings in Different Three Zones

Bangkok is experiencing rapid urban expansion. The urban growth rate during 2000–2009 was
2.41% per year. The buildings located in the inner city and urban fringe were large high-rise buildings
that increased the amount of vertical high-density buildings. The urban area in 2014 accounted for
56% of the BMA, as shown in Table 3. The buildings located in the inner city and urban fringe were
large high-rise buildings and increased the quantity of vertical high-density buildings. The number of
high-rise buildings of eight or more stories in the inner city and urban fringe areas of BMA from 2009
to 2014 increased. Due to limited city space, the buildings have increased vertically, especially in the
inner city.

Figure 8 shows buildings in BMA in 2009 and 2014. The number of high-rise buildings of eight
or more stories in the inner city and urban fringe areas of BMA from 2009 to 2014 increased by
49.4% and 79% respectively. In 2009 and 2014, there were 3071 and 4588 high-rise buildings (HB),
respectively. The high-rise buildings in the inner city areas increased by 1494 units between 2009 and
2014, whereas in the urban fringe and suburb areas, they increased by 1076 and 45 units, respectively.

Figure 8. The variations in the land surface temperature in each district over different zones.
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As can be seen in Figure 8, the LST of the low-rise buildings (LB: blue dots) in 2009 increased
when the number of high-rise buildings (HB: gray dots) increased. It seems that the LST increases
a lot in low-story buildings from 2009 to 2014. In addition, the LST in 2014 increased higher than
the LST in 2009 in both the low-rise and high-rise buildings. The land surface temperature kept
increasing with the high-rise building density. Both the low-rise buildings (LB: red dots) and high-rise
buildings (HB: yellow dots) had high land surface temperatures, although the LST changed within
different zones, as shown in Figure 8. The area percentages of the low-rise buildings in 2014 was larger
than the LST in 2009 both in urban fringe and suburban areas, whereas the proportion of area inner
zones had the same probability of LST. These results confirm that the roles played by the difference
in energy consumption between inner city, suburban, and urban fringe areas are mainly because
the cooling load of urban buildings is 13% higher than that of similar buildings in the rural–urban
fringe areas. Thus, this relationship between electricity consumption and temperature has been clearly
established [20,54–56].

3.5. Correlation Coefficients between LST, Number of Buildings, and Dengue Incidence Per District

The Pearson correlation coefficients between dengue incidence per district, building density,
and land surface temperature were calculated to analyze the relationship between dengue incidence
and land surface temperature at the time of occurrence. The highest correlation of average LST was
seen in 2009 at the same time of occurrence. The coefficient for 2014 showed the highest correlation
with the density of high-rise buildings (HB).

To relate the LST to dengue incidences, the correlation between the building density and LST
level for the low-rise and high-rise building was analyzed. The highest positive correlations were
found between the number of high-rise buildings (HB) and dengue incidences both in 2009 and 2014 as
0.43 ** and 0.37, respectively. Correlation is significant at the p-value < 0.01 (2-tailed). The relationship
between land surface temperatures and dengue incidences is shown in Figure 9a 2009 and Figure 9b
2014 with 85 and 75% of high dengue cases surrounded by high dengue cases (HH) in the inner city
by Moran’s I statistical analysis, respectively. Meanwhile, the relationship between LST and dengue
incidences by HH in 2009 and 2014 in the urban fringe are 15 and 26%, respectively. Pearson correlation
was used to calculate the correlation matrix (Figure 9 and Appendix A). In each zone, the LST data
were extracted from the satellite imageries for each year using statistical analysis. The highest positive
correlations in 2009 were the density of high-rise buildings in each zone with dengue incidence at
0.43 **. High negative correlations were found between the average LST in all of the zones of the
low-rise buildings at −0.49 *. The highest positive correlation in 2014 was the density of high-rise
buildings and dengue incidences at 0.37. A high correlation was also found between the average LST
each zone and dengue incidences at 0.33 **, which had a significant influence on urban land surface
temperature. As shown in Figure 9 and Table A1, changes in the building density in each zone are
highly correlated to changes in LST and dengue incidences, which had a significant influence on land
surface temperature. In 2009, the highest correlations between LST and dengue incidence in 2009
were found in the inner and suburb areas. In 2014, the highest correlations were found in all zones of
HB LST and LB density at 0.69 **. This means that the increasing of low-rise buildings density had
a significant influence on land surface temperature. In addition, the density of low-rise buildings
also generates high surface temperature. This means the dengue incidence occurred in the inner and
suburban areas in 2009 and was expanded to both the HB and LB areas in 2014.
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Figure 9. Relationship between LST, number of buildings, and number of dengue incidence in
(a) 2009 and (b) 2014 which **, Correlation is significant at the p-value < 0.01 (2-tailed).

Table 4 shows the mean, median, standard deviation (SD), and 95% credible interval (CrI) of the
association (each coefficient, β) between dengue incidence and socio-environmental covariates for
Bangkok districts in 2009 and 2014. The comparison of mean incidence rates implies the number of
high-rise buildings and both the number of high-rise buildings and surface temperature of low-rise
buildings increased dengue incidence in years 2009 and 2014, respectively. However, the number
of high-rise buildings was only significant (CrI of incidence does not include 1) with mean relative
incidence = exp(0.7857) = 2.19 (95%CrI: 1.16, 4.16) in 2009. This means for every 1000 new high-rise
buildings, the dengue incidence could increase 2.19 on average during that time period. Figure 10 shows
the results of the spatial distribution of the relative incidence of dengue in Bangkok districts in years
2009 and 2014 to explore the association with the surface temperature and the number of buildings by
the Bayesian hierarchical modeling (BYM) approach.

4. Conclusions

To relate the LST to dengue incidences, the correlation between the building density and LST
level for buildings less than eight floors (LB) and buildings with 8 or more floors (HB) was analyzed.
The highest positive correlations were found between the number of high-rise building (≥8 floors)
and dengue incidences both in 2009 and 2014. In addition, positive correlations were found between
the number of LB and the average LST with dengue incidences both in 2009 and 2014. The highest
negative correlations were found between dengue incidences and the average LST of LB.

The areas with higher building density in the inner city and urban fringe zones are at higher risk of
being dengue hotspots, as shown in the dark red areas in Figure 4. The building density and high-rise
building distribution in the vertical city were used to estimate the density and identify the areas where
the risk of a diseases outbreak is higher (Figures 6 and 7). The areas with high LST expanded from the
inner city zone to the urban fringe (Figure 6). We found significant correlations between temperature
levels and increases of built-up area and building density in suburban zones. Meanwhile, an increase
of built-up area in the inner city and urban fringe found non-significant correlation with LST. LST was
always at a high temperature level.
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Figure 10. The spatial distribution of the relative dengue incidence to explore the association with
the surface temperature and the number of buildings in years (a) 2009 and (b) 2014 by the Bayesian
hierarchical modeling (BYM) approach.
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This paper has explored the potential of geo-information technology to analyze the spatial
factors affecting dengue fever and land surface temperature. Geospatial technology is important for
the understanding of spatial correlation between epidemiological studies and urban land surface
temperature by satellite images. The results of this study lead to further understanding changes in
spatial patterns of urbanization from the past to the present or to investigate how spatial patterns
will change from the present to the future in terms of vertical city. Temperature was an important
variable related to the prediction of dengue incidence in the tropical zone [47,56–60]. The study of
Sarfraz et al. (2014), performed in Thailand, found that a temperature range between 30–35 ◦C had a
high impact on Aedes vector breeding. Nakhapakorn and Tripathi (2005) and Ssempiira et al. (2017)
found that temperature indices of dengue with a lag of time 2–4 weeks were related to the dengue
incidence rate [47,61].

In the Bangkok Metropolitan Area, dengue incidence has been associated with LST. LST was one
of the variables that was significantly associated with vertical city development, urban expansion,
and human dengue incidence. In this study, high dengue incidence was related to the building density
and LST level for buildings with eight floors or more.

The Pearson correlation coefficients between incidence, building density, and land surface
temperature were calculated to analyze the relationship between dengue cases and land surface
temperature at the same time of occurrence. The highest correlation of average LST was seen in 2009 at
the same time of occurrence. For 2014, dengue incidence had the highest correlation with the density
of high-rise buildings (≥ eight floors). Positive correlations were also found between dengue incidence
and average LST. These findings could be used for urban planning such as the surveillance system by
BMA and environmental monitoring of the significant relationship aspects obtained from this study.

In the future, new IT technologies, including data sciences, object recognition, and time-series
analysis, can derive data to estimate infectious disease trends enabling more accurate predictions for
vector-borne diseases. Further studies in epidemic forecasting are still needed to exploit the power of
big data, machine learning, artificial intelligence, and geospatial technology to identify the association
of high-risk factors influencing the epidemic outbreak. The Sustainable Development Goals set out by
the 2030 Agenda for Sustainable Development propose goals, which involve creating green public
spaces and improving urban planning and management to make cities sustainable, safe, and resilient.
Developing adaptation strategies for UHI and climate change to improve the resilience of the city has
been considered as the future direction of the city planning. There are also limitations existing in this
study for the lack of non-anthropogenic parameters, climate scenarios, and geo-information technology
such as digital surface model (DSM) and digital terrain from Light Detection and Ranging (LIDAR)
data and very high-resolution satellite imageries need to be improved for the prediction. Future work
on these parameters for finding links between UHI and dengue incidences is recommended. Therefore,
it is of great scientific significance to study the impact of urban expansion on the UHI effect to improve
the adaptability and resilience of cities to climate change for the Bangkok Metropolitan Administration
and Ministry of Public Health. This study has several limitations. Firstly, the spatial scale of the
dengue incidence data is at a relatively coarse scale (district) and much more so than the spatial scale
that is possible for estimates of built-up area and LST. However, insofar as dengue occurs in spatial
clusters, very fine geographical scale analyses would be confronted with a non-independence of locally
occurring dengue cases. Secondly, the division of Bangkok into three zones is somewhat arbitrary,
but it at least enables a broad differentiation of Bangkok into the recognizably different suburban and
central city areas with a buffer area in between.
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Appendix A

Table A1. Pearson correlation between numbers of building, average land surface temperature (LST),
and dengue incidence in 2009 and 2014.

No. of
Building < 8Fl.

Average
LST (◦C) < 8Fl.

Dengue
Incidence

No. of
Building > 8Fl.

Average
LST (◦C) > 8Fl.

No. of Building
<8Fl. Pearson Correlation 1 −0.504 ** −0.496 ** −0.282 −0.289 **

2009 Sig. (2-tailed) 0 0 0.047 0.042

Average LST (◦C)
2009 Pearson Correlation −0.504 ** 1 0.299 * 0.434 ** 0.489

No. of Building
<8Fl. Sig. (2-tailed) 0 0.035 0.002 0

Dengue Incidence Pearson Correlation −0.496 ** 0.299* 1 0.425 ** 0.112 *
2009 Sig. (2-tailed) 0 0.035 0.002 0.439

No. of Building
>8Fl. Pearson Correlation −0.282 * 0.434** 0.425 ** 1 * 0.147 **

2009 Sig. (2-tailed) 0.047 0.002 0.002 0.309

Average LST (◦C) Pearson Correlation −0.289 * 0.489 ** 0.112 0.147 * 1 **
No. of Building

>8Fl. Sig. (2-tailed) 0.042 0 0.439 0.309

2009

No. of Building
<8Fl. Pearson Correlation 1 −0.455 ** −0.269 −0.074 −0.171 **

2014 Sig. (2-tailed) 0.001 0.059 0.609 0.235

Average LST (◦C) Pearson Correlation −0.455 ** 1 0.333 * 0.141 ** 0.694
No. of Building

<8Fl. Sig. (2-tailed) 0.001 0.018 0.327 0

2014

Dengue Incidence Pearson Correlation −0.269 0.333 * 1 0.367 0.024 *
2014 Sig. (2-tailed) 0.059 0.018 0.009 0.866

No. of Building
>8Fl. Pearson Correlation −0.074 0.141 0.367 ** 1 0.121

2014 Sig. (2-tailed) 0.609 0.327 0.009 0.401

Average LST (◦C) Pearson Correlation −0.171 0.694 ** 0.024 −0.121 1 **
No. of Building

>8Fl. Sig. (2-tailed) 0.235 0 0.866 0.401

2014

*. Correlation is significant at the 0.05 level (2-tailed). **. Correlation is significant at the 0.01 level (2-tailed).
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