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ABSTRACT

With rising summer temperatures causing significant health hazards, understanding fine-scale temperatures patterns is
becoming increasingly important. Public urban IoT sensor networks have the potential to provide such information; however,
the high cost of these networks represents a considerable constraint, particularly for smaller municipalities. Therefore, this
study aimed to quantitatively evaluate to quantitatively evaluate their effectiveness by using the high-density public urban IoT
sensor network (S-DoT) installed by the Seoul Metropolitan Government as a case study. The difference in daily maximum
temperature (ATX) between conventional reference stations and S-DoT was quantified, and its relationships with variables
representing urban landscape and structure were examined. Key findings include: (1) ATX ranged from -0.93°C to +2.36°C.
(2) Positive ATX (S-DoT > reference) trend was more prominent in compact low- to mid-rise urban areas near green spaces.
(3) Negative ATX (S-DoT < reference) trend was stronger in areas with forest land cover on steep-slope, likely due to the
cooling effect of tree shade. (4) Large ATX values were also derived by the prediction uncertainty of the reference station
network. This study demonstrates that S-DoT sensors can identify critical thermal risk areas in compact low- to mid-rise urban
zones near green spaces that cannot be captured by conventional reference stations. In addition, it provides insights into the
strategic placement of IoT sensors to bridge undetected temperature gaps between vertical levels, thereby offering valuable

information for decision-makers to strengthen urban heat risk assessment and adaptation strategies.
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1. Introduction exacerbate urban heat retention. It is assessed with high

confidence that the adverse impacts of hot extremes on

High summer air temperatures contribute to an increase human health, livelihoods, and key infrastructure will

in morbidity and mortality in urban areas worldwide. continue to intensify in the future as a result of
Urban environments retain and generate heat more human-caused climate change (IPCC, 2023).

effectively than rural areas due to various physical and To mitigate the adverse effects of extreme heat,

structural factors, including high-rise, densely building policymakers and urban planners have developed

fabric, impervious surfaces, and limited vegetation (Oke high-temperature adaptation strategies and public health

et al., 2017). Additionally, anthropogenic heat sources, management  plans.  Identifying and  quantifying

such as outdoor air conditioning units and vehicle exhaust high-temperature zones is a critical step toward targeted
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and efficient adaptation. A deeper understanding of urban
air temperatures can provide scientific evidence to support
policymaking strategies (G. Chen et al., 2022; Romero
Rodriguez et al., 2024).

Over the years, many studies have been conducted
across various cities to monitor and analyze spatial
distributions of urban temperature. The most fundamental
and traditional approach to temperature monitoring is
fixed-point measurement, where official governmental
meteorological stations, operated by meteorological
agencies in each country, systematically and reliably
collect meteorological data at a synoptic scale as
reference stations (Oke et al., 2017). However, a key
limitation of fixed-point measurement is the low spatial
density of stations. Statistical methods have been used to
overcome this limitation by spatially interpolating
temperatures in areas without measurements, enabling
city-wide temperature mapping (Shen et al., 2020).
Recently, high-resolution temperature estimation has been
increasingly developed through the integration of
nonlinear models, such as machine learning and deep
learning algorithms, with temperature data from reference
stations and remote sensing datasets like MODIS and
Landsat 8 imagery (dos Santos 2020; Ho et al., 2014;
Shen et al. 2020; Wang et al., 2023).

To address the spatial limitations of reference stations,
the past decade has witnessed the emergence of urban
meteorological networks as a standard approach for
high-resolution urban climate monitoring, facilitated by
advances in IoT technology (Chapman et al., 2023; World
Meteorological Organization, 2023). Urban meteorological
networks can provide abundant low-cost data potentially
with high density compared to traditional meteorological
networks (World Meteorological Organization, 2023).
These networks have been evaluated to improve
intra-urban  temperature monitoring practices when
combined with existing traditional sensors (Honjo et al.,
2015; Lam et al., 2021; Sakthivel and Sengupta, 2025;
Shi et al., 2021).

Fixed-point observation urban meteorological networks
include citizen weather stations (CWS) networks, which

are installed by individuals for private purposes and
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public urban IoT sensor networks installed and operated
by municipal IoT projects. Some CWSs, such as the
Netatmo sensor network, have their own data platforms
and have attracted considerable attention in the scientific
literature (Chapman et al.,, 2023). Several studies have
also examined how to perform quality control (QC) for
the network, which is the most important concern when
dealing with data from non-traditional sensor networks
(Fenner et al., 2021; Meier et al.,, 2017; Napoly et al.,
2018). However, since CWSs are often located outside of
private buildings, it has been pointed out that the
distribution of population and the income level of
residents affect station placement and density, making it
difficult to collect data in areas with low population
density or low income (Brousse et al., 2024).

In contrast, public urban IoT sensor networks are
deployed by municipalities and have the potential to
provide spatially uniform and continuous data,
complementing conventional meteorological observation
networks. Despite this potential, a major challenge of
these sensors is their high cost, which represents a
considerable  constraint,  particularly  for  smaller
municipalities.

We therefore attempted to quantitatively evaluate the
effectiveness of public urban IoT sensor networks as a
tool for monitoring high summer temperatures and to
demonstrate their practical value of these sensors in urban
climate adaptation strategies. As a case study, we utilized
the Smart Seoul Data of Things (S-DoT) sensor network,
which has been installed and operated by the Seoul
Metropolitan Government since April 2020 as part of its
IoT policy (Seoul Metropolitan Government, 2020a,
2020b). The S-DoT sensors measure air temperature
within the urban canyon, and in 2024, the network
maintains an exceptionally high density of 1.8 stations per
km?2 As one of the largest urban meteorological networks
worldwide, the network provides a valuable data
foundation for urban climate research.

Specifically, this study aimed to quantify high summer
temperatures that cannot be detected by reference stations
but can be identified using the S-DoT sensor network. To

analyze urban heat distribution, we compared summer
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temperature maps estimated from S-DoT sensors with

those derived from Korea’s official government
meteorological sensors. This comparison allowed us to
quantify temperature differences between the two datasets.
Furthermore, we examined where these differences occur
and explored their relationship with spatial characteristics
to better understand the underlying patterns. This study
addresses the following two research questions: 1) How
are high temperatures—undetected by the conventional
reference station network located on rooftops but captured
by street-level S-DoT observations—spatially distributed?
2) What spatial factors are associated with these
previously undetected high-temperature zones? The
findings provide insights for urban planners and

decision-makers into  priority arecas of elevated
temperatures, ultimately contributing to the improvement
of urban temperature monitoring systems that support

adaptation strategies in vulnerable areas.

2. Material and Methods

Seoul (latitude: 37.41°N-37.72°N, longitude: 126.74°E
-127.21°E, Fig. 1), the study site, is the capital of the
Republic of Korea, with a population of approximately
9.6 million, and 61.4% of its total land area (605 km?) is
devoted to urban use (Seoul Metropolitan Government,
2025). According to the Koppen climate classification,
Seoul is Dwa, and summers are humid and hot, with the
average annual temperature of 12.8C, with the hottest
month being August, when the average temperature is
26.1C (KMA, 2020). Seoul is geographically surrounded
by several mountains, with the Han River flowing through
its center. Seoul is characterized by a diverse landscape,
where highly developed wurban areas coexist with
surrounding natural spaces, reflecting its status as a major
metropolis in Asia.

This study was designed following the flow shown in
Fig. 2. In this study, we defined summer high
temperatures not detected by the reference station network
as the calculated temperature difference between the two
sensor datasets. To achieve this, we compared gridded

temperature maps estimated from each sensor model. In
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Fig. 1. Seoul, the study area: (a) shows an aerial image
of Seoul, and (b) presents a land cover
classification based on categories defined by the
Korean Ministry of Environment. The urban
cover areas are subdivided into six categories
(indicated by U in the legend) to show more
detail, and the other categories refer to the
criteria of the major classification
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Fig. 2. Research flow. Abbreviations are re-listed here to aid the reader’s understanding of the following

content

Section 2.1, QC was applied to the raw data from all
S-DoT sensors to ensure the reliability of micro-scale
Section 2.2,
Obs-TXaws) for

each station were extracted from quality-controlled S-DoT

temperature measurements. In daily

maximum temperatures (Obs-TXspor,

data and observations from reference stations, and a
random forest (RF) algorithm and auxiliary variables were
used to construct two temperature estimation models
(Modelspor, Modelaws). These models were then used to
perform spatial interpolation of areas without stations to
generate 30m spatial resolution gridded TX maps
(Pred-TXspor, Pred-TXaws) for the entire Seoul area. In
Section 2.3, we compared the gridded TX maps derived
from S-DoT and

relationship between ATX and spatial characteristics.

reference stations, analyzing the

2.1. Temperature Observation Data Collection

2.1.1. Overview of Temperature Observation Sensor
Networks

This study utilized two temperature observation sensor
networks: the Seoul Metropolitan Government’s S-DoT
and the Automatic Weather System (AWS) operated by
the Korea Meteorological Administration (KMA). S-DoT,

operating since 2020, consists of about 1,100 street-level
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Fig. 3. Spatial distribution of two types of observation
The borders

represent Seoul’s 25 autonomous districts

stations. in the background

sensors. In contrast, AWS comprises 27 reference stations
established under strict national standards, providing
highly reliable baseline data. Fig. 3 shows the spatial
distribution of the and the

characteristics of both are summarized in Table 1.

two networks, key

All S-DoT sensor devices are installed outdoors and
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Table 1. Key characteristics of the two types of observation stations

Feature S-DoT AWS
Operator Seoul Metropolitan Government Korea Meteorological Administration (KMA)
Operation since April 2020— 1980s—
Num. of stations in about 1,100 .

Seoul

Observation interval

2 min (processed to hourly averages)

1 min (published hourly/daily)

Measured variables

Particulate matter (PM2.5/PM10), Temperature, Humidity,
Illumination, Noise, Vibration, Ultraviolet (UV), Wind speed

and direction, and Floating population

Temperature, Humidity, Precipitation, Wind speed

and direction, and Air pressure

Installation height

Most sensors are installed on CCTV poles at a height of 3—4

m, with some installed on walls or rooftops

Sensors are positioned 1.0-1.2 m above ground

level or rooftop surfaces.

Atmospheric layer of
. . Urban canopy layer
installation

Between the top of the urban canopy layer and the

top of the roughness sublayer

Seoul Open Data Plaza
Data source

(https://data.seoul.go.kr/dataList/OA-15969/S/1/datasetView.do.)

KMA Data Portal
(https://data.kma.go.kr/cmmn/main.do)

measure temperature with an accuracy of +0.3TC using
sensors housed inside a shell measuring 35 cm (W)x40
cm (H). Most S-DoT sensor devices are mounted on
CCTV poles at a height of approximately 3—4 meters, as
shown in Fig. 4, while some are installed on building
walls and rooftops (Seoul Metropolitan Government,
2020c). The majority of these stations are located within
the urban canopy layer, such as along roads or near
buildings, where they are influenced by heat sources such
as cooling units, vehicle exhaust, and radiant heat. As a
result, S-DoT captures street-level temperature variations
that closely reflect the thermal environment experienced
by pedestrians. The Seoul Metropolitan Government
processes the raw data collected every two minutes into
hourly average temperature values and makes them
publicly available.

AWS

administrative districts in urban areas, as well as in

serves as the standard reference for
mountainous, coastal, and island regions. This reference
network is established and maintained under strict
regulations on installation and data processing (KMA,
2016, 2019), ensuring high reliability of the published
data. Most AWS stations in Seoul are located on rooftops,
with temperature sensors positioned at a height of 1.0 to
1.2 m above the installation surface. These stations are

located between the top of the urban canopy layer and the

top of the roughness sublayer, where complex flows are
likely being measured, as contributions from individual
facets are well mixed due to turbulence (Oke et al.,
2017).

2.1.2. Quality Control of S-DoT Observation Data

To ensure the quality of observations used for
predictions, S-DoT data must undergo QC for the
following reasons: (1) metadata may contain incomplete
or incorrect station location information; (2) some stations
may have missing observation data or timestamps; and (3)
errors may occur during data transmission or when
converting 2-minute observations into hourly data.

Various preprocessing processes have been applied to
urban meteorological networks in previous studies, with a
focus on systematic QC processes developed by several
studies - (Fenner et al., 2021; Meier et al., 2017; Napoly
et al.,, 2018; Romero Rodriguez et al., 2024; Yang et al.,
2022). In particular, the QC process for temperature data
from Netatmo, a CWS, has been continuously refined
since Meier et al. (2017) and is now available as Crowd
QC plus v.1.1, a standardized QC framework (Fenner et
al.,, 2021). This process systematically removes errors,
including missing data, inaccurate location information,
outliers, and persistent errors, which are common in CWS

networks.

http://www.jccr.re.kr
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Fig. 4. S-DoT sensor devices taken by the author. (a) shows an S-DoT sensor device installed on a CCTV
pole, while (b) ~ (d) depict S-DoT sensor devices mounted on CCTV poles along with their surrounding
installation environments. The red circles in images (b) ~ (d) indicate the locations of the S-DoT sensor

devices
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Fig. 5. Temporal variations of Obs-TXs by S—-DoT and AWS. The period covers June 1 to September 30 from
2020 to 2024. Gaps in the temporal variation lines indicate periods when temperature data were

missing for all stations

The S-DoT QC process implemented in this study was
adapted from Crowd QC plus v.1.1 (Fenner et al., 2021)
and applied to hourly temperature data recorded at all
S-DoT stations from June to September during 2020-—
2024, corresponding to the analysis period. For further
details of the QC process, see Table Al in Appendix A.

Journal of Climate Change Research 2025, Vol. 16, No. 5-1

As a result of the QC process, 86.75% (11,431,942 rows)
of the raw data were retained as usable. The results
retained at each step of the QC process are shown in
Table A2 in Appendix A.

Fig. 5 shows the temporal variation of the observed
S-DoT TX values (Obs-TXgspor), retained after the QC
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process, and the observed AWS TX values (Obs-TXaws)
from June to September during 2020-2024, as well as the
mean across all stations. Overall, the Obs-TXspor were
higher than that by AWS, and the variances per station

were larger.
2.2. Building Models for Estimating Temperature

2.2.1. Model and Response Variables

We built two different RF models that estimate the TX
for each dataset. The first model (Modelspor) used
Obs-TXspor as the response variable. These TXs were
calculated from the valid hourly observation data after QC
as response variable for the model predicting street-level
TX. The other (Modelaws) used Obs-TXaws of KMA as
the response variable to estimate reference TXs. Both
Modelspor and Modelaws used the RF algorithm. RF is a
widely used machine learning algorithm that aggregates
the outputs of multiple decision trees to produce a single
prediction (IBM, 2025). It has demonstrated strong
performance in temperature estimation studies (Wang et
al., 2023), and was therefore considered suitable for use

in this study.

2.2.2. Predictors and Data Preprocessing

We selected 15 types of temporal and spatial predictors
that causing the spatial urban temperature variability are
known from theory (Lowry, 1977; Oke, 1982; Oke et al.,
2017; Zumwald et al., 2021) and widely used in existing
machine learning-based temperature estimation (Wang et
al.,, 2023). The following 15 predictors were adopted:
longitude (X), latitude (Y), and Day of the year (DOY)
as variables representing background macroclimate,
Normalized Difference Vegetation Index (NDVI), Land
Cover (LC), Distance to fresh water (WTR), Distance to
sea (SEA), Distance to green space (GRN), Digital
Elevation Model (DEM), Slope (SLP), Aspect (ASP) as
variables representing local landscape, Local Climate
Zone (LCZ), Floor area ratio (FAR) as variables
representing urban structure, Land Surface Temperature
(LST), and Solar radiation (SR) as weather information.

All predictors were constructed with a spatial resolution

of 30 mx30 m. LC and LCZ are categorical variables,
while all other predictors are continuous. Detailed
explanations of each predictor, including construction
methods and data sources, are provided in Table 2.

Temperature variations are influenced not only by
conditions at the station’s location but also by the
surrounding environment. Previous studies have used
buffer-averaged predictor variables to account for the
effects of nearby land surface and land cover on local
temperature measurements (Ho et al., 2014). Based on
this approach, we applied a kernel centered on each
station and tested the use of average values within the
kernel as predictor variables.

Among the two-dimensionally constructed variables,
spatial aggregation was applied to 10 continuous
variables, while the categorical variables LC and LCZ
were excluded. The kernel size was set at six levels: [1
cell, 3 cells, 10 cells, 20 cells, 30 cells, 50 cells].

2.2.3. Model Training and Evaluation

Both models were selected for optimal tuning
parameters as well as for the kernel of predictors. The
key tuning parameters of a RF include the number of
trees, maximum depth, splitting criterion, minimum
samples required for splitting, minimum samples required
for a leaf, and the maximum number of features. In this
study, the following candidates were given for each
tuning parameter, and the best parameter was selected
using grid search: the number of trees was [500, 1000,
1500], maximum depth was [10, 20, None], minimum
samples required for splitting was [2, 5, 10], minimum
samples required for a leaf was [1, 3, 5], the maximum
number of features was [sqrt, log2, None].

Model performance was evaluated using Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE), and
R-squared (R?), averaged over five results of 5-fold
cross-validation. Due to the small size of Modelaws
dataset, a process of averaging the five test results
through  5-fold

overfitting to a particular set of samples.

obtained cross-validation  prevented

http://www.jccr.re.kr
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Table 2. Fifteen types of predictors used to build the TX estimation models. The @ in the kernel set column

indicates the ten continuous variables that were tested by changing the kernel size when inputting

the models. The parentheses in the data source column indicate the publication year of the source

. Kernel .
Category Predictors . Construction methods Data source Reference
se
- . KMA and Seoul Metropolitan Shen et al. (2020);
Obtained from META data
- Government, Metadata (2024) S. Chen et al. (2022)
BMC KMA and Seoul Metropolitan .
. . . Benali et al. (2012);
DOY - Obtained from observation data Government, observation data
Shen et al. (2020)
(2020~2024)
Benali et al. (2012);
Ho et al. (2014);
Calculated from bands 4 and 5 of
NDVI [ ] USGS, Landsat 8 (2020-2024) dos Santos (2020);
Landsat 8
Shen et al. (2020);
Yu et al. (2024)
. Obtained the land cover map Shen et al. (2020);
sorted into 22 categories S. Chen et al. (2022)
LL WTR ° ME, 41 categories land cover Benali et al. (2012);
Calculated Euclidean distance map (2020) Yu et al. (2024)
SEA [} using land cover map Benali et al. (2012)
GRN ([ J Chajaei and Bagheri (2024)
. Ho et al. (2014);
DEM ([ ) Obtained SRTM
NASA, SRTM 1 Arc-Second ~_Sren et al. (2020)
SLP ([ J Global (2014) S. Chen et al. (2022)
Calculated using DEM
ASP ([ J S. Chen et al. (2022)
Obtained from the Global LCZ
LCZ - Demuzere et al. (2023) S. Chen et al. (2022)
Map
Us Calculated using information on
the number of floors in a building. MOLIT, Building integrated .
FAR [ ] . X . Lau and Lin (2024)
It differs from the actual floor-area information (2023)
ratio in city planning.
Ho et al. (2014);
Calculated from bands 4, 5 and 10 dos Santos (2020);
LST ([ J USGS, Landsat 8 (2020-2024)
of Landsat 8 Shen et al. (2020);
Yu et al. (2024)
WI Using the DSM created by
. . NASA, SRTM 1 Arc-Second
overlaying building data on the
. Global (2014) & MOLIT, Ho et al. (2014);
SR [ ] DEM, the ArcGIS Points Solar

Radiation tool calculates insulation

for the whole day.

Building integrated information
(2023)

Yu et al. (2024)

BMC: Background MacroClimate; LL: Local landscape; US: Urban structure; WI: Weather information; MOLIT: Ministry of Land,Infrastructure

and Transport, South Korea; ME: Ministry of Environment, South Korea; DSM: Digital Surface Model

Journal of Climate Change Research 2025, Vol. 16, No. 5-1
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2.2.4. Estimation of Gridded TX Maps

Using the models, TX maps were predicted with
30mx30m spatial resolution for the entire Seoul for 17
days during the period from June to September 2020 to
2024. Five predicted TXspor and TXaws were estimated
for each of the five models built by 5-fold cross-validation.
These five predicted TX values were averaged to obtain
daily predicted TXspor (Pred-TXgpor)
Pred-TXaws (Pred-TXaws). We  further
Avg-PredTXgspo,r and Avg-PredTXaws by calculating the

and daily

obtained

average of these 17-day Pred-TXs, respectively.

2.3. Deriving the Relationship between ATX
and Spatial Characteristics

To compare the spatial distribution of Pred-TXspor and
Pred-TXaws, we calculated the difference between Pred-TX
values for each day (daily 4TX) during the 17 days for
which TX maps were generated. The calculation follows
the formula (1):

daily ATX=PredTXg, ;—PredTX ;s (1)

A positive daily 4ATX indicates that Pred-TXgpor is
higher than Pred-TXaws, while a negative daily ATX
indicates that Pred-TXgspor is lower than Pred-TXaws.

We obtained 4TX map by calculating the average of
these 17-day daily 4TX maps. In addition, to identify
spatial areas where statistically significant differences in
hot and cold spots occurred, we derived 4Gi Bin value
maps. The Gi Bin values identify statistically significant
hot and cold spots, adjusted for multiple testing and
spatial dependence using the False Discovery Rate
correction (Esri, 2025). Features in £3 bins are significant
at the 99% confidence level, +2 bins at 95%, and £1 bins
at 90%, while 0 bins indicate no significant clustering.
The 4Gi Bin values were obtained as integers ranging
from —6 to +6.

To further investigate the spatial patterns of ATX, we
analyzed its relationship with variables representing the
spatial characteristics of Seoul. First, we calculated the

Pearson correlation coefficient between ATX and 10

predictor variables used in the model. These variables
included NDVI, LC, WTR, SEA, GRN, DEM, SLP, and
ASP as local landscape variables, and LCZ and FAR as
urban structure variables. We then explored these
relationships by fitting the data with four regression
models: linear, cubic, logarithmic, and power. In addition,
local polynomial regression was performed using the
Locally Weighted Scatterplot Smoothing (LOWESS)

regression from the Python package statsmodels.

3. Results

3.1. Deriving ATX between Two Sensor Networks

3.1.1. Performance of TX Estimation Models

Table 3 summarizes the evaluation results of the
best-performing models (Modelsp,r and Modelaws) for
each label Modelspot achieved the best
performance with a kernel size of 3 cells, yielding an
RMSE of 1.019C, MAE of 0.772C, and R* of 0.872.
Modelaws performed best with a kernel size of 30 cells,
achieving an RMSE of 0.762C, MAE of 0.582C, and R?
of 0.913. Overall, Modelaws tended to outperform
Modelspor, but

comparable to that reported in previous Al-based urban

dataset.

Modelspor’s  performance was  still
temperature estimation studies (Ho et al., 2014; Shen et
al., 2020; Venter et al, 2020; Wang et al., 2023;
Zumwald et al., 2021). Additional test results for other
kernel sizes, as well as the evaluation outcomes from the
five tests conducted with five-fold cross-validation, are
presented in Table Bl in Appendix B.

Fig. 6 shows the distribution of predicted TX and
observed TX values for the test samples of each fold used
to train the best models. Both Modelsp,r and Modelaws
exhibited a tendency to overestimate temperatures in the
lower range and underestimate temperatures in the higher
range. Since this trend has also been observed in previous
studies (Zumwald et al., 2021), it was considered to be

within an acceptable range of errors.
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Table 3. Performance of the best models. The values represent the average evaluation metrics (RMSE, MAE,
R?) across five tests with five—fold cross—-validation

Tuning parameters

Number of trees = 2,000; maximum depth = None; minimum
samples required for splitting = 10; minimum samples required for

leaf = 5; maximum number of features = None

Label data  Kernel size RMSE MAE R?
S-DoT 3 1.019 0.772 0.872
AWS 30 0.762 0.582 0913

Number of trees = 1,500; maximum depth = None; minimum

samples required for splitting = 2; minimum samples required for

leaf = 3; maximum number of features = None

Other tuning parameters of the Random Forest regressor were kept at their default values as implemented in scikit-learn (version 1.6.1).
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Fig. 6. Relationship between predicted and observed TX values in test samples from 5-fold cross-validation.

A red line indicates the linear regression fit

Table 4. Descriptive statistics of the Avg—-PredTX (17 days) estimated by Modelspsr and Modelaws

Model ModelSDaT MOdClAws
Statistic Min. Max. Ave. Std. Min. Max. Ave. Std.
Pred-TX(TC) 30.2 33.49 32.04 0.78 30.41 32.12 31.35 0.44

3.1.2. Estimation of Gridded TX Maps

Table 4 presents the descriptive statistics of the
Avg-PredTX over 17 days estimated by Modelsp,r and
Modelaws, and Fig. 7 shows the corresponding maps. The
descriptive statistics of the daily Pred-TX are provided in
Table B2 in Appendix B. The Avg-PredTXsp,r exhibited
a wider temperature distribution than Avg-PredTXaws,
with values ranging from 30.2C to 33.49C, whereas
Avg-PredTXaws ranged from 30.41T to 32.12T.
Compared to Avg-PredTXaws, Avg-PredTXspor predicted

Journal of Climate Change Research 2025, Vol. 16, No. 5-1

hot areas to be hotter, and cool areas to be cooler,
indicating a stronger contrast in temperature variations.
These results

were consistent with the relationship

between TX variations observed by S-DoT and AWS
shown in Fig. 5.

3.1.3. Calculation of ATX

The descriptive statistics of the 17-day average A4TX
ranged from -0.93C to 2.36C, with a mean value of
0.69C, as shown in Table 5. The descriptive statistics of
the daily ATX calculated between Modelsp,r and
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Fig. 7. Avg—PredTX maps averaged over 17 days by each model. (a) represents Avg-PredTXspor, predicted by
Modelspor, while (b) represents Avg—PredTXaws, predicted by Modelaws.

Table 5. Descriptive statistics of ATX
(17-day average)

Statistic Min. Max. Ave.

4TX (T) -0.93 2.36 0.69

Modelaws are provided in Appendix B (Table B3).

Fig. 8(a) illustrates the gridded 4TX map derived from
the daily 4TX maps. Fig. 8(b) presents the gridded map
of difference in Gi Bin values (4 Gi Bin), calculated
from Avg-PredTXspor and Avg-PredTXaws.

3.2. The Relationship between ATX and Spatial
Characteristics

Table 6 presents the Pearson correlation coefficients
between ATX and continuous predictor variables
representing Ty, and Ty used in the TX estimation model.
It also includes the fitting results for Linear, Log, Cubic,
Power and LOWESS regressions.

Among the eight variables, NDVI, GRN, DEM, SLP
and FAR showed the most significant correlations with
ATX, based on both the Pearson correlation coefficients
and the model fitting results. These variables exhibited a
statistically significant strong correlation with 4TX, with

the correlation coefficients ranked in the following order:

NDVI, SLP, DEM, GRN, and FAR. Additionally, the
fitting analysis revealed that the LOWESS regression
provided the best explanation for the variation in 4TX.
The R? values were highest for FAR, NDVI, DEM, GRN,
SLP, in that order.

Fig. 9 presents the results of fitting the relationship
between ATX and four variables (NDVI, GRN, DEM,
SLP and FAR) to the LOWESS regression. The
relationship between NDVI and 4ATX in Fig. 9(a) shows
that the increase in 4TX was the largest when NDVI was
0.09, and the decrease in ATX was the largest when
NDVI was 0.46. And at NDVI = 1.07 the trend of 4TX
> 0 was maximum. The relationship between GRN and
ATX in Fig. 9(b) shows that ATX increased as one
moved away from the green space, reaching a maximum
at GRN = 90 m. Thereafter, 4TX decreased slowly up to
216.33 m, and when GRN was greater than that, 4TX
remained positive and its value decreased. It is also
characteristic that samples with negative A4TX are
concentrated at GRN = 0. The relationship between DEM
and ATX in Fig. 9(c) shows a strong trend of positive 4
TX in the range of 12.40m to 59.20 m DEM. On the
other hand, the value of 4TX becomes smaller as DEM

increases, especially in the range of 150m to 400 m
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Fig. 8. Map of the difference between two Avg-PredTX values. (a) shows the gridded ATX map, while (b)
shows the gridded AGi Bin map. Both ATX and AGi Bin were calculated by subtracting

Avg-PredTXaws from Avg—PredTXspor

Table 6. Results of Pearson correlation coefficients and four types of regression fits between ATX and

continuous variables representing spatial characteristics

Category Predictors Corr. Adjusted R

Linear Cubic Log Power LOWESS

NDVI -0.544" 0.296 0.516 0.242 0.112 0.543 (0.1)

WTR -0.017" -0.001 0.017 0.013 -0.03 0.037 (0.1)

SEA 0.067" 0.001 0.006 0.002 -0.036 0.036 (0.1)

Local landscape GRN 0.285" 0.089 0.318 0.3 0.269 0.341 (0.4)
DEM -0.415" 0.183 0.212 0.088 0.022 0.394 (0.2)

SLP -0.455™ 0.223 0.254 0.14 0.089 0.275 (0.2)

ASP 0.055" 0.003 0.01 0.003 -0.036 0.014 (0.1)

Urban structure FAR 0.160™ 0.027 -0.228 0.165 0.088 0.546 (0.5)

“p < 0.001 indicates statistical significance.

Values in parentheses for LOWESS regressions represent optimal smoothing parameters selected within the range of 0.1 to 0.7.

DEM, where the trend of negative 4TX is stronger.
Fig. 9(d) shows the relationship between SLP and ATX.
ATX reaches its maximum at a slope of 5.58°, but the
value of 4TX is smaller at slopes of 11.58° or higher.
Finally, Fig. 9(e) shows the relationship between FAR
and 4TX, where 4TX reached a maximum when FAR =
1.07%, and then decreases significantly as FAR increases.
As with GRN in Fig. 9(b), there was a concentration of
samples with negative 4TX when FAR = 0.

Journal of Climate Change Research 2025, Vol. 16, No. 5-1

Fig. 10 presents the 4TX values for each category of
LC and LCZ, which are categorical variables in the TX
estimation model. While the average 4TX for Seoul was
0.69C, Fig. 10(a) shows that 4TX was notably high in
urban land cover categories, including Residential,
Industrial, Commercial, Cultural, Transportation, and
Public, with the highest values observed in Residential
areas. In contrast, the median 4TX for forest land cover

was 0C, indicating that half of all samples in this
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Fig. 10. ATX values for each LC and LCZ category. (a) shows ATX by LC category, and (b) shows ATX by
LCZ category. In (a), the original land cover classification map contained 22 categories used for model

training; however, for better visualization, all non-urban categories were grouped into five major

categories, while the six urban land cover types were shown separately

category have negative 4TX. In Fig. 10(b), LCZ1, LCZ2,
LCZ3, and LCZ4 demonstrated a strong tendency for
positive 4TX, with LCZ2 and LCZ3 showing particularly
high values. These categories correspond to Compact
High-rise (LCZ1), Compact Mid-rise (LCZ2), Compact
(LCZ3), (LCZ4).
Conversely, LCZ-A through G, representing natural land

Low-rise and Open High-rise
cover types, had relatively small ATX wvalues, with
LCZ-A (Dense Trees) in particular showing a significantly

negative 4TX trend.

4. Discussions

4.1. Spatial Characteristics Affecting ATX

By integrating the results, it was observed that the
tendency for positive 4TX is most pronounced in urban
land cover near the boundary between natural and urban
areas, particularly in compact low- to mid-rise residential
zones. In contrast, the tendency for negative ATX is
stronger in natural land cover, especially in mountainous
regions characterized by relatively steep slopes and dense
forest cover.

First, discussing the positive ATX, the factors for
which a relationship was identified—low DEM values,

small slopes, low-positive NDVI values, urban land cover,
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and high-density LCZ characteristic

features of urban canyons. Although measured by mobile

categories—are

measurements, previous studies have consistently
demonstrated that temperatures within urban canyons tend
to be higher than those recorded by reference stations on
rooftops (Pigliautile and Pisello, 2020; Tsin et al., 2016;
Vuckovic et al, 2017). Moreover, research on the
relationship between LCZ classifications and temperature
variations has confirmed that ATX is significantly
elevated in urban canyon areas characterized by compact
mid- and low-rise urban morphology. For instance, Beck
et al. (2018) reported that during summer, the daytime TX
difference between micro- and local-scale levels reached
approximately 2.0C in four urban LCZ categories. The
highest positive temperature differences were observed in
the following order: Compact Mid-rise, Open Mid-rise,
Open Low-rise, and Large Low-rise (Beck et al., 2018).

In contrast, the relationship between positive 4TX and
proximity to green spaces has not been clearly addressed
in previous studies. While many studies have investigated
temperature variability and the cooling effects of green
spaces at the street level (Bowler et al., 2010; Galalizadeh
et al., 2024; Jaganmohan et al., 2016; Shashua-Bar and
Hoffman, 2000), very few have compared the cooling
influence of green spaces or temperature variations near

green areas across different vertical levels. However, in
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the context of urban climate research, it has been
demonstrated that thermal exchange processes differ
substantially between the street-level and the rooftop-level
(Oke et al., 2017; World Meteorological Organization,
2023). Consequently, the distance and intensity of the
cooling influence of green spaces may vary depending on
the wvertical height at which measurements are taken,
which could explain the observed relationship between
positive 4TX and proximity to green spaces. However,
this study alone is insufficient to fully elucidate the
mechanism, and further detailed analyses are required.
Nevertheless, our findings highlight an important
implication: in urban areas near green spaces, pedestrians
have experienced higher summer temperatures than those
suggested by Pred-TXaws from conventional reference
stations. This finding is particularly significant in Seoul,
where residential areas are located immediately adjacent
to major green spaces, as shown in Fig. 1(b).

The positive 4TX is a consequence of the S-DoT
sensors ability to capture temperature variability within
the urban canyon. The warming factors in the urban
canopy layer, defined by Oke (1982) as increased

absorption and delayed emission of solar radiation,

reduced vegetation, and increased sensible heat from
human activity (Stewart and Oke, 2012), are consistent
with spatial characteristics that are significantly associated
with a positive 4TX. These results for positive 4TX
emphasize the important role of street-level sensors in
dense urban areas, especially those bordering green
spaces. Unlike reference stations, which primarily capture
large-scale temperature trends, these street-level sensors
can detect localized heat variations, providing valuable
supplementary data. Their ability to capture fine-scale
highlights  their

improving urban climate assessments and informing

thermal  dynamics importance  in
adaptation strategies.

We then examined the spatial characteristics that are
negative 4TX and found that the installation environment
between sensor networks affects the negative 4TX.
Fig. 11 shows five S-DoT stations with negative 4TX
and dense forest, and Fig. 12 shows the installation
environment of AWS stations in dense forest. Although
the land cover of AWS stations was forest, they were
installed above the tree canopy or away from trees based
on KMA'’s strict installation criteria. On the other hand,

we found that these S-DoT stations were installed below

e = il
S-DoT: OC3CL200140

Fig. 11.

Installation environment of S-DoT sensors in dense forest with negative ATX. *indicates the

installation environment confirmed by Naver Street View, and the red circle indicates the location of

the S-DoT sensor. **indicates the surrounding environment of the S-DoT sensor confirmed by aerial

photographs
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Fig. 12. AWS sensor installation environment within dense forest. *indicates the installation environment

confirmed on Naver Street View. ***indicates the installation environment confirmed on the KMA

website

the tree canopy. These factors led us to believe that the
S-DoTs would be installed at a height of about 3—4 m
above the ground, and that their measurements would be
affected by the cooling effect of the shade trees in
summer when they were installed in forest cover.
These findings for negative ATX indicate that
street-level sensors have successfully fulfilled their
primary objective—capturing the cooler temperatures
experienced by pedestrians beneath the tree canopy in
dense forested areas with steep slopes. However,
considering the strategic deployment of a limited number
of sensors to identify areas experiencing severe summer
heat and mitigate its adverse effects on public health,
deploying additional street-level sensors in such locations
may not be the most effective approach. Because existing
studies have already demonstrated that forest areas are
relatively cooler than urban areas, benefiting from
evapotranspiration and tree shade (Li et al., 2024; Park et
al.,, 2021). Furthermore, our study showed that when
street-level sensors are installed under tree canopy, they

tend to show lower temperatures than reference stations in
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these areas. We suggest that placing street-level sensors in
hotter areas of the city, especially those with positive

ATX spatial characteristics, would be more effective.
4.2, Impact of Prediction Uncertainty on ATX

As shown in the scatterplots in Fig. 9, the large variance
of ATX across different values of the variables suggests
that factors beyond sensor placement environments may
also contribute to the observed variations. Therefore, to
gain a deeper understanding of other potential drivers of
ATX, we considered the impact of prediction uncertainty
based on the TX estimation results presented in Sections
3.1.1 and 3.1.2. Zumwald et al. (2021) defined two types
of prediction uncertainty: (1) estimated prediction
uncertainty, which arises when similar configurations of
predictors map to different target values in the training
data and is estimated by the prediction algorithm; and (2)
extrapolation uncertainty, which occurs when the model
predicts temperatures based on predictor configurations
not observed during training.

To evaluate estimated prediction uncertainty, we
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calculated the standard deviation of predictions from the
five models generated during the five-fold cross-validation
as shown in Fig. 13. We highlighted cells where the
standard deviation of these estimates exceeded +1¢ across
Seoul. The results indicated that the uncertainty of
Modelaws tends to be larger in urban areas with positive
ATX and spatial characteristics related to that value.
Next, Fig. 14 shows the spatial extent of values that
were not sampled in the training data for each of the five
variables—NDVI, GRN, DEM, SLP, and FAR—in order

to identify areas where extrapolation uncertainty may

occur. In the case of Modelaws shown in Fig. 14(b),
values absent from the training dataset were distributed
throughout Seoul. However, as shown in Fig. 14(c), when
these were combined with the Modelsp,r samples, it
became evident that the areas where positive 4TX
occurred and those with extrapolation uncertainty could
be more comprehensively covered.

Through our consideration of prediction uncertainty, we
confirmed that positive 4TX includes estimation error
due to the uncertainty of the reference stations, and that

the uncertainty in this monitoring can be reduced by
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increasing the number of observation stations. The low
density and the

constrained by strict installation regulations of the

spatial installation ~ environment
reference stations resulted in low sample diversity in
Modelaws, and the resulting estimation uncertainty is
considered to influence ATX. These results emphasize
that while increasing the number of sensors through urban
IoT deployment is an important strategy, it is especially
crucial to strategically place sensors in areas with spatial
characteristics that are not covered by the reference
station network. Doing so allows for a more efficient
enhancement of sample diversity and improves the overall

certainty of urban temperature monitoring.

4.3. The Effectiveness of Urban loT Sensor
Network

The results of this study suggest that street-level
sensors can offer critical insights into high summer
temperatures,  particularly  those  associated  with
heat-related illnesses and mortality, which are not
captured by reference stations alone. Furthermore, we
found that incorporating an IoT sensor network improves
the reliability of temperature monitoring compared to
relying solely on the existing reference station network.
As shown in Table B2, even reference temperatures,
which are generally cooler than street-level temperatures
in urban areas, averaged over 31T across Seoul. On an
exceptionally hot day (August 13, 2024), the average
pred-TXaws exceeded 36C. These temperatures are high
enough to cause heat stroke, death, and other serious
health risks.

However, Avg-predTXs.por Was even higher, by +0.69C
on average, with a maximum difference of +2.36C than
Avg-predTXaws. This indicates that adding a street-level
sensor network increases the likelihood of detecting
critical thermal risks with higher certainty. Moreover,
these positive 4TX values and prediction uncertainties
were especially pronounced in areas close to green spaces
and characterized by compact, low- to mid-rise, primarily
residential urban forms. These areas are where citizens

live and experience daily environmental conditions, so the
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significance of knowing with greater certainty high
summer temperatures that cannot be detected by reference
stations alone is emphasized. Even in neighborhoods near
green areas, street-level temperatures can reach dangerous
levels, which underscores the need for evidence-based
responses based on measurements.

As previous studies have suggested (Honjo et al., 2015;
Lam et al.,, 2021; Sakthivel and Sengupta, 2025; Shi et
al., 2021), our findings support the notion that urban IoT
sensor networks can complement reference stations and
play an important role in filling the gap in hazard
assessment due to high temperatures.

In particular, we propose that placing street-level
sensors near the boundary between green spaces and
urban land cover, where the positive ATX trend is
stronger as described in Section 4.2, can more effectively
compensate for the limitations of the reference station
network. This approach 1is especially valuable in
developing adaptive strategies for mitigating street-level

heat exposure during summer.

5. Conclusion

This study aimed to quantify high summer temperatures
that cannot be detected by reference stations but can be
identified by street-level IoT sensors, and to clarify their
relationship with spatial characteristics. To achieve this,
we generated gridded TX maps and their corresponding
temperature differences for 17 days at two observation
levels and defined 4TX maps for Seoul by averaging the
data. We then examined the relationship between A4TX
and variables representing local landscape and urban
structure, yielding the following key findings: (1) The
17-day average ATX reached a maximum of +2.36C and
a minimum of -0.93C. (2) The tendency for positive 4
TX was more pronounced in urban areas with compact
low- or mid-rise structures located near green spaces. (3)
The tendency for negative 4TX was more pronounced in
areas with dense forest land cover on steep slopes,
suggesting that street-level measurements reflect the
influence of tree shade. (4) Large 4TX values were also

influenced by the prediction uncertainty of the reference
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station network.

The most significant contribution of this study is its
quantification of undetected, more severe summer high
temperatures at the street-level that reference stations
alone fail to capture, as well as the identification of their
spatial ~distribution. Especially in compact low- or
mid-rise urban areas close to green spaces, there is a
strong temperature difference with the street-level that
reference stations cannot detect, and this temperature
difference and estimation error may have already caused
unrecognized heat-related health hazards. Strategically
placing these IoT sensors in such areas can fill the
undetected temperature gap between vertical levels and
support strategies for heat mitigation and adaptation. This
information is crucial for decision makers aiming to
improve urban heat risk assessment.

However, this study is subject to certain limitations. It
was conducted as a case study within a restricted
spatiotemporal range in Seoul over only 17 summer days.
While Al-based methods for generating gridded air
temperature maps using temperature data observed by
urban meteorological networks have been explored in
many studies, similar models could be developed and
applied in other cities where comparable data are
available. Nonetheless, the A4TX values and their
characteristics observed in this study may be specific to
Seoul’s summer conditions, necessitating further research
and careful evaluation in different urban contexts.

Despite these limitations, this study is distinguished by
its use of high-density public urban IoT sensor networks
distributed across Seoul. The findings from this study are
expected to be valuable for a broad range of stakeholders,
including urban planners, national and local policymakers,
and medical professionals, in the context of urban health

risk management and adaptation strategies.
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Table A1. Overview of the QC process implemented in this study. The raw data used for QC included columns
for station serial numbers, location information, hourly observation values, and observation

timestamps
QC step Test name Description Source
. . . . Added conditions for missing hourly
All values are flagged as False, if station location information . .
L . . . observation values, and observation
1 Missing value test (long., lat.), temperature value, or observation time data is . .
. . . timestamps to main QC step 1 (ml) of
missing or stored in an improper format.
Fenner et al. (2021).
L. All values outside the range [+10T, +50C] were flagged as | (Cerlini et al., 2020; Estévez et al.,
2 Gross-error limit test Lo
FALSE. 2011; Fiebrich et al., 2010)
All values for which the robust Z-score of the temperature .
Robust Z-score range L B main QC step 2 (m2) of Crowd QC
3 values were not within the critical range of [0.01, 0.95] were
test plus v.1.1 (Fenner et al., 2021)
flagged as FALSE.
For each station, we calculated the proportion of values
removed by the process up to step 3 per period. For stations
" Removal monthly where the proportion exceeded the cutoff percentage value, all | main QC step 3 (m3) of Crowd QC
ratio test values during that period were flagged as FALSE. In this plus v.1.1 (Fenner et al., 2021)
study, the test period was set to one month and the cutoff
percentage was set to 20%.

Table A2. Proportion of true values for hourly temperature data at each QC step. The total proportion in

parentheses indicates a decrease compared to the previous step. Step 1 flagged 3.26% of the total

values as False. Step 2 flagged 2.30% of the values that passed step 1 as False. Step 3, which

identified relative outliers in the data distribution, flagged 4.09% of the values that passed step 2

as False. This step resulted in the largest data removal in the QC process. Finally, in step 4,
86.75% of the raw data (11,431,942 rows) were left as usable data

The percentage of rows remaining after each QC step Num. of available

Year Before QC (rows) .

Step 1 (%) Step 2 (%) Step 3 (%) Step 4 (%) stations
2020 2,191,988 99.62 99.42 93.8 89.44 819
2021 2,628,155 99.79 99.55 94.85 90.63 1,048
2022 2,746,189 97.92 96.88 92.37 88.05 1,075
2023 2,614,006 97 89.88 87.5 85.53 993
2024 2,985,074 91.04 88.42 84.86 81.59 973

96.74 94.44 90.35 86.75

Total 13,177,321 1,125

(- 3.26%) (-2.30%) (- 4.09%) (- 3.6%)
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Appendix B

Table B1. Model performance by label data type and kernel size. The RMSE per fold represents the RMSE
obtained in each of the five tests, while the average of the five folds represents the mean values
of the evaluation metrics (RMSE, MAE, R? across all five tests

Label data | Kernel size RMSE per fold (C) Average of 5-folds (T)
Fold-1 Fold-2 Fold-3 Fold-4 Fold-5 RMSE MAE R?
1 0.957 1.04 1.025 1.053 1.053 1.025 0.777 0.87
3 0.95 1.024 1.022 1.054 1.048 1.019 0.772 0.872
10 0.958 1.03 1.024 1.061 1.048 1.024 0.776 0.871
S-DoT 20 0.974 1.042 1.021 1.075 1.053 1.033 0.782 0.868
30 0.963 1.036 1.028 1.065 1.055 1.029 0.78 0.869
50 0.966 1.037 1.029 1.062 1.055 1.03 0.777 0.869
1 0.688 0.869 0.81 0.71 0.781 0.772 0.598 0.911
3 0.721 0.871 0.788 0.716 0.781 0.775 0.595 0.911
AWS 10 0.693 0.868 0.753 0.705 0.817 0.767 0.59 0.912
20 0.705 0.868 0.769 0.701 0.79 0.767 0.59 0.913
30 0.693 0.878 0.759 0.689 0.792 0.762 0.582 0913
50 0.783 0.857 0.772 0.699 0.792 0.78 0.59 0.91

Table B2. Descriptive statistics for Pred—-TX estimated by Modelspor and Modelaws. The bottom row represents
TX map statistics averaged over 17 days

Pred-TXspor () Pred-TXaws (C)

pate Min. Max. Ave. Std. Min. Max. Ave. Std.
20-06-15 28.57 32.24 30.24 0.63 28.13 30.15 29.1 0.38
20-07-17 30.91 33.92 32.49 0.61 29.93 32.63 31.45 0.61
20-09-19 26.15 29.45 27.84 0.82 26.13 27.37 26.9 0.35
21-07-20 31.19 35.34 33.51 1 31.51 33.91 32.88 0.67
22-06-21 30.9 35.23 33.32 0.83 31.14 33.62 32.47 0.55
22-07-15 29.55 33.15 31.28 0.74 29.8 323 31.16 0.53
22-08-16 30.03 33.11 31.6 0.73 30.23 31.79 31.01 0.4
23-06-16 28.57 32.7 30.43 0.87 28.32 30.35 29.41 0.47
23-06-24 29.38 34.26 32.12 1.03 30.24 32.59 31.55 0.56
23-08-03 3331 36.85 35.04 0.86 32.93 353 34.23 0.67
23-08-19 32.61 36.7 34.8 0.96 33.03 34.82 34.05 0.49
24-06-02 25.22 28.32 26.88 0.81 25.95 27.55 26.72 0.32
24-06-18 30.94 35.11 33.22 0.82 31.16 33.62 32.49 0.54
24-06-26 29.43 34.24 32.34 1.06 30.12 32.31 314 0.49
24-08-13 33.73 38.6 36.63 1.2 34.98 36.95 36.06 0.55
24-08-29 32.14 35.85 34.14 0.82 32.78 344 33.56 0.42
24-09-30 26.59 30.48 28.78 0.93 27.8 29.05 28.48 0.29
17-day average 30.2 33.49 32.04 0.78 30.41 32.12 31.35 0.44
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Table B3. Daily ATX statistics calculated from two models

Daily 4TX (C)

Date
(YY-MM-DD) Min. Max. Ave.
20-06-15 -0.53 3.28 1.15
20-07-17 -0.65 2.93 1.04
20-09-19 -0.69 2.73 0.94
21-07-20 -1.56 3.15 0.62
22-06-21 -1.29 3.27 0.85
22-07-15 -1.53 25 0.12
22-08-16 -0.97 2.33 0.58
23-06-16 -0.95 3.7 1.02
23-06-24 -2.15 3.02 0.57
23-08-03 -1.07 3.25 0.81
23-08-19 -1.27 3.03 0.76
24-06-02 -1.59 1.9 0.16
24-06-18 -1.19 3.08 0.73
24-06-26 -1.99 3.19 0.95
24-08-13 -2.35 2.81 0.58
24-08-29 -1.42 2.58 0.58
24-09-30 -1.63 2.02 0.31
17-day average -0.93 2.36 0.69
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