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Abstract 
Microclimate prediction models have been developed to 
consider the effects of urban variables on urban 
microclimate. However, existing studies have not fully 
exploited the spatio-temporal microclimate data and 
focused on either spatial or temporal aspects of 
microclimate conditions.  In this study, we analyze the 
characteristics of full spatio-temporal data of 246 weather 
stations in Seoul, Korea through the widely used multiple 
linear regression and Gaussian process regression. We 
created a set of datasets with different levels of spatial-
temporal variability and evaluated the suitability of the 
two methods and the characteristics of the microclimate 
data. The statistical analysis results indicate that the 
accuracy of predicting the urban heat island (UHI) 
intensity depends on a level of variability contained in the 
spatio-temporal data and the two methods cannot fully 
explain the effect of meteorological and urban variables 
on the UHI phenomena. The results suggest the need to 
develop an appropriate modelling methodology that can 
accurately capture full variability in the spatial-temporal 
data of microclimate conditions. 
Key Innovations 
• Microclimate prediction models on the basis of daily 

average UHI intensity data were developed in terms of 
a comprehensive set of 17 meteorological and urban 
variables.  

• The suitability of both linear regression models and 
Gaussian process models for the spatiotemporal 
microclimate data was examined through the case area 
of Seoul.  

Practical Implications 
Microclimate have different spatiotemporal patterns, and 
the effects of spatial-temporal variability are essential 
considerations in data-driven microclimate prediction 
model. An appropriate modelling methodology is 
required that can reflect both impact of temporal and 
spatial factors and comprehensive variable interactions. 
The urban microclimate prediction model can be used as 
a practical tool to derive economical and efficient urban 
ecological infrastructure plans for establishing urban 
microclimate mitigation strategies. 
 

Introduction 
Weather data is a time series variable that greatly affects 
the output variable among the input variables of the 
simulation model. Accurate weather data, which is a 
physical environmental factor affecting the building 
performance, is required, but there is a limit to the number 
and format of weather data. Meteorological data 
representing only the weather condition at a specific point 
cannot reflect various weather changes and differences. It 
is difficult to actually obtain weather data measured at the 
nearest distance from the location of the building. 
Microclimate data is even more difficult. Therefore, the 
microclimate prediction model based on the measured 
data can provide information on the climate, and can be 
systemized later to provide reliable microclimate data in 
various weather conditions. 
Urban heat island (UHI) is one of representative 
microclimate phenomena in urban areas in which outdoor 
air temperatures are much warmer than those in 
surrounding rural areas due to high amount of heat 
absorbed and contained by urban surfaces. The UHI 
intensity is the most popular index to present the UHI 
phenomenon and is typically measured by the temperature 
difference between the urban and rural areas. The UHI 
intensity is typically calculated by the hourly resolution 
and averaged over a selected period, but sometimes other 
UHI intensity indexes are created to understand the 
characteristics from a different perspective (Lee and Baik, 
2010; Jiang et al., 2019). 
The land surface temperature (LST) from satellite data 
has been mainly used to describe urban microclimate 
conditions. Although the LST is shown to have a 
substantial correlation to the actual air temperature 
(Vancutsem et al., 2010; Janatian et al., 2017), the LST 
cannot completely replace the measured air temperature. 
Sheng et al. (2017) compared the two UHI intensity 
values quantified using air temperature and LST data. 
They found that the two indicators differ from each other 
and that the UHI intensity is affected by the choice of the 
indicator and the dataset. 
Existing microclimate analysis on the basis of air 
temperature measurements is limited to a small set of 
measurement points or specific days. The number of 
measurements is not often large enough to cover a large 
urban area. The limited set of measured air temperatures 
from 15 stations was used to identify the temporal and 
spatial variability of UHI within the Rotterdam (van Hove 
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et al., 2015). Tong et al. (2018) set up 46 weather stations 
to collect the outdoor weather conditions. In addition, 
even if the number of data exists enough to be verified, 
specific days are often selected to reveal the UHI effect 
well in certain weather and time conditions. Lee and Oh 
(2018) used the temperature data of 246 weather stations 
in Seoul for classification of urban climate zones (UCZs), 
but only 9 selected days with the lowest wind speed and 
no clouds in summer and winter for 3 hours after sunset 
was used to consider only the clear UHI characteristics 
during clear weather conditions. Up to date, a portion of 
spatio-temporal variability in microclimate conditions has 
been considered in microclimate analysis, and a vast 
amount of microclimate data with large spatio-temporal 
variability needs to be fully utilized to improve the 
applicability of prediction models. 
Modelling methods used for microclimate prediction can 
be broadly divided into linear and nonlinear methods. In 
many studies, the multiple linear regression model has 
been mainly used to determine the influence of the 
selected independent variables. Zhou et al. (2011) derived 
relationships between both land cover composition and 
configuration and LST through the multiple linear 
regression analysis. On the other hand, machine learning 
techniques have been applied consider nonlinearity and 
interactions between variables. Recently, a temporal UHI 
model and a spatial UHI model were developed based on 
the deep-learning algorithm (Oh et al., 2020). Also, 
Alonso and Renard (2020) concluded that the random 
forest model resulted in a better prediction accuracy than 
the multi-linear regression model. Nevertheless, the 
studies are based on the limited microclimate data set, and, 
thus, the appropriateness of different statistical models for 
a large amount of spatio-temporal microclimate data has 
not yet investigated.  
The objective of this study is to investigate whether the 
spatio-temporal variation in the microclimate data is 
sufficiently explained by the statistical modelling 
methods, namely multiple linear regression and Gaussian 
process models. Most of existing microclimate studies 
have used either temporal data or spatial data, and the 
spatial-temporal data has been rarely used. This study 
used the spatio-temporal data of 246 locations in Seoul for 
one year and created sets of microclimate data with 
varying levels of spatio-temporal variability. The two 
statistical models were applied to investigate the data 
characteristics and the suitability of the models.  
Methodology 
This study investigates the effect of spatio-temporal 
variations in urban microclimate data on the model 
predictability for future development of microclimate 
prediction models. We are focused on the microclimate 
predictions based on real data and statistical modelling 
methods. The urban microclimate data of Seoul were used 
in this analysis, and the UHI effect in 246 locations was 
analyzed in terms of the UHI intensity. Figure 1 shows 
246 automatic weather stations (AWS) evenly distributed 
over the study area, and the AWS data for the entire year 
of 2017 were used in this study. 

 
Figure 1. 246 AWS points (by SK Planet) 

In the case study, we computed the UHI intensity in a 
daily resolution. Since the hourly UHI intensities have 
dynamic time correlations, we used the daily resolution of 
UHI intensities to disregard time correlations in analysis. 
We considered the mean, diurnal mean, nocturnal mean, 
max, diurnal max, and nocturnal max UHI intensities to 
represent the daily UHI phenomena. 
In order to evaluate the effect of spatio-temporal 
variations on the model predictability, we incrementally 
reduced the data variability depending on the time period, 
the spatial locations, and the temporal resolution. We 
created 18 different datasets with different variability as 
below. The whole-year data of all the locations were 
divided into four seasons. We created another dataset in 
which daily UHI values were aggregated into monthly 
average UHI values. In addition, we reduced the data 
variability by using the daily UHI data of all the stations 
on a particular day and the whole-year daily data on a 
specific station. 
• Whole year data (full dataset) 
• Spring data (March, April, May) 
• Summer data (June, July, August) 
• Fall data (September, October, November) 
• Winter data (January, February, December) 
• Monthly average data (12 monthly average data) 
• Spatial data of six stations (one location per model) 
• Temporal data of six each day (1/15, 3/15, 5/18, 8/4, 

10/28, 12/12) 
Microclimate data in nature show spatio-temporal 
variability, which is due to complex interactions among 
various meteorological and urban factors. On the basis of 
recent microclimate studies that investigated the effects of 
various factors on the UHI, we created a comprehensive 
list of factors that cover (1) meteorological indicators, (2) 
urban morphological indicators, (3) anthropogenic heat 
indicators, and (4) vegetation index. 
We used linear regression models and Gaussian process 
models to scrutinize whether these commonly used 
statistical models can capture underlying complex 
relationships between the meteorological and urban 
factors and UHI data. Each statistical model was applied 
to individual datasets with different levels of spatial-
temporal variability. By comparing different models, we 
will discuss the suitability of the two statistical models to 
properly predict spatial and temporal variations in relation 
to meteorological and urban factors. In both modelling 
methods, models were created using the same 18 datasets 
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mentioned above, allowing analysis according to the 
model methodology.  
Linear regression models have been frequently used to 
predict the effect of urban factors on UHIs under selected 
days of certain meteorological conditions. Through the 
commonly used multiple-linear regression analysis, we 
check whether the mutual complexity of comprehensive 
urban factors can be explained in a linear form. On the 
contrary, although the GPR model is a black box model, 
it can include the parameter interaction and derive a 
predicted value similar to the actual data with high 
predictability. Through nonlinear regression analysis with 
these characteristics, prediction aspects are interpreted 
according to spatiotemporal diversity. In the statistical 
analysis results of two methods representing linear and 
nonlinear, the effect of spatiotemporal data difference on 
UHI intensity and its prediction is to be investigated.  
When analysing the microclimate, we will understand the 
effect of the basic concepts about space and time on the 
actual dataset.  Furthermore, we think about whether the 
methods currently in use are enough to interpret UHI 
phenomena. The overall process of the study was 
performed by MATLAB and ArcGIS10.1 programme. 
 
Case Study 
Study Area and UHI Intensity 
The case study area is Seoul, which has a population of 
10 million and an area of 605km2. Seoul has four distinct 
seasons with hot and humid summer and cold and dry 
winter seasons. Geographically, the Han River flows 
through the center of the city and is a basin-shaped city 
surrounded by mountains. On the contrary, urbanization 
has been already accelerated in Seoul, which results in the 
high density of urban buildings and, consequently, serious 
environmental problems. 
We obtained measurement data in 2017 from 246 AWS 
evenly distributed in the study area. After data pre-
processing, we utilized 236 AWS measurement data for 
analysis. As the first step, we analyzed the air temperature 
to investigate the UHI intensity. 
The UHI intensity is the most commonly used indicator 
to represent the UHI effect. The UHI intensity was 
calculated by subtracting hourly air temperatures in a 
reference rural area, Yangpyeong from those in Seoul. 
Yangpyeong has the automated synoptic observing 
system (ASOS, provided by Korea Meteorological 
Administration) with the same reliability as the reference 

meteorological station in Seoul. Geographically, it is not 
far from the Seoul, and the altitude of the Yangpyeong 
station is included in the altitude range of the AWS. 
Table 1 describes Pearson correlation coefficients among 
various forms of UHI intensities that summarize the UHI 
intensity of whole day, daytime and night-time in terms 
of the mean and maximum value. The correlation 
coefficients between daytime and night-time UHI 
intensities are low, which suggests that diurnal and 
nocturnal UHI phenomena are different and may be 
separately modelled to explain the different effects of 
factors on day and night periods. Nevertheless, the mean 
UHI intensity, commonly used in microclimate analysis, 
showed a high correlation to the other indexes. Therefore, 
the mean UHI Intensity was used as a dependent variable 
for developing different regression models. 

  
 Figure 2. Range of mean UHI intensity 

Figure 2 shows the boxplot of the mean UHI intensity 
values derived from the different data sets. For each box, 
the center mark represents the median, and the lower and 
upper edges of the blue box represent the 25th and 75th 
percentiles, respectively. Whiskers extend to the largest 
or smallest data point not considered outliers, and outliers 
are plotted individually using red marks. As expected, the 
whole year data showed the highest range and outlier. 
However, even after the whole year data are divided into 
different seasons, all of them have a similar range of 
intensities between -4℃ and 6℃. Among seasonal data 
sets, the daily UHI intensities in fall and winter showed a 
higher range than those in spring and summer. 
In comparison to the datasets with different periods, the 
monthly average data set showed a much reduced range 
between -2℃ and 3℃. The variation in daily UHI values 
for each month is absorbed by the mean value, and, 
consequently, the reduced variation in the monthly 
average values is observed. Using monthly average data, 
we can compare the effect of the reduced variation in the 
dependent variable on the model predictability. 

Table 1. Correlation coefficients of UHI intensity index 
 

Mean UHI 
Intensity 

Diurnal 
Mean UHI 
Intensity 

Nocturnal 
Mean UHI 
Intensity 

Max UHI 
Intensity 

Diurnal 
Max UHI 
Intensity 

Nocturnal 
Max UHI 
Intensity 

Mean UHI intensity 1      
Diurnal mean UHI intensity .65 1     

Nocturnal mean UHI intensity .80 .20 1    
Max UHI intensity .48 .30 .39 1   

Diurnal max UHI intensity .36 .12 .13 .62 1  
Nocturnal max UHI intensity .58 .51 .78 .55 .16 1 
Note:  p<0.05 (2-tailed); Pearson correlation coefficients 
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Figure 3. Daily mean UHI intensity for each day 

 
Figure 4. Daily mean UHI intensity for each station 

The whole year dataset of daily mean UHI intensities 
consists of 365-day UHI values for each of 236 stations. 
Figure 3 exhibits the spatial variation of UHI values 
across all the stations shown in each box per day along the 
x-axis. In contrast, Figure 4 displays the temporal 
variation of the whole year per station along the x-axis for 
236 distributed stations. Figures 3 and 4 show the spatial 
and temporal variations of the same dataset, respectively. 
The temporal and spatial variations showed distinctly 
different patterns. Although the temporal variations of 
individual locations vary significantly, the spatial 
variations of different days are similar throughout the 
whole year. In other words, as shown in Figure 3, the UHI 
intensity range across Seoul for each day appears similar, 
but Figure 4 shows the intensity range of the whole year 
for each location varies substantially. These observed 
trends suggest that the UHI intensity variation over space 
is greater than the change in the UHI intensity over time. 
Also, since the UHI effects vary depending on location 
and date, it is necessary to analyze them separately to 
consider the effects of spatial and temporal variability. 
Meteorological and Urban Predictors 
The independent variables used to describe UHI effects 
were classified into four main categories. The four 
categories consist of the meteorological indicators, urban 
morphological indicators, anthropogenic heat indicators, 
and vegetation index. The variables were then selected by 
performing a correlation analysis between the variables 
for each category. We excluded highly correlated 
variables among the comprehensive variables in each 
category. As a result, we utilized a total of 17 variables in 
the case study. Basically, it is daily resolution, so for 
variables that change over time, each contains 365 data. 
Also, if variables change according to spatial points, it has 
236 data. Therefore, temporal variables (i.e., 
meteorological indicators) have 365 data, spatial variables 

(i.e., urban morphological variables, transportation 
variables, vegetation index) have 236 data, and variables 
that change according to space and time have 236×365 
data (i.e., living population). A statistical summary of the 
17 indicators is shown in Table 2. All indicators are 
performed the normalization process when using as the 
predictors in each regression model. 
Meteorological variables reflect the weather conditions in 
Seoul. In general, information on representative weather 
stations can be obtained in most cities, which represent 
regional weather condition. We used the ASOS data 
which provided by KMA. The AWS data represent local 
weather, and the ASOS represents Seoul’s overall 
weather condition. Therefore, the model can reflect the 
influence of weather difference. Meteorological variables 
included the following five reference variables: 
• Daily average air temperature (M1) 
• Daily precipitation (M2) 
• Daily total solar radiation (M3) 
• Average cloudiness (M4) 
• Average wind speed (M5) 
Various urban morphological variables were widely 
investigated and the most used variables were selected. 
Urban characteristics were calculated by using GIS data 
provided by the government for public purpose. Various 
GIS shape files such as buildings, green areas, rivers, and 
roads were used. The average distance of adjacent AWS 
is 867m, and the minimum distance 282m. Thus, it sets 
the buffer corresponding to the radius range of influence 
to 500m. Each station has own urban morphological 
parameters, which are necessary to determine the extent 
to which urban morphological characteristics affect 
microclimates. Urban morphological variables included 
the following 8 urban characteristics: 
• Building height (U1) 
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• Building ratio (U2) 
• Surface-to-volume ratio (U3) 
• Street orientation (U4) 
• Canyon ratio (U5) 
• Building coverage ratio (U6) 
• Greenspace ratio (U7) 
• Water space ratio (U8) 
Anthropogenic heat indicators caused by human activities 
have a great impact on urban microclimate but they are 
difficult to quantify into specific indexes. We used ‘living 
population data’ and subway-related data as the indirect 
indicators of human activities. The living population shall 
provide information related to all populations existing in 
each unit area at a time when the current status of living 
population activities in Seoul, such as age group, 
foreigners, and movement of population. In addition, 
there are many public transportation passengers in Seoul, 
and especially there are more than 300 subway stations in 
Seoul. The higher number of subway stations in the buffer 
means that the floating population is larger than other 
regions. We also computed transportation data and 
population data using ArcGIS10.1 program and 
MATLAB. Anthropogenic heat indicators: 
• Number of subway stations (A1) 
• Mean distance from AWS to subway stations (A2) 
• Living Populations (A3) 
Finally, normalized difference vegetation index (NDVI) 
is used as a vegetation index. NDVI is a simple graphical 
indicator calculated by remote sensing measurements 
based on LANDSAT satellite data. A higher NDVI value 
means more and better vegetation, and the type and 
presence of vegetation can be distinguished depending on 
the range of values. It can address the limitations of 
greenspace derived from GIS data, and NDVI can explain 
overall urban composition as well as vegetation 
information. 
• NDVI (V1) 

 
Table 2. Statistic summary of data used for predictors 

 Mean Std.Dev Max Min Median 
M1 13.07 10.98 31.40 -9.40 15.10 
M2 3.38 15.13 144.50 0.00 0.00 
M3 12.65 7.06 28.53 0.02 11.18 
M4 4.59 3.19 10.00 0.00 4.40 
M5 2.19 0.70 4.20 0.00 2.10 
U1 13.73 6.06 59.33 4.33 12.15 
U2 1.70 0.40 5.55 1.41 1.59 
U3 0.31 0.07 0.53 0.13 0.32 
U4 92.34 14.37 129.04 54.41 92.18 
U5 2.35 0.66 4.38 0.06 2.36 
U6 0.27 0.081 0.42 0.02 0.27 
U7 0.12 0.138 0.78 0.00 0.08 
U8 0.02 0.043 0.38 0 0 
A1 0.66 0.630 2.00 0 1 
A2 157.53 173.63 495.97 0 82.89 
A3 543639 219607 1634395 8767 533674 
V1 0.16 0.04 0.31 0.04 0.15 
It is the statistics before the normalization. 

Results 
This section analyzes different sets of daily mean UHI 
intensity data: the whole-year, seasonal (spring, summer, 
fall, and winter), monthly average data. These six datasets 
contain both spatial and temporal variations and, thus, 
require a spatio-temporal model. In each dataset, UHI 
intensity is used as response variables, and 17 variables in 
four categories are used as explanatory variables. In 
addition, we created the two additional data sets: spatial 
data of all locations for each of randomly selected six 
dates and temporal data of the whole year for each of six 
randomly selected stations. The statistical spatial model 
for the selected day is using all spatial data. Each model 
predicted the UHI intensity by spatial impacts among 
stations on the same day. Therefore, meteorological 
variables that do not change during the same day are 
excluded from explanatory variables. In contrast, the 
statistical model on the whole-year data from one station 
is a temporal model that can explain the temporal changes 
of UHI effects over a year of the specific station. 
Therefore, meteorological variables and living population 
variables that change over time in the same station are 
used as explanatory variables. The locations of specific 
stations are illustrated by blue dots in figure 1. 
When the spatial and temporal datasets are used, both 
spatiotemporal variabilities are considered. In those 
models, we can see if the statistical model can reflect the 
dynamic nature of different periods. In the case of all 
spatial datasets, a specific day is selected and a model is 
created according to the changes in the data over space 
represented by points spread evenly throughout Seoul. In 
this case, the influence of the time variable was eliminated 
for each model. Likewise, in the model of all temporal 
datasets, we can remove the variability caused by changes 
in spatial characteristics by selecting a specific station. 
Multi-linear Regression Models 
Table 3. Summary of multiple linear regression analysis 

Data Type R-squared RMSE 
All spatial and temporal data with different period 

Whole-year .37 1.42 
Spring .31 .88 

Summer .24 .91 
Fall .33 1.11 

Winter .51 1.09 
Monthly Average .44 .58 

All Spatial Data 
Day 1 (1/15) .37 .49 
Day 2 (3/15) .30 .49 
Day 3 (5/18) .28 .51 
Day 4 (8/4) .18 .57 

Day 5 (10/28) .28 .57 
Day 6 (12/12) .27 .50 

All Temporal Data 
Location 1 .45 .94 
Location 2 .39 1.12 
Location 3 .42 .88 
Location 4 .44 .97 
Location 5 .44 1.06 
Location 6 .43 1.04 
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As the first step, multi-linear regression models were 
developed under 18 different datasets. Table 3 
summarizes R-squared (coefficient of determination) and 
root mean squared error (RMSE) values of 18 multiple 
linear regression models to compare the suitability of 
linear model for spatial and/or temporal data of UHIs 
Overall, the model’s p-values converge to zero, which 
indicates that the model itself is significant, but the model 
predictability is rather low given the low range of R-
squared values. The maximum R-squared value is 0.51 for 
the winter season regression model. The R-squared values 
ranging below 0.5 means that the linear regression model 
explains less than 50% variation in the UHI data.  Thus, 
the multiple linear regression model appears unsuitable to 
capture spatial-temporal variation of UHI as a prediction 
model. 
All spatial datasets with the different days also showed 
low R-squared values. The highest linearity appears on 
the January 15 (R-squared value is 0.37). As both the 
winter dataset and this winter-day data show the highest 
R-squared values in comparison to the other seasons, we 
can see that the UHI phenomena during the winter shows 
a higher linearity in relation to the meteorological and 
urban variables. Unlike the expected trend that removing 
temporal variations in the dataset would improve the 
model predictability, the spatial datasets of individual 
days resulted in lower R-squared values than spatial-
temporal datasets. Thus, as the number of data with the 
same seasonality increases, the linearity of the data 
slightly increases. However, in the whole-year data model 
which considered seasonal continuity of all seasonal data, 
the R-squared value is slightly higher than the average of 
the seasonal models. 
The all temporal datasets with each of the six selected 
locations resulted in R-squared values ranging between 
0.39 and 0.45. Removing spatial variation from the 
dataset increases linearity in the relationships between 
predictors and UHI indicator, and also increases in the R-
squared value in comparison to the full spatial data in 
whole-year model. 
The RMSE value of the whole-year model is 1.42, and the 
RMSEs of the spatial and the temporal models decrease 
down to 0.49 and 0.88. This is because the more the 
number of data is, the more variation the observation data 
contain. In addition, it was observed that the mean RMSE 
value of the all spatial data models is 0.52, while the mean 
RMSE value of the all temporal data models is 1.00. 
Overall, the RMSE values of the spatial data models are 
also smaller than those of the temporal data models. This 
is because the range of standardized temporal data is 
larger and outliers occur more. Therefore, the precision is 
higher in the all spatial data models. However, the R-
squared value is rather higher in the model using temporal 
data. In other words, the error in all temporal data is larger, 
but the fluctuation of temporal data is more important to 
explain the behaviour of UHI intensity. 
Also, the difference in the UHI intensity range seen in the 
same station over whole year is much more dynamic than 
in regional distributed stations on the same day in figures 

3 and 4. That is, temporal variability has more influence 
on UHI prediction than spatial variability. 
Overall, multi-linear regression models showed a lower 
prediction accuracy potentially due to the inability to 
explain the non-linear trends and parameter interactions 
of meteorological and urban features on the UHI effect. 
Even with spatial or temporal data alone, the multi-linear 
regression models are not suitable to reliably predict the 
UHI at daily resolution. 
GPR Models 
This section applies a Gaussian process regression (GPR) 
model to 18 data sets in order to investigate whether 
spatial temporal variations of UHI, not well captured by 
the linear regression model, can be modelled by the GPR. 
The GPR model is well known to model nonlinear trends 
and parameter interactions. Table 4 summarizes the 
RMSE, CVRMSE, and R-squared values of the GPR 
models. The coefficient of variation of the root-mean-
squared error (CVRMSE) was used to evaluate the 
prediction accuracy of the model. In ASHRAE guideline 
14, the CVRMSE of ±0.225 is the requirement to meet 
for validating a daily resolution model. In addition, the 
prediction performance was evaluated in terms of the R-
squared value of predictions compared against 
measurements. This value was to evaluate how well 
prediction follows the overall trend of measurements. 

Table 4. RMSE, CVRMSE, R-squared of GPR models 
Data Type RMSE CVRMSE R2 
All spatial and temporal data with different period 
Whole-year .89 .77 .56 

Spring .75 1.11 .50 
Summer .67 .95 .60 

Fall .82 .48 .63 
Winter .89 .56 .67 

Monthly Average .07 .06 .99 
All Spatial Data 

Day 1 (1/15) .43 .11 .47 
Day 2 (3/15) .41 .26 .50 
Day 3 (5/18) .44 .45 .45 
Day 4 (8/4) .55 .29 .21 

Day 5 (10/28) .50 .19 .43 
Day 6 (12/12) .47 1.27 .31 

All Temporal Data 
Location 1 .86 .61 .53 
Location 2 1.03 .70 .47 
Location 3 .81 .56 .50 
Location 4 .88 .63 .54 
Location 5 .96 .61 .53 
Location 6 .96 .66 .51 

Overall, the RMSE values of the GPR model are smaller 
for each data set than those of the linear regression model 
corresponding to the same data set. In other words, more 
variations in the UHI are explained by the GPR model. 
Although the RMSEs of the GPR model decreased 
substantially, the GPR models that satisfy the ASHRAE 
criteria for model validation are only three cases: using 
the monthly average data (CVRMSE of 0.06), Day1 
(CVRMSE of 0.11), and Day5 (CVRMSE of 0.19). 
Particularly, the GPR model for predicting the monthly  
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Figure 6. (a) The time-series prediction by whole-year GPR Model, (b) predictions vs observations on the whole-year 

GPR model, (c) time-series predictions by the monthly average GPR model, (d) predictions vs observations on the 
monthly average GPR model

average UHI intensity showed the highest prediction 
accuracy. This is due to the fact that the much reduced 
variation in the monthly average data is well captured by 
the GPR model in comparison to the other data sets with 
a higher variation (shown in Figure 2). In contrast, 
variations in the spatial data or temporal data alone is not 
satisfactorily predicted by the GPR models. 
The trend of CVRMSEs is quite different between the 
temporal models and the spatial models. Although the 
CVRMSEs are high for all the temporal models for 
different locations, it is within the small range between 
0.56 and 0.70. On the other hand, the CVRMSEs of the 
spatial models vary considerably from 0.11 to 1.27. It may 
be explained by higher dynamic parameter interactions 
associated with the greater effect of location selection 
than date selection on the prediction accuracy. 
Figure 6 shows the predictions by the GPR models against 
measurements for the whole-year daily dataset and the 
monthly average dataset. Figure 6a shows the prediction 
results for one station in the whole-year model, and figure 
6c represent the results for 10 stations in the monthly 
average model. Figures 6b and 6d show the relationship 
between the predicated and the observed values. 
As demonstrated by the CVRMSE value of the monthly 
average prediction models, the monthly average 
prediction model accurately predicts the UHI trend with 
peaks as shown in figure 6c. However, the whole-year 
daily prediction model does not provide accurate 
predictions, particularly for upper and lower peaks, which 
also explains the high CVRMSE value of 0.77. 

Nevertheless, as shown in Figure 6b, the trend of 
predictions by the whole-year daily model follows the 
trend of measurements well, which resulted in the high R-
squared value of 0.56. The large discrepancy in upper and 
lower peaks may be due to highly dynamic parameter 
interactions of predictors on the UHI that are not 
represented in the GPR model. 
 
Conclusions 
This study is conducted to identify microclimate 
characteristics based on the temporal and spatial 
variability through measurement data, and to examine the 
impact of such variability on prediction performance. 
Using a statistical model to explain UHI effects in Seoul, 
a regression model analysis was performed by separating 
spatio-temporal data from the entire dataset. 
Comprehensive variables were used as determinants of 
UHI intensity, and the mean UHI intensity was used as a 
microclimate index. This study uses the standard linear 
and non-linear regression approaches to evaluate what are 
key characteristics of spatio-temporal variability. For 
comparison, we selected most commonly used statistical 
models, linear regression model and Gaussian process 
model that reflects both non-linearity and parameter 
interactions. 
We obtained meaningful results through the spatial and 
temporal data classification. UHI intensity had 
nonlinearity, and its magnitude was different by each date 
and location. Especially, variations between the spatial 
and the temporal models were distinct, and spatial 
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variability had a more effect when UHI intensity was 
predicted by spatial characteristics in all temporal data. In 
addition, the potential variables affecting UHI were 
strongly correlated. Therefore, the simple statistic 
modelling method could not explain the effect of 
variables in the UHI phenomenon. Multiple linear 
regression models were not suitable for reliable UHI 
prediction with the highest R-squared value at 0.51. 
Gaussian process regression considered the nonlinear 
trend and parameter interactions of UHI, so the RMSE 
values were smaller than linear regression. Therefore, 
GPR models better explained the UHI effect. However, 
only 3 out of 18 GPR models met the CVRMSE criteria, 
and variations in spatial or temporal data were not 
satisfactorily predicted by the GPR model. Also, the 
prediction trend fitted fairly well (R2=0.99) only with the 
monthly average data, but other models showed large 
discrepancies for the upper and lower peaks. This could 
be due to dynamic parameter interaction. The models’ 
predictability differed in the segregation of data over time 
period, which meant that seasonal and periodical effects 
were important for microclimate analysis. The prediction 
performance could be improved through the average 
property and the representativeness of data, but selected 
data model could not be represented as a microclimate 
prediction model. Consequently, the importance of how 
to use the vast amount of real data with great spatial and 
temporal variability was emphasized. 
This study is the first stage to develop an urban 
microclimate prediction model, which identifies UHI 
phenomena through a comprehensive data-based analysis 
with Seoul and confirms that spatio-temporal variability 
affects predicting UHI intensity. Thus, comparisons of 
widely used statistical models were performed based on 
the large resolution and comprehensive predictors. The 
limitations of this study are as follows. This study used 
the daily data resolution to remove the time correlations 
in the hourly data. However, further analyses with the 
hour data may be needed to analyze the timing and 
magnitude of UHI occurrences. In addition, the spatial 
buffer size of 500m was used to quantify the urban 
features of measurement locations. Different spatial 
resolutions will be tested to confirm what spatial buffer 
size is most appropriate for microclimate analysis. Also, 
the analysis results suggest that both the linear regression 
model and GPR model do not guarantee a high prediction 
accuracy. Therefore, more appropriate modelling 
methodologies will need to be developed and investigated 
to make an accurate prediction model. Finally, additional 
research is needed in selecting variables. Although 
comprehensive variables have been used, detailed 
variable selection should be conducted in future studies, 
as modelling methods may not be the only issue with 
capturing dynamic parameter interactions. Investigation 
of other variables with high importance is needed.  
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