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Abstract—Urban heat island (UHI) is one of the most distinctive
characteristics of urban climate. The objective of this study is to ap-
ply a statistical modeling of the nocturnal atmospheric UHI based
on the relationship between observed air temperature from ground
stations and remotely sensed temperature of the urban surface.
The goal of the approach is to limit input data for the developed
modeling method in order to assure transferability of the methodol-
ogy in different cities. Time series of surface temperature and nor-
malized difference vegetation index are obtained from the MODIS
instrument for a 10-year period (2008–2017). The air temperature
is collected from the in-situ observational network of 21 stations.
The studies are conducted for different locations with gradual
changes in urbanization in order to assess the impact of urban-
ization on the relationship between simultaneous air and surface
UHI. The urbanization is described by commonly available land
cover metrics. Results showed that the proposed approach provides
satisfactory AUHI modeling results for the locations with the least
degree of urbanization. The best results are obtained with a simple
linear regression model with the iterative procedure to minimize the
mean absolute gross error (MAGE). The lowest MAGE for modeled
UHI is 1.18 °C with 69% of the variance explained. The strongest
linear relationship between simultaneous SUHI and AUHI is noted
for those station pairs whose surroundings have the highest dif-
ferences in urbanization, and the highest UHI intensities are ob-
served. The strength of the SUHI/AUHI linear relationship de-
creases gradually with the increasing urbanization of the stations’
surroundings.

Index Terms—Air temperature (AT), prediction, regression,
statistical modeling, surface temperature, urban climate, urban
heat island (UHI).
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NOMENCLATURE

Abbreviations
AT Air temperature.
AUHI Air urban heat island.
CC Pearson correlation coefficient.
DSM Digital surface model.
EEA European Environmental Agency.
ISA Impervious surface area.
LCZ Local climate zone.
LST Land surface temperature.
LU/LC Land use/land cover data.
MAGE Mean absolute gross error.
MAGE/avAUHI ratio Ratio between the MAGE and the av-

erage AUHI intensity calculated for the
station group.

mAUHI Modeled air (canopy) urban heat island.
MBE Mean bias error.
ML Multiple linear regression model.
MODIS Moderate resolution imaging spectrora-

diometer.
MSL Simple linear regression model with

iteratively minimized MAGE.
NDVI Normalized difference vegetation

index.
oAUHI Observed air (canopy) urban heat

island.
oSUHI Observed surface urban heat island.
R2 Coefficient of determination.
RMSE Root-mean-square error.
PAS Polish Academy of Sciences.
SD ratio Ratio between the standard deviation of

mAUHI and oAUHI.
SEB Surface energy balance.
SL Simple linear regression model.
SUHI Surface urban heat island (general

term).
SVF Sky view factor.
UA “rural” Combined EEA Urban Atlas classes:

(14100) Green urban areas, (14200)
Sports and leisure facilities, (23000)
Pastures, (31000) Forests.
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UA “urban” Combined EEA Urban Atlas classes:
(11100) Continuous Urban fabric,
(11210) Discontinuous Dense Urban
Fabric.

UHI Urban heat island (general term).
z0 Roughness height for momentum.

I. INTRODUCTION

URBAN areas are highly heterogeneous regarding param-
eters, such as surface roughness, sky view factor (SVF),

aspect ratio (wall-to-building height), imperviousness, vegeta-
tion cover and vegetation type, albedo, and depth and function
of underground infrastructure. Since the character of urban wind
flow is significantly altered, compared to rural areas, the turbu-
lent surface–air energy exchange in cities is very complicated.
Therefore, given the character of urban areas, observing and
modeling the urban surface energy balance (SEB–all abbrevia-
tions are listed in Nomenclature) is challenging. An altered SEB
is the genesis of the UHI phenomenon [1].

Urban heat island (UHI) is one of the most distinct singu-
larities of urban climate. UHI is defined as the difference in
temperature between urban and rural areas. It can be divided
into several categories, depending on the kind of temperature
analyzed: air, surface, or soil [2]. The most common approach is
to utilize in-situ air temperature (AT) measurements conducted
at stationary stations. Different heights are utilized for measure-
ment purposes, i.e., ground level [3], [4] or roofs [5], while some
studies also utilize mobile platforms [6], [7]. Using in-situ AT
data for the UHI analysis involves a significant disadvantage
since it does not directly provide a spatial pattern of urban tem-
perature, which is highly heterogeneous. Therefore, appropriate
localization of observational sites is critical [8], [9].

To overcome the limitation of spatial representativeness in
the case of in-situ air observations, many studies utilize remotely
sensed land surface temperature (LST) in urban climate research.
Satellite sensors allow for an instantaneous observation of LST
over vast areas. If the surface temperature is used, “surface”
UHI can be discussed [10]. Thermal satellite data are typically
obtained from sun-synchronous orbits, which means that only
a few acquisitions of the same target are possible per day
(for MODIS, two per day per one platform). This is further
hampered by cloudiness conditions. Consequently, all of the
reported investigations are inevitably limited to the very moment
of satellite overpass [11]. Moreover, thermal remote sensing data
are prone to angular thermal anisotropy [12] or the impact of
earth–satellite geometry on the atmospheric paths [13]. There-
fore, appropriately interpreting urban thermal measurements
remains challenging.

All of the meteorological characteristics are highly variable
in space and time, especially in urban areas. Hence, using only
satellite data or analyzing only selected seasons is not enough to
fully understand the singularities of urban micrometeorological
environment. The solution to partially overcome the limita-
tions caused by the nature of instantaneous satellite observa-
tions is to employ temporal compositions [14], [15] or fusion
techniques [16].

Despite significant shortcomings, thermal satellite remote
sensing has been widely used to investigate the links between
LST and characteristics of urban land use/land cover (LU/LC)
[17], [18] or SEB [19]–[21]. The relation between LST and
indirectly described human activity or population characteristics
has also been studied [22]–[24].

Although AT is the parameter that has the most apparent
impact on human health [25], [26], LST is particularly useful
when developing urban heat mitigation strategies [27]. There-
fore, using simultaneous in-situ and remote sensing data allows
for comprehensive analyses of UHI.

A. Studies on Simultaneous AUHI and SUHI

One of the first studies to employ extensive in-situ AT mea-
surements along with satellite remote sensing data was the work
of Nichol and Wong [28]. In that paper, the authors used one
ASTER image and traverse observations from mobile platforms
with a length of about 130 km in the city of Hong Kong, China.
The study examined the spatial variability of AT corresponding
to different degrees of urbanization on a winter’s night. In
another paper focused on Hong Kong, it was also demonstrated
that thermal satellite images combined with in-situ ground data
could be used to more fully understand the genesis of the altered
urban thermal environment [29]. Sheng et al. [30] compared
air UHI (AUHI) and surface UHI (SUHI) using fifteen Landsat
5 images and five in-situ stations for the city of Hangzhou,
China. It was concluded that AUHI and SUHI intensities are
very different and cannot be compared. In Europe, Schwarz et
al. [31] systematically quantified SUHI and AUHI indicators
for the city of Leipzig, Germany. Analysis of the relationship
between the land surface and ATs was presented. The authors
recommended using several SUHI/AUHI indicators in parallel
in order to acknowledge the uncertainty while using a single
indicator. Majkowska et al. [32] reported that SUHI and AUHI
are common phenomena in Poznań, Poland. It was found that the
AUHI mean annual intensity was 1.0 °C. Moreover, results based
on remote sensing data and the Corine Land Cover 2006 database
indicate that the highest value of mean LST anomalies (3.4 °C)
was attained by the continuous urban fabric, whereas the lowest
value occurred within broad-leaved forests (–3.1 °C). This is
consistent with the results of the analysis of spatial patterns
of simultaneous AUHI and SUHI in Birmingham, U.K., which
suggest that the canopy UHI is more related with the advection
processes, whereas SUHI is more dependent on the land use [33].
For the same city, Zhang et al. [34] obtained similar intensities of
AUHI and SUHI but the correlation coefficient (CC) describing
their relationship was found weak (0.41). Only a limited amount
of satellite images was utilized (77 MODIS images) covering
selected weather types. Moreover, due to the utilization of
only two in-situ stations, it was impossible to conclude on the
impact of urban morphology on the SUHI–AUHI relationship
fully.

Easy access to satellite LST observations is especially relevant
to the study of urban climate in cities with no or sparse in-situ
observational networks. However, remote sensing techniques are
incapable of providing AT and AUHI intensity values directly.
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For such purpose, statistical modeling methods might be helpful,
since they can provide an approximated AT or AUHI intensities.
This might be very useful for urban parameterizations used for
mesoscale modeling.

B. AUHI Modeling Based on Empirical Parameters

One of the first statistical methods to predict AUHI intensity
was proposed by Oke [35]. The AUHI intensity was found to be
approximately proportional to the fourth root of the population
for North American cities. In a later paper [36], the AUHI
model was generalized and related to SVF. In Europe, Bottyán
and Unger [6] estimated the spatial distribution of the mean
AUHI intensity using urban surface parameters in Szeged, Hun-
gary. A strong linear relationship between the mean maximum
AUHI intensity and parameters, such as SVF, building height,
built-up ratio, or water surface ratio, was found. Brandsma and
Wolters [37] conducted transect measurements in the city of
Utrecht, Netherlands, to model the spatial distribution of mean
and maximum nighttime AUHI intensity and to relate them to
area-averaged SVFs and land use combined at both the micro-
and local scales. Hoffman et al. [38] presented a linear regression
model for nocturnal AUHI prediction based on meteorological
parameters, such as cloud cover, wind speed, and relative hu-
midity. Theeuwes et al. [39] proposed a diagnostic equation for
the daily maximum AUHI prediction using dimensional anal-
ysis. The equation was further improved for Asian cities [40].
Recently, Straub et al. [41] applied multiple linear regression
and random forest methods to derive AT spatial patterns in a
heterogeneous urban area. LU/LC characteristics were applied
as predictors and a dense observational network, which consisted
of 77 locations across the city of Augsburg, Germany.

C. Aim of the Presented Study

The objective of the presented study was to apply the
AUHI/SUHI relationship for the statistical modeling of AUHI.
Many previous works apply different statistical modeling tech-
niques for UHI prediction, but most of them require data that
are difficult to obtain.

The initial step of our approach was to find appropriate
in-situ AT measurements posts, which represent the most typ-
ical urban features. Ground station described by LU/LC met-
rics driven from remote sensing observations (LST, surface
imperviousness—ISA and normalized difference vegetation
index—NDVI) were used here in the AUHI modeling. Since
typically the biggest issue with appropriate AUHI evaluation is
the lack of sufficiently dense measuring networks of AT (such as
this from Warsaw) and the second goal was to limit input data in
order to assure transferability of the methodology for different
cities. Here, commonly available remote sensing observations
were used along with simultaneous in-situ measurements, which
were restricted to AT only. A simple method for AUHI intensity
prediction was presented. We aimed to verify the feasibility
of such an approach for a practical application by analyzing
if satisfactory results of modeled UHI can be obtained.

The choice of rural sites is a key step for any UHI studies [42],
[43], hence it is also critical for any AUHI/SUHI relationship

analysis. The problem was addressed in the presented study,
by calculating surface and air UHI intensities for 20 locations
across the city covering different LU/LC.

In total, 442 MODIS (MOD/MYD11L2) images were used
for the period 2008–2017. A significant amount of the input data
collected over 10 years guarantees that the impact of incidental
synoptic conditions was avoided and the seasonal meteorolog-
ical differences are blended. Such an approach provides clarity
and facilitates interpretation of the obtained results, especially
taking into account the limitations of thermal satellite data or
seasonal variability of UHI intensity.

II. DATA AND METHODS

A. Target Area—The City of Warsaw

Warsaw is the capital and the largest city of Poland. The whole
city agglomeration is home to more than 2 500 000 citizens. It
is located in the center of the country and the River Vistula, the
largest river in Poland, runs through it.

Its area of almost 515 km2 has significant differentiation of
LU/LC. Currently, about 248 km2 is the built-up area (48%).
Within this, considerable part (about 57 km2) is covered by
industry, trade units, and transport systems. Forests make up
about 15% of the city. Urban parks and other recreational green
areas cover 10%. 12% of the city territory is used as arable land,
for crops and pasture. The category “heterogeneous agricultural
areas” includes sparsely built areas and allotment gardens—
11.3% (Corine Land Cover 2007).

The recent tendency in the city development is to build densely
settled residential districts, and, also, to insert new buildings into
free spaces in the city center (which was dramatically destroyed
during the World War II). For the whole city, there is only a
general overview of investment intentions (Council of Warsaw,
Legal act LXII/1667/2018, 2018).

The city of Warsaw is located on flat terrain—the difference
between the highest and lowest point is only 43 m. Western
and southwestern winds are prevailing in the city. The main
ventilation corridor is the river Vistula valley that crosses the
agglomeration in a diagonal axis (southeastern to northwestern).

B. AT Observational Network

The Polish Academy of Sciences microclimatic measure-
ments network started operations in Warsaw agglomeration in
1998 with three posts. Then, it was developed to 13 locations
in 2006, and to 40 over the years 2011–2014. Later, it was
limited to 27 in 2016 and 20 stations in 2018. Onset HOBO
temperature data loggers are situated in white, openwork covers
2 m above the grassy ground. The locations represent differ-
ent LU/LC, different ratios of biologically vital areas, surface
imperviousness, SVF, etc. Data are collected with a 10-min
logging interval. Stations are located in various places covering
different grades of urbanization. Currently, this is the densest
urban AT observational network in Poland. The abundance of the
measurements allows us to choose stations located in such urban
microenvironments, which are typical for Polish cities. Hence,
the presented methodology has a potential to be transferred and
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Fig. 1. Locations of the ground stations.

applied in other cities. Fig. 1 shows the locations of the in-situ
stations.

The PAS network was used in a number of projects and studies
regarding temporal and spatial variability of UHI under the
spatial development changes [45], methods for UHI mitigation
and adaptation [46], [47], the impact of biologically vital areas
on climate of housing estates [48], local climate zones (LCZs)
[49], forecasts for the UHI based on selected climate change
models, and scenarios of spatial development changes [50].

C. Selection of Simultaneous In-Situ and Satellite Data

The key to data choice for the experiment was a simultaneous-
ness of direct ground and indirect satellite observations. From all
freely available satellite data from various sensors, we chose the
MODIS instrument onboard Terra and Aqua satellite. MODIS is
the best compromise between temporal and spatial resolution for
this research. We utilized nighttime MODIS MOD/MYD11_L2
products. Only images acquired from 35° off-nadir or less during
periods of low cloudiness were selected. For the 10 years during
2008–2017, 442 nighttime images were obtained.

In this article, we considered only nighttime cases. The
AT–surface temperature and therefore AUHI–SUHI relationship
is much more complex during daytime as compared to nighttime,
which is partially linked with the lower impact that thermal
anisotropy has on nighttime thermal imagery [12]. Since daytime
Terra and Aqua overpasses take place in the morning, some
locations of in-situ stations might be shadowed and surrounding
urban structures might be much cooler than during the nighttime
overpass. This is especially important for the stations with high
SVF. Therefore, the nighttime analyses are more representative,
especially for long-term analyses.

Satellite observations were collected between 20:50 and 00:30
UTC. As the ground measurements were recorded every 10 min,
the maximum time difference between satellite and in-situ ob-
servations was 5 min. MODIS LST pixels from each satellite

TABLE I
NUMBER OF UTILIZED SATELLITE IMAGES, PIXELS, AND GROUND

DATA SAMPLES

image were matched with the locations of PAS in-situ stations
using the nearest neighbor approach.

The number of samples available for each year was different.
Table I shows the number of satellite images, the number of
LST pixels obtained for in-situ station locations, and ground
data samples collected for each year. The temporal distribution
of data samples is uneven. Over the 10-year period, some stations
were temporarily switched off due to calibration, maintenance,
and modernization. Second, specific seasons in certain years
may have had very different conditions regarding cloudiness.
This is typical for the transitional climate of Poland.

In Section III-C, we present analyses of statistical modeling of
AUHI using a multiple linear regression model (ML). The model
coefficients were built using observed AUHI (oAUHI) and
observed SUHI (oSUHI) values and NDVI time series, which
were retrieved from MOD/MYD13A1 product. We utilized all
products available for the period of the analyses and matched
them with appropriate pairs of AT and LST observations.

D. Methodology for Matching Stations Into Pairs and Groups

According to the definition of the UHI phenomenon and
the common difficulties with differentiation between urban and
rural areas, it was critical to match appropriate locations in
“urban point–rural point” pairs. In Table II, we present LU/LC
descriptions for all locations. In order to highlight the impact
of urbanization on the relationship between oSUHI and oAUHI,
the location with the most urbanized surroundings (Hoza) was
selected as the “urban reference.” All other remaining locations
were considered as “rural reference”, not referring to their
physical characteristics but meaning that the air and surface
temperature values observed at those stations were subtracted
from that measured at Hoza. In order to maintain clarity, we
used the term “the second item of UHI pair” instead of “rural
reference.”
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TABLE II
LU/LC STATISTICS FOR THE STATIONS’ SURROUNDINGS

“Point to point” definition of UHI is the most straightforward
approach (see Schwarz et al. [51]). In light of the aim of the
presented study, it allows for a comprehensive and consistent
analysis of the impact of urbanization for UHI intensities and in
particular analysis of the oAUHI/oSUHI relationship.

All the locations considered as the second item of UHI pair
were combined into four groups with gradual changes in the
surroundings as described by ISA, NDVI, z0 (roughness height
for momentum), and Urban Atlas classes (combined into an
urban and rural the category—see Nomenclature), LCZs and
SVF (see Table II).

Each group consists of five locations. The locations group
A represents the least urbanized surroundings, and group D
consists of the locations with the most urbanized surroundings.
In order to put locations into groups, we propose an original
and yet simple parameter: 1-NDVI+ISA. ISA was obtained
from the Copernicus Services, and NDVI was calculated as
a 10-year (2008–2017) mean from time series of MODIS
MOD/MYD13Q1 product. 1-NDVI+ISA parameter is simple,
based on commonly used and available data and it conveniently
combines information on vegetation and surface impervious-
ness. Group A consists of stations for which the 1-NDVI+ISA
parameter has values below 0.50, group B—0.50–0.70, group
C—0.70–0.90, and group D—0.90–1.10. The station considered

as “urban reference” (Hoza) has the 1-NDVI+ISA parameter of
1.41—much higher than all other stations.

All of the parameters presented in Table II were calculated
within a buffer of 250 m around the stations in the longitudinal
and latitudinal directions. The roughness height for momentum
(z0) was calculated using a relationship equal to 0.1×mean
height of roughness elements [52]. Z0 was calculated by means
of digital surface model (DSM) which included vegetation. SVF
values and LCZs were adopted from [49].

E. oAUHI/oSUHI Relationship for Statistical
Modeling of mAUHI

The first step in this part of the research was to test three
versions of the linear regression model. First, we tested a simple
linear regression model (SL) with a directional coefficient and
intercept taken directly from the observations of oAUHI and
oSUHI. Second, we applied an ML using oAUHI and oSUHI and
time series of NDVI values for each station. Third, we applied
a simple linear regression model with an iterative procedure
(MSL). The iteration was changing a directional coefficient of
the regression function in order to obtain the best fit of the
mAUHI. The intercept was kept constant and adopted from the
SL. For each case, mean bias error (MBE), root-mean-square
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TABLE III
OBTAINED CC, OAUHI, AND OSUHI VALUES FOR ALL STATIONS PAIRS

error (RMSE), and mean absolute gross errors (MAGEs) were
calculated. MAGE was used as a measure of mAUHI fitness.

All three models (SL, ML, and MSL) were applied only for
the station group A, which gave the highest UHI intensities and
CC for oAUHI and oSUHI time series (see Section III-C). The
regression model that gave the best results for UHI intensity pre-
diction (lowest MAGE errors) was applied for further analysis
for other station groups—B, C, and D. Such an approach allows
an analysis of the effectiveness of the proposed methodology in
a practical application.

In Sections III-C and III-D, the statistical models were cal-
culated in loops. For the case of a single station, any given
model (SL, MSL, or ML) was built using the average directional
coefficient and intercept calculated for four remaining stations.
The mAUHI errors were calculated for each station using the
actual oAUHI. Such an approach gave mAUHI error statistics
for all 20 stations grouped into A, B, C, and D (see Tables IV
and V).

III. RESULTS

A. Relationship Between AT and MODIS LST

The nature of direct in-situ measurements of AT is very
different from the satellite remote sensing approach. The rela-
tionship between remotely sensed radiative surface temperature

and kinetic AT is even more complex for urban areas especially
when the differences in the spatial resolution of satellite observa-
tions and source areas for in-situ measurements are considered.
Nevertheless, surface and ATs are physically related. Passive
thermal satellite observations are possible only when the sky is
cloudless. Under such conditions, surfaces convectively heat up
the air masses above.

Given the characteristics of the in-situ stations that were
utilized, it is important to prove the relationship between the
measured AT and MODIS LST. Fig. 2 shows a scatterplot for
the relationship between those two types of temperature, on the
basis that only pixels closest to the ground stations were taken
into account. A strong, linear, direct relationship between LST
and the in-situ AT was, therefore, proven (see Fig. 2).

B. Relationship Between oAUHI and oSUHI

Using Hoza station as an urban reference, oAUHI and oSUHI
were calculated using all other stations considered as the second
item of UHI pair (see Table III). In general case, the AUHI
phenomenon becomes less significant with increasing distance
from the city center [49]. Here, the distance from the city center
was not addressed. The 1-NDVI+ISA was utilized as a primary
parameter for the analyses.

We note gradual changes both in the values of CC and oAUHI
and oSUHI for all of the stations’ groups A, B, C, and D. In each
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TABLE IV
RESULTS OF UHI STATISTICAL PREDICTION USING THREE REGRESSION MODELS FOR THE STATION GROUP A

TABLE V
RESULTS OF UHI STATISTICAL PREDICTION USING MSL FOR STATION GROUPS B, C, AND D

case, the intensity of oAUHI is higher than of oSUHI, which is
probably connected with the differences in source areas for AT
and LST measurements.

The gradual increase in oAUHI and oSUHI intensities is
accompanied by a gradual increase in the CC values, which
describe the strength of the linear relationship between oAUHI
and oSUHI. In general, the less urbanized the surroundings of the
second item of UHI pair are, the higher the oAUHI and oSUHI
values are.

The most apparent (as compared to other groups) differences
in the thermal characteristics between Hoza and group A imply
the highest oSUHI and oAUHI values for such pair. Artificial
urban surfaces have higher thermal inertia than surrounding
natural or seminatural areas. Moreover, natural areas are abun-
dant with vegetation, which increases absolute humidity. Hence,

the cooling rate of the natural areas is much higher than of the
urbanized areas, which can cause near-ground AT inversion after
sunset (cooler air masses are beneath warmer masses). Such a
process is most apparent when there is no cloud cover—and only
in such conditions, satellite measurements of LST are possible.
This explains the highest oAUHI and oSUHI values for group
A and Hoza location. Consequently, CC observed for this pair
is also the highest.

When Tables II and III are considered, it can be noted that the
changes in the z0 and SVF values are not proportional to gradual
changes in the CC of the AUHI/SUHI relationship. The z0
parameter was based on DSM data, which included vegetation,
therefore it has high values both for built-up stations (Hoza) and
those surrounded with trees (Kpniz). This also explains no direct
relationship between oSUHI and oAUHI and SVF.
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Fig. 2. Relationship between air and surface temperatures for all available
data samples.

LCZs are one of the most comprehensive classification frame-
works for urban areas [53]. However, the delimitation of specific
classes across the city is a challenge itself [54], [55]. Moreover,
thermal contrasts within single classes are documented [56].
In spite of the fact that we note significant differences in “UA
urban,” “UA rural,” NDVI and ISA values (see Table II), and
oSUHI and oAUHI values (see Table III) for the stations Wloda,
Kamin, Kamio, Bokse, and Orzyc, they were all assigned to
the same class LCZ 5. This might hamper quantitative analyses,
therefore, we prioritized the 1-NDVI-ISA parameter for group-
ing the locations of the in-situ stations.

C. Statistical Prediction of UHI Intensity—Choice of a
Regression Model Based on Error Analysis

Based on the calculated errors, CC and the ratio between
the standard deviation of mAUHI and oAUHI (SD ratio), we
evaluated the modeling results (see Table IV). The closer to 1
the SD ratio is, the lower the errors and the higher CC are, and the
modeling results were considered better. In each case, the SL,
the ML, and the MSL underestimated AUHI values in the case
of station Kpniz and Sulej and overestimated in case of Kobia
and Anton. The SL gave MAGE in a range from 1.55 to 2.15 °C,
referred to as 0.34–0.47 °C of the average AUHI intensity noted
for group A (MAGE/avAUHI ratio) [see Table IV(A)].

The same CC value (0.83) was observed for both Kobia and
Kpniz stations and the MBE values were very different for
those stations: 1.98 and −1.76 °C, whereas RMSE values were
similar: 2.48 and 2.68 °C accordingly. Moreover, MAGE was
very similar: 2.11 and 2.15 °C. Powsi has the value of the ratio
between the standard deviation of mAUHI and oAUHI closest
to 1.

The ML gave slightly better modeling results in terms of
MBE and MAGE and RMSE [see Table IV(B)]. The values
of CC, SD ratio, or MAGE/avAUHI ratio have the same or very
similar values. ML changes the directional coefficient and the
intercept of the regression line in comparison to the SL, but

the difference is not significant within two decimal places (see
Table IV).

When the iterative procedure is applied (MSL), the predic-
tion results are much better compared to SLs and MLs [see
Table IV(C)]. The minimization of MAGE improves the results
in almost every aspect, namely MBE (except Anton station),
RMSE (except Anton and Sulej), and SD ratio (except Powsi
and Kobia). The MAGE/avAUHI ratio was also improved when
the MSL was used—it had the range between 0.28 and 0.36 °C.
Interestingly, all utilized regression models gave very similar
modeling results for Anton station.

The improvements obtained by the ML compared to the SL
are neglectable. Given the fact that the ML requires additional
data (NDVI time series) and that the MSL gave the best modeling
results, we chose the MSL for further analyses.

To maintain the brevity of this article, the MSL results for
station group A are only presented in Table IV.

D. Statistical Prediction of UHI Intensity for Station
Groups B, C, and D

In general, increasing urbanization of in-situ locations con-
sidered as the second item of UHI pair causes approximately
directly proportional decrease in mAUHI errors (see Table V).
Group A [see Table IV(C)], which has the 1-NVDI+ISA values
below 0.50 (see Table II), gave the highest errors as compared
to group B (1-NVDI+ISA range: 0.50–0.70), C (1-NVDI+ISA
range: 0.70–0.90), and D (1-NVDI+ISA range: 0.90–1.10).
Lower error values in groups B, C, and D do not indicate a
better MSL performance—it can be easily explained by lower
AUHI intensities obtained in those groups (see Table III). This
is confirmed by the MAGE/avAUHI ratio (see Table V), which
is the lowest for group A, higher for groups C and B, and the
highest for group D.

To better assess the ability of the MSL to reproduce AUHI
intensity, we prepared a set of scatterplots presenting the rela-
tionship between mAUHI and oAUHI for the station, for which
the MAGE error was the lowest (see Fig. 3).

It can be noted that the scatterplots presented in Fig. 3 are
compliant with findings based on Table V. The MSL calculated
for the Kobia station (group A) gave the highest values of R2

(coefficient of determination) and CC. In this case, there are few
outlaying points, but their overall scatterplot indicates a decent
MSL performance.

However, when the degree of urbanization was increased
(stations Legio, Liman, and Orzyc), the modeling results were
worsened. The number of outliers was increased and the point
clouds were not aligned with the regression line. This is con-
firmed by much lower values of R2 and CC.

IV. DISCUSSION

A. Comments on the Obtained UHI Intensities in Light of
Previous Works Conducted for the City of Warsaw

The previous studies that investigate Warsaw’ SUHI intensity
that used a comparable sensor, in terms of its spatial resolution,
are very scarce. Using the “urban-other” indicator [51], Gawuc
[57] documented a nighttime SUHI intensity of 2.1 °C using a
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Fig. 3. Scatterplots of the mAUHI/oAUHI relationship.

single MODIS image. Temporal composites were a subject of
the latest study for the city of Warsaw [14]. 15-year mean SUHI
intensity based on LST temporal composition was documented
of at least 1 °C. Such values are in line with our results.

The previous investigations, based on AT daily minimum
values (which may occur not at the same time on the analyzed
posts), have shown that AUHI in the center of Warsaw compared
to Chopin Airport meteorological station in the years 2011–2012
was of 1 °C stronger and of a bigger spatial extent than in the
years 2001–2002. In 2011–2012, yearly average AUHI reached
2.5 °C in the city center, but in chosen days, it reached 10 °C
[50], [58], however, it concerned the differences between the
lowest 1-h means noted at the given station and airport station.

The other analysis of daily AT minimum values (the lowest
hourly mean of 24 h–which in general presents nighttime AUHI)
in the years 2008–2014 has shown 3.0 °C yearly mean difference
between city center and suburban areas (Kobia and Powsi) and
over 3.5 °C between the city center and forest clearing (Kpniz)
outside Warsaw [59].

In this study, the oAUHI was, in general, of higher values
(see Table III), mainly because of different method to calculate
oAUHI intensity. Minimum daily AT usually occurs in the early
morning, but not always. Sometimes under low air pressure
systems or in frontal zones moving over Warsaw the minimum
AT may occur at completely different hours. In the current study,
oAUHI was based on 10-min averages of AT and calculated
in a point-by-point manner for all of the stations at the same
moment. This is the main reason why mean yearly oAUHI in
the years 2008–1017 reached 5.1 °C (Hoza-Kpniz). Moreover,
as the overall degree of urbanization and imperviousness have
increased in the city of Warsaw, we anticipate that the mean
background urban AT might have risen as well. It would make
sense, since neither the closest surroundings of the measuring
points nor SVFs have changed in the analyzed period. However,

to confirm this, additional studies would be necessary, what
exceeds the scope of this article.

B. Documented AUHI and SUHI Investigations by Means of
the Simultaneous Ground and Remote Sensing Data

Sheng et al. [30] concluded that AUHI and SUHI intensities
are very different and cannot be compared. This might be caused
by the fact that they used specific UHI indicators [53], namely
“magnitude,” “range,” “urban–rural,” and “urban-agriculture.”
Those indicators must be considered as a different approach for
UHI quantification as compared to our approach. We used direct
measures of UHI estimation, namely “temperature at urban point
minus temperature at rural point” subtraction. This allowed for
a consistent analysis of the AUHI/SUHI relationship. Sun et al.
[60] documented low differences between simultaneous AUHI
and SUHI (“2 K predominantly”). The majority of the obtained
MAGE errors in our study are comparable to or lower than
2 °C (see Tables IV and V). However, as the AT in [60] was
not measured directly, their results are not directly comparable.
The equation is given by Zhang [34] that binds AUHI with
the product of 1/a∗SUHI is basically a form of a simplified
linear regression model. This equation assumes that AUHI and
SUHI have always a linear relationship. This—as presented in
our study—is not fully true, because decent results of mAUHI
were only obtained for specific station pairs, namely those with
the highest urban–rural contrast in terms of urbanization (Hoza
and station group A). Therefore, we comment that the equation
given by Zhang et al. [34] is true in specific cases, but it is
oversimplified in general case.

One of our findings is that the urbanization has an apparent and
approximately directly proportional impact on the relationship
between oAUHI and oSUHI. Such a conclusion seems very logi-
cal since the highest oAUHI and oSUHI intensities are observed
when the “urban–rural” pair consists of the most urbanized
urban station and the least urbanized the second item of UHI
pair. This is consistent with the previous study of the impact
of rural stations’ locations on AUHI intensities [39], [40]. The
problem of choosing the rural reference is also commented on
in [37]. Moreover, Montávez et al. [61] found that the greater
the difference between urban and rural thermal admittances, the
greater the UHI intensity. These findings are in line with ours.

C. Modeling of AUHI Using Other Methods—Comparison of
Models Efficiency

We can anticipate that our modeling approach is acceptable
only in those cases when error statistics (along with R2 and CC
noted between mAUHI and oAUHI) are comparable with similar
studies. However, UHI investigations that utilize simultaneous
ground and remotely sensed observations are not frequent. Re-
ferring to the literature is difficult given the fact that utilizing
simultaneous ground and remote sensing observations limits
the analyses for the satellite overpasses. Moreover, the overpass
times of Terra and Aqua are not equivalent to the moment when
the maximum AUHI or SUHI typically occurs (in the after-
noon). Nevertheless, we compare our results with previously
documented to draw a background for the final conclusions.
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Theeuwes et al. [39] obtained the R2 coefficient between the
modeled and observed AUHI (their Fig. 7) equal 0.65, which
is comparable with R2 presented in Fig. 3(a) (0.69) calculated
for the station Kobia. However, corresponding RMSE in this
study (1.45 °C—Table IV) is slightly higher than the one doc-
umented in [39]—0.91 °C. It is important to comment that the
diagnostic equation proposed in the mentioned study is much
more complex as it takes into account many more parameters
than the MSL, which is based on AT and LST observations
solely. The statistical models based on several parameters were
able to explain 75% of the AUHI variance in the study of [37]
and in 85% in the study of [41]. Results presented here are
comparable, yet slightly worse or moderately worse. In contrast,
the R2 coefficient obtained in [38] explained 42% of the AUHI
variance, whereas R2 obtained here was higher in case of Kobia
station [0.69—Fig. 3(a)] and comparable to R2 for Legio station
[0.39—Fig. 3(b)]. However, the analyses presented in [38] were
not limited to satellite overpass time, which limits comparison
with our results. In the study of [6], Bottyán and Unger were able
to effectively (errors lower than 0.2 °C were obtained for 57%
of city area) predict AUHI intensity. Even though, in the current
study, each station group represents a different area of the city,
a precise comparison of [6] findings with ours would exceed the
scope of the current article. However, since the lowest modeling
errors obtained were of higher values (MAGE = 1.18 °C and
RMSE= 1.45 °C for Kobia station—Table IV), we can comment
that the more sophisticated model of [6] using much more input
parameters provided better modeling results. On the other hand,
in the study of Hjort et al. [62], the simpler model (generalized
linear model) gave better results than the more complex model
(boosted regression tree). In [63], thermal satellite data are used
for nonurban AT prediction, but the obtained model errors (0.9–
1.4 °C) are comparable to those of our study. The documented
R2 equals 0.84 in [32] is higher than presented here, however,
Majkowska et al. [32] used Landsat 5 LST data for prediction
of urban AT, not AUHI intensity—similarly to [62].

Considering the literature review, we conclude that satisfac-
tory results were obtained only for AUHI measured by the
“urban–rural” station pairs, which consist of the stations with
the highest difference in urbanization. In the case of our study,
this is the stations’ group A, which is utilized as the second
item UHI pair along with the Hoza station as an urban reference
(first item). The proposed methodology gave worse results for
the stations’ group B and significantly worse for the groups C
and D.

To sum up, underlining the limitations of our methodology is
necessary. First, as it was based on instantaneous remote sensing
data collected with sun-synchronous platforms, its practical
application is limited to the time of day comparable to the
moments of satellites overpasses (00:30–1:30 UTC and 20:00–
20:50 UTC. Second, the proposed regression model should be
applied along with satellite imagery of similar spatial resolution
as MODIS. Data from other satellites might give erroneous
results. Third, as we did not include temporal analysis, it is
unknown if there should be any restrictions in applying the model
in certain synoptic conditions. Finally, it should be noted that

any linear regression model (regardless of the method to obtain
necessary coefficients) is an oversimplification of AUHI–SUHI
relationship. The presented methodology is not fit for detailed
local-scale UHI analyses. It can only provide an approximation
of AUHI intensity. Hence, the current form of the proposed
method must be used with care.

D. Potential for Further Analyses

We can speculate that a more complex regression model based
on oSUHI might be a more efficient tool for AUHI prediction.
However, to build such model, a much more extensive analysis
would be needed. First of all, more remote sensing data from
different platforms should be considered. Thermal satellite data
with a higher spatial resolution than MODIS might bring a more
distinctive approximation of thermal environment in specific
urban locations. There are several sensors, which could provide
appropriate data (Landsat, VIIRS, ECOSTRESS, ASTER, etc.).
Airborne thermal measurements might be helpful as well. Such
data could help to understand better the urban LST–AT and
SUHI–AUHI relationships. However, it would be costly and
extremely difficult to obtain such material for Warsaw or similar
cities due to its cloudiness conditions. Also, much more ancillary
LU/LC data would be necessary. Second of all, to extract deeper
insights from much larger datasets, one would need to apply
much more sophisticated statistical analyses.

In this study, there was no seasonal analysis presented. It
would provide a more in-depth insight into the statistical mod-
els’ performance. Nevertheless, the study aimed to analyze if
there is a potential of the oAUHI/oSUHI relationship for robust
statistical modeling. It was proved that there is provided that
certain conditions regarding the station pairs are fulfilled and
that the limitations of the method are understood. However, a
seasonal analysis and application for other cities must be done
in the following publication, which is planned in the future.

Given the fact that wind speed has an apparent impact on
AUHI [2] utilization of this parameter might have been im-
portant in the analysis of AUHI/SUHI relationship. However,
such data are not registered along with AT on the stations
maintained by the Polish Academy of Sciences. As the goal
of our approach was to limit the number of input data, we used
only AT, LST, and NDVI measurements. ISA was collected free
of charge from Copernicus Services. Using those observations
only was sufficient to fulfill the objective of the presented
research.

The proposed MSL is based on an iteration to minimize
MAGE errors. It can be noted that such an iterative procedure
would not be possible for the city with no in-situ observational
network. However, before applying the presented methodology
for the cities with no ground measurements available, the sta-
tistical model should be calibrated by means of an existing in-
situ network in similar urban environments. Nevertheless, the
developed methodology can be applied in other cities for an
approximated AUHI estimation. However, its effectiveness of
such transfer must be analyzed in the following publication.
This exceeds the scope of the presented investigation.
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V. SUMMARY AND CONCLUSION

In this article, the relationship between nocturnal SUHI and
AUHI was applied as a basis for the statistical modeling of
AUHI. The data were collected over 10 years (2008–2017).
The set of 442 MODIS images acquired at a maximum of 35°
off-nadir were selected for the periods of low cloudiness. In-situ
observations were collected for the exact time of the satellites
overpasses, using 21 automatic stations located in various lo-
cations across the city covering different micrometeorological
environments.

Our results showed that the relationship between oSUHI
and oAUHI is strongly dependent on surface imperviousness
(ISA) and vegetation cover (given by NDVI), moderately de-
pendent on the Urban Atlas classes or LCZs and weakly de-
pendent on the SVF and roughness length for momentum.
The strongest linear relationship between simultaneous oSUHI
and oAUHI was noted for those “urban–rural” station pairs,
whose surroundings have the highest differences in urbaniza-
tion, and the highest simultaneous oSUHI and oAUHI intensi-
ties observed. The oSUHI/oAUHI linear relationship decreases
gradually with the increasing urbanization of the surround-
ings of the stations considered as the second item of UHI
pair.

Three modeling approaches were compared and simple linear
regression based on iterative minimization of the MAGE errors
was utilized for prediction of mAUHI for all of the stations in
all groups. The minimal MAGE errors for each group were
obtained for stations: group A: Kobia (1.18 °C), group B:
Legio (1.19 °C), group C: Liman (0.84 °C), and group D:
Orzyc (0.59 °C). The ratio between group average MAGE of
mAUHI and group average oAUHI was lowest (0.31 °C) for
the stations group with the least urbanized surroundings (group
A) and it is approximately directly proportional with increasing
urbanization of the surroundings of the stations considered as the
second item of UHI pair (0.38 °C—group B, 0.47 °C—group C,
and 0.54 °C—group D). We conclude that the simple regression
model (with the iterative procedure for minimization of MAGE)
describing the oAUHI and oSUHI relationship is capable of
providing satisfactory results for the approximated prediction
of nighttime AUHI. However, the statistical model must be
built using the station pairs with the highest differences in
urbanization possible.

Our methodology, as an alternative for more complex ap-
proaches, might be useful for an approximate AUHI estima-
tion for the cities with no AT observing network. Further
work is planned to generalize the presented methodology for
other cities including seasonal analysis of the statistical model
performance.
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